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Abstract

In computational intelligence, the term ‘memetic algorithms come to be associated with the algorithmic
pairing of a global search method with a local search metlhod sociological context, a ‘meme’ has been
loosely defined as a unit of cultural information, theialoanalog of genes for individuals. Both of these
definitions are inadequate, as ‘memetic algorithm’ is gpecific, and ultimately a misnomer, as much as a
‘meme’ is defined too generally to be of scientific use.this paper, we extend the notion of memes from a
computational viewpoint and explore the purpose, definitidesjgn guidelines and architecture for effective
memetic computing. Utilizing two conceptual case studiesillustrate the power of high-order meme-based
learning. With applications ranging from cognitive sciet@wenachine learning, memetic computing has the
potential to provide much-needed stimulation to the field e@fmputational intelligence by providing a
framework for higher order learning.

1. Introduction

Over the past several years many hundreds of papers reveligished on the modification and application of
only a handful of core computational intelligence techniqguegamely dynamic programming, evolutionary
algorithms, neural networks, fuzzy logic, and data clusiemethods. Algorithmically, there have been
refinements and crossovers in these categories, such astibedsinamic programming, particle swarm
optimization, evolutionary-trained fuzzy neural networks] hybrid genetic algorithms, resulting in significant
but relatively modest quality and performance gains. Beéybese modifications the pace of new algorithm
design has been stagnant for a period of time, while dmeplexity of machine learning and optimization
problems has grown ever larger with the maturity of theriet, digital media, and the proliferation of data
sources in all aspects of human life.

Meanwhile, advancement in hardware technology has broalgbut affordable and powerful computing
platforms which are more easily accessible. Howevés,clear that increase in computational capacity cannot
even come close to addressing the challenges posed by tp&exitynof problems, many of which are typical
of real-world scenarios(Gaudiot, Kang et al. 2005).oré¢Madvanced and novel computational paradigms,
particularly from the algorithms front have to be champthn The general perception on how algorithms have
managed to keep pace with increasing problem complexity beeydars is depicted in Figure 1. Initially,
algorithms by and large were able to keep up with timeadels of increasing problem complexity. To a certain
extent, the algorithms which typically belong to theegaty of conventional or exact enumerative procedures
were able to surpass the complexity of problems that wgpical of what people were trying to solve.
Subsequently, as the complexity of problems pushes the capdbilis of algorithms, it became evident that
the complexity of problems being addressed began to overwhelaldorithms available. We view the region
corresponding to the convergence and divergence of the curves ras $@ionymous to the era of
computational intelligence techniques. It can be envisdbat in time, the spread between complexity of
problems and algorithms will widen if computational intelfige remains at status quo. There are clear signs
that these issues are in the early stages of beingsaédreln particular, the phase of research should bagutt



emphasis not just on learnipgr se but rather on issues pertaining to higher order learnings i$ta natural
tendency in order to address the demands and challengexbtemps that surface.

The era of computational intelligence to a certain exteanaged to contain the gap between algorithms and
problem. In time, it will become clear that the diyemce between the two curves will continue, as shown in
Figure 1. A more promising outlook as shown by the brdken curve can be achieved and modern day
optimization techniques can rise to this challenge byrparating not just mechanisms for adaptation during
the process of solving an instance of a difficult problémut rather mechanisms of adaptation or more
appropriately learning spanning across instances of probdéeewsuntered during the course of optimization.
While a certain degree of similarity may be drawn when coetpdao case-based reasoning (CBR), such
perceived “experiential” trait similarity in the senattboth encompass mechanisms to draw on “experience”
from previously encountered problem instances is sujrfit/nlike CBR methods which rely on the need for
explicit examples and ranking procedures, optimizationlpr are usually not amenable to such explicit case
by case assessment to yield information that is potentiakful to a search algorithm(Kolodner 1993; Wills
and Kolodner 1994). Rather, a more likely emphasis shoutbebbuilding up of a body of knowledge, more
specifically memes and meta-memes that collectivelgr afapability with a much broader problem-solving
scope in order to deal with the class of problems being ssiette

In 1997 Wolpert and Macready formalized the “No Free LuFioborem” stating simply:

“Any two [optimization] algorithms are equivalent wheheir performance is averaged across all possible
problems.”

