Analysis of Coevolutionary Algorithm Progress Measures

Sean Luke George Mason University Computer Science Department Fairfax, VA 22030 sean@cs.gmu.edu

R. Paul Wiegand George Mason University Computer Science Department

Fairfax, VA 22030 paul@tesseract.org

Abstract

The task of understanding the dynamics of coevolutionary algorithms or comparing performance between such algorithms is complicated by the fact the internal fitness measures are subjective. Though a variety of techniques for employing various kinds of external or objective measures exist to help with analysis, there are clearly properties of fitness payoff (e.g.: intransitivity) which call certain methods into question in certain contexts. Moreover, the terminology which describe these measures is often unclear and inconsistent. We present a detailed description of what kinds of measures exist, when they should or should not be used, and what relationship properties of external measures have with respect to properties of fitness payoff. Additionally we are able to identify when certain classes of payoff methods imply that particular kinds of coevolutionary algorithms to behave precisely as a traditional EA, in terms of its dynamics

1 Introduction

2 Background

2.1 Coevolutionary Algorithms

Some intro discussion describing coev...examples, lit cites, etc.

In order to give some context for our discussion, it is necessary to provide a baisc framework for modeling coevoluitonary algorithms. Since we will be focusing entirely on single population coevolutionary algorithms, the high level the model is similar to existing abstract descriptions of evolutionary algorithms (Vose, 1999). However, we are further restricting ourselves to the class of algorithms which use non–parametric selection methods. In these cases, selection only considers the rank of individuals based on fitness, rather than their actual raw fitness values. As such, the model in equation 1 is slightly modified to illustrate that it is some ranking function which is of interest to us in terms of our questions regarding CEA dynamics. Thus a single population, coevolutionary algorithm can be described by a dynamical system in which the map function is defined as a composition of some variation operation (M ), selection operation (S), and some ranking function (R ) as follows:

G = M ∘ S ∘ R (1)

For now let us abstract fitness assessment and usage, the remainder of the article will provide increasingly more detail regarding how this may be done in different practical circumstances for the purposes of external measursment. Much effort will be spent attempting to clarify how and when external fitness assessment methods may be used and compared.

However, in a coevolutionary algorithm internal fitness assessment is subjective by its very nature. When comparisons to internal subjective fitness are important, we model CEA fitness assessment in an evolutionary game theoretic way (Ficici and Pollack, 2000; ?). This means that, assuming an infinite population size and complete mixing (i.e.: each individual is paired with every other individual in the population, including itself), aggregate subjective values for genotypes can be obtained as follows:

⃗u = A⃗x (2)

Translating to the game–theoretic terminology, genotypes represent different playing strategies and A specifies the payoff matrix that describes what each strategy gets when it plays some other strategy. Since populations are infinite, ⃗x ∈ Δ^n represents a point in the unit simplex. This means that all component values of the vector must be between 0 and 1 (inclusive) and that the sum of all components of the vector must be exactly 1. In other words, a strategy receives a utility which is a weighted sum of the payoffs it receives from playing the other strategies in the population.

2.2 Types of Coevolution Progress Measures

Since the early days of coevolutionary algorithms, researchers have been trying to get a handle on how to measure the true progress of coevolutionary algorithms. Almost always some kind of measurement external to the algorithms dynamics are needed. For instance, Cliff and Miller (1995) uses several methods (frequently involving acestrial history of individuals) as an external method for attempting to detect when pathological dynamics such as cycling occurs. Additionally, similar methods using order statistics have been employed in order to determine the conditions under which arms races can occur (Ficici and Pollack, 1998).

These methods are subjective, in the sense that the fitness of individuals are contextually dependent on other individuals. They are different than the actual fitness used by the algorithm, however, because they are external to the algorithms dynamics. There are other external progress measures which have been proposed which are objective, as well. For instance, many optimization oriented problems have been charted by using a static (and external) representative sampling set of the strategy space (Rosin and Belew, 1997; Pagie and P., 2000). Additionally, Watson and Pollack (2001) explicitly descirbes an analysis substrate which involves using a known external and objective measure.

Indeed, all of these methods are useful in their own relatively specific, incohesive ways. More importantly, we feel that a clear terminological distinction should be made between these two concepts of objectivity and externality. External fitness measures are measures which do not affect the dynamics of a running algorithm, while internal fitness measures are used directly or indirectly to affect the course of an algorithm’s run. Objective measures are those for in which given individual receives irrespective of other individuals which also contribute to the dynamics of the algorithm, while subjective fitness measures depend on individuals which either currently exist in some population participating in the evolution, or existed at some point during the evolutionary run, etc. Non–coevolutionary algorithms use internal objective measures for fitness assessment, while coevolutionary algorithms use internal subjective measures. Cliff and Miller (1995) CIAO methods are external but subjective, while Watson and Pollack (2001) makes use of external measures which are truly objective.

The problem with many subjective external measures is that while they may help one understand the dynamics of a given run of the algorithm, it isn’t clear how they can be used to compare performances between algorithms. On the other hand, it is often true that we know little about whether a given objective progress measure being used measures behavior which is reasonable to expect from a given algorithm in which we have some vested interest. Moreover, objective measures based on sampled sets depend on how representative those sets are true teaching sets (and assume such exist) (Rosin and Belew, 1997).