Additionally, Wolpert and Macready made the observationithatder to reduce the average cost across a set
of problems and optimizers, one must methodicallyzetiprior or acquired information about the matching of
problems to procedures, givarpriori knowledge gained from experience (Woldpert and Macready 198€)
realizations brought by the No Free Lunch Theorem chartgedesearch focus of the field of computational
intelligence from the design of individual algorithms to design of architectures of algorithms and parameters
optimization. It is in this spirit that the developmefitmemetic algorithms has been motivated (Xin 1999;
Kuncheva and Jain 2000; Francois and Lavergne 2001; KaRalimdakis et al. 2001; Lee, Lau et al. 2001;
Milano and Roli 2004; Ong and Keane 2004; Krasnogor anch&05; Ong, Lim et al. 2006).

Taken alone, current methods tend to be overwhelmed Ige ldatasets and suffer from the curse of
dimensionality. A new class of higher order learning algoré are needed that can autonomously discern
patterns in data that exist on multiple temporal and spstékes, and across multiple modes of input. These
new algorithms can be architectures utilizing existingthods as elements, but to design these architectures
effectively, some design principles should be explored.
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Figure 1: An abstract comparison on state of optinomatfirom the
perspectives of problems and algorithms complexity.

Ultimately, the curse of complexity cannot be wholly avdidéAs the size or dimension of the problems
increases, a greater amount of computation becomes ngctesdimd high quality solutions. However, such
computation need not be done on the fly, meaning at the éxecthat a problem is presented. If a memory



mechanism is provided that can store and retrieve prdyioged or generalized solutions, then computation
can be shifted into the past, greatly reducing the amoucbmputation necessary to arrive at a high quality
solution at the time of problem presentation.

One of the major drawbacks of evolutionary algorithms and otatipnal intelligence methods in general is
the solvers employed usually start from zero inforargtindependent of how similar the problem instance is to
other instances the method has been applied to in thdrpaéfiect, the optimization methods typically do not
incorporate any mechanisms to establish inter-instareraory. This property is useful for comparing different
computational intelligence methods and in some cases, parycwhen computation time is not an issue, the
capacity to draw on memory of past instances solved is Uesaa it allows the search to be more focused, thus
leading to solutions that would not otherwise have been foffietently. It is also worth noting that many real-
world problem domains are composed of sub-problems thdiecanlved individually, and combined (often in a
non-trivial way) to provide a solution for the largeoblem (Lenat and Guha 1989; Shahaf and Amir 2007).

In some problem instances, such as large instances dafvire parity problem, it is nearly impossible to
stochastically arrive at a complete solution withoutizitiy generalized solutions for small instances of the
problem (Koza 1989). Itis simple to evolve a functioat performs even parity on 2 bits using only the logical
functions AND, OR and NOT as primitives, but extremelyfidift to evolve a 10-bit even parity function
without anya priori information as the space of all possible solutions imémsely larger, and even the best
known solution is complex. By simply defining the generait2<®R function (the even parity computation
for 2 bits), the optimization method has a higher préibgalof combining instances of XOR to arrive at an n-bit
even-parity function, greatly accelerating the optimizatiacess.

In the game of chess, humans start at the top, and soleeessive sequence of smaller, tractable problems to
arrive at a move. However, the learning procesofom-up - a human player of chess first learns the legal
moves of every piece, and then combines those general mpakilitees into strategies, strategies into tactics
and those tactics combine with the tactics of the opposenyeplto form a high-level view of the game as a
whole. At each level optimization and generalizationpadormed to pass information up and down the play
hierarchy. However, this natural progression is not ctdte in the methods that we utilize to computationally
approach problems of this scale. The typical approactnibinatorial optimization, where a sequence of low-
level moves is statistically analyzed in order tovarrat a plan of play. As a whole, this is a computatipna
intractable problem, and it does not even come closesembling the way humans play chess. Additionally,
the skills learned in chess may translate across sel@mains as general problem solving skills. The ability to
translate knowledge from one domain to another imghiesrecessity of meta-learning or learning about how or
what to learn — in order to recognize similar probleaiuees in disparate environments and scenarios.

The remaining of this paper is organized as follows. Section 2 giverief outline of the classes of brain
inspired memetic computing. In Section 3 we discusscantpbare between schema and memes, in particular
their roles in learning. Section 4 gives an architetfuaanework for computing with memes and meta-memes,
exposing some important issues in the design of systetihdigher order learning capability. Two examples,
the even parity in Section 5 and travelling salesman probieSection 6 are studied to illustrate the concept of
learning that spans across instances of problems. ctioB8&, we conclude this paper.

2. Brain Inspired Memetic Computing

While Darwinian evolution has been a source of inspiration for ssabd algorithms for problem-solving,
memetics has served as a motivation for problem-solviclgnigues with memetic algorithms being the most
prominent and direct manifestation of the inspiratibnrecent years, there has been a marked increase in
research interests and activities in the field of Mem&lgorithms. The first generation of MA refers to hybrid
algorithms, a marriage between a population-based géelath (often in the form of an evolutionary algorithm)
coupled with a cultural evolutionary stage. The first gernamati MA though it encompasses characteristics of
cultural evolution (in the form of local refinement) in thearch cycle, may not qualify as a true evolving
system according to Universal Darwinism, since all ¢hee principles of inheritance/memetic transmission,
variation and selection are missing. This suggests whiethe MA stirs up criticisms and controversies among
researchers when first introduced in (Moscato 1989). Theal design issues (Nguyen, Ong et al. 2007)
include i) how often should individual learning be apgliii) on which solutions should individual learning be
used, iii) how long should individual learning be run, iv) whaiximum computational budget to allocate for



individual learning, and v) what individual learning methodr@me should be used for a particular problem,
sub-problem or individual.

Multi-meme (Krasnogor 2002), hyper-heuristic (Kend@bubeiga et al. 2002) and meta-Lamarckian MA (Ong
and Keane 2004; Ong, Lim et al. 2006) are referred teesnsd generation MA exhibiting the principles of
memetic transmission and selection in their desigrufdg, Ong et al. 2008). In multi-meme MA, the memetic
material is encoded as part of the genotype. Subsequémglgetoded meme of each respective individual is
then used to perform a local refinement. The memetic raaisrihen transmitted through a simple inheritance
mechanism from parent to offspring. On the other hand, in Hyganistic and meta-Lamarckian MA, the pool
of candidate memes considered will compete, based @n ghst merits in generating local improvements
through a reward mechanism, deciding on which meme to be skteqteoceed for future local refinements. A
meme having higher rewards will have greater chances of beitigated or copied subsequently. For a review
on second generation MA, i.e., MA considering multiple vittlial learning methods within an evolutionary
system, the reader is referred to (Ong, Lim et al. 2006}evolution and self-generation MAs introduced in
(Krasnogor and Gustafson 2004) and (Smith 2007) are descrilddugen, Ong et al. 2008) as 3rd generation
MA where all three principles satisfying the definitions obasic evolving system has been considered. In
contrast to 2nd generation MA which assumes the pool of meniesused being knowapriori, a rule-based
representation of local search is co-adapted alongsidedeamdolutions within the evolutionary system, thus
capturing regular repeated features or patterns in the praiplace.

From the 3 classes of MA outlined, memes can be seereasanisms that capture the essence of knowledge in
the form of procedures that affect the transition of smhst during a search. The level of participation or
activation of memes is typically dictated by certain inthea performance metrics, the objective being to
achieve a healthy balance between local and global sekfemes instead of being performance-driven should
be extended to include capacity to evolve based on the snapspatblem instances. In the process of solving
a repertoire of problem instances, memes can culebvaded on the recurrence of patterns or structures. From
basic patterns or structures, more complex higher leveitstas can arise. In this regard, a brain inspired meta-
learning memetic computational system, consisting of @mizer, a memory, a selection mechanism, and a
generalization mechanism that conceptualizes memes not jhat tie scope of a problem instance, but rather
in a more generic contextual scope is appropriate. Saith tvhich are lacking in thé“3generation MA can
serve as the basis of"4generation class of MAs. The reader is referred tbleTd for a summary of
generational description of Memetic Algorithms. The summahoabh by no means exhaustive should serve
as a useful guide on the classifications of the vati@its of existing MA research.