Although these different progress measurement methods for CEAs serve different purposes, there are at least two important characteristics one would like out of such a measure in cases where some kind of optimization is being attempted. First, the measure should give us some indication of an algorithm’s performance in terms of the optimization problem we want to solve. Second, there should be some reason to believe the measure is somehow connected to the problem the real dynamics of the algorithm. For example, suppose we are coevolving game players for the game of Go in such a way that strategies are coded in some binary representation. We could apply an external objective measure which simply returns the OneMax value of the bit string. Suppose further that in the end, the result we really ultimately wanted was to maximize the number of ones in the string. One could argue that this objective measure was reasonble since it captures our desired optimization problem, but in another sense it is unreasonable for us to use this measure because there is no reason to believe that our algorithm is behaving in such a way as to perform this optimization.

While this may seem like an extreme example, it underscores one of the fundamental problems with coevolution: it is not always easy to know what optimization problem is being solved (or even whether the algorithm is optimizing at all). Moreover, given some objective measurement of the algorithm, it isn’t necessarily clear how appropriate it is for measuring what is really going on under the hood.

2.3 Applications of Coevolution Progress Measures

I am thinking we should remove this...since I think it might come off better rolled up into the above discussion...

3 Properties of Objective Measures

3.1 Relationships to Payoff

While it isn’t clear how any single population coevolutionary algorithm can be monitored in an objective way which is meaningful for the purposes of understanding the progress of the algorithm, it is evident that reasonble objective measure for certain classes of such algorithms are clearly possible. Our proposition is that there are properties of the payoff mechanism of CEAs which govern the degree to which a measure can be considered appropriate, or indeed possibly even if there are viable measures.

Before we can begin our discussion in more detail, it will be helpful to establish some basic definitions of properties of payoff matrices, as well as properties of some kinds of relationships between measures and payoffs. To begin with, in our model payoffs values for contests betwen different strategies are described by a payoff matrix (denoted A_{i j}, where i and j indicate specific genotypes).

One payoff property on which the coevolution community has focused has been the issue of transitivity. It turns out that transitivity is not the only important attribute of payoff matrices which make illiciting objective measures difficult, but it is a good place to start. Below is a very strict definition of transitivity. Later we will relax this definition some in order to broaden the scope of our discussion.

Definition 1 A payoff matrix A is strongly transitive if and only if one of the two the following relationships hold ∀i, j such that j ≠ i:

(A_{i j} > A_{ji}) ∧ ( A_{jk} > A_{k j} ⇒ A_{ik} > Aki ∀k ) or (A_{i, j} > A_{ji}) ∧ ( A_{ik} > A_{ki} ⇒ A_{jk} > Ak j ∀k )

Since much of our discussion centers around the notion of rank, one important relationship to understand is the relationship between various progress measures and payoff with respect to rank. To get a handle on such a relationships, we will need to describe when two measures are rank equivalent.

Definition 2 Two fitness measures, f and g are rank equivalent, f ≡ g if and only if there exists an ordering of f and of g over the possible genotpes such that ∀ j,k genotypes:

( f_j > f_k ⇒ g_j > g_k) ∨ ( f_j = f_k ⇒ g_j = g_k)

Ran into some questions that should be discussed...

3.2 Using Objective Measures

3.3 Dynamical Equivalence to Traditional EAs

4 Beyond Objectivity

4.1 Relaxing Property Definitions

4.2 Comparing Algorithms

4.3 Dynamical Equivalence to Traditional EAs

5 Conclusions

References

D. Cliff and G. F. Miller. Tracking the red queen: Measurements of adaptive progress in co–evolutionary sumulations. In Proceedings of the Third European Conference on Artificial Life, pages 200–218. Springer–Verlag, 1995.

S. Ficici and J. Pollack. Challenges in coevolutionary learning: Arms–race dynamics, open–endedness, and mediocre stable states. In A. et al, editor, Proceedings of the Sixth International Conference on Artificial Life, Cambridge, MA, 1998. MIT Press.

S. Ficici and J. Pollack. A game-theoretic approach to the simple coevolutionary algorithm. In M. Schoenauer, K. Deb, G. Rudolph, X. Yao, E. Lutton, J. Merelo, and H.-P. Schwefel, editors, Proceedings of the Sixth International Conference on Parallel Problem Solving from Nature (PPSN VI), pages 467–476. Springer-Verlag, 2000.

L. Pagie and H. P. Information integration and red queen dynamics in coevolutionary optimization. In D. e. a. Whitley, editor, Proceedings of GECCO 2000, pages 1260–1267. IEEE Press, 2000.

C. Rosin and R. Belew. New methods for competitive coevolution. Evolutionary Computation, 5(1):1–29, 1997.

M. Vose. The Simple Genetic Algorithm. MIT Press, 1999. R. Watson and J. Pollack. Coevolutionary dynamics in a minimal substrate. In L. e. a. Spector, editor, Proceedings of theGenetic and Evolutionary Computation Conference (GECCO) 2001, pages 702–709. Morgan Kaufmann, 2001.