Classes Characteristics Example systems

i) A Canonical MA (Moscato 1989)

i)  Adaptive global/local search (Hart 1994)

iii) MA for Combinatorial Optimization (Langl
1998)

iv) Handling Computationally Expensije
Problems (Ong, Nair et al. 2003)

v) Multiobjective  Permutation  Flowshop
Scheduling (Ishibuchi, Yoshida et al. 20(3)

vi) Fitness Landscape Analysis of MA (Meyz

2004)
1% Global Search Paired with Local Search vii) Robust Aerodynamic Design (Ong, Nair|et
Generation al. 2006)
viii) Evolutionary Gradient search (Arno|d
2007)

ix) Large-Scale Quadratic Assignmgnt
Problem (Tang, Lim et al. 2007)
x)  Evolutionary Lin-Kernighan for Traveling
Salesman Problem (Meuth and Wungch
2008)
xi) Dynamic Optimization Problem (Wang,
Wang et al. 2009)
and many others.




i) Nurse Rostering Problem (Burke, Cowlihg
et al. 2001)
ii)  Hyper-heuristic MA (Kendall, Soubeiga pt
al. 2002)
iiiy Structure prediction and  structufe
comparison of proteins (Krasnoggqr,
Blackburne et al. 2002)
iv) Meta-Lamarckian MA (Ong and Keairje

2004)
Global Search with Multiple Localv) Multimeme MA (Krasnogor and Smith
2 Optimizers. Memetic  Information 2005)
Generation| (Choice of Optimizer) Passed [ovi) Adaptive Multi-Meme MA (Ong, Lim e
Offspring. (Lamarckian Evolution) al. 2006)

vii) Multimeme Algorithm for Designing HIV
Multidrug Therapies (Neri, Toivanen et &l.
2007) I

viii) Agent-based Memetic Algorithm (Ulla
Sarker et al. 2007; Hasan, Sarker et]al.
2008)

ix) Diffusion Memetic Algorithm (Nguyen
Ong et al. 2008)

and several others.

Global Search with Multiple Locali) Co-evolution MA (Smith 2007)
Optimizers. Memetic Informationii)  Self-generation MA (Krasnogor ard

3d (Choice of local Optimizer) Passed |to Gustafson 2004)
Generation| Offspring. (Lamarckian Evolution). A
mapping between evolutionary trajectgry
and choice of local optimizer is learned

Mechanisms of Recognition, Unknown
Generalization, Optimization, and
Memory are utilized.

4th
Generation

Table 1. Generational descriptions of memetic algorithms.

The mammalian brain exhibits hierarchical self-similaritshere neurons, groups of neurons, regions of the
brain, and even whole lobes of the brain are connectedallgt@nd hierarchically. Biological neurons are
particularly well suited to this architecture; a singleuno@ serves as both a selection and learning
mechanism. A neuron only fires when it receives signifiggnit from one or more sources, and thus serves as
a correlation detector. Additionally, it learns bydifging the weights of its inputs based on local information
from firing rate, as well as global information from ttfeemical environment. Thus neurons activate when they
encounter patterns that have made them fire beforeasndble to adapt in delayed-reward situations due to
global signals.

In laterally connected architectures, neuron groups can pravidéunction of clustering, as active neurons

suppress the activity of their neighbors to pass their imdtion down the processing chain, providing both
selection and routing of information. The effect of this c@léy is that biological neural architectures route a

spreading front of activation to different down-streartwoeks based on the similarity of the features present in
the pattern of activation to previously presented patteds the activation front passes each neuron, the
synaptic weights are changed based on local informatiothe firing rate of the neuron, the chemical

environment, and the features present in the signal thatai@et the neuron, slightly changing how an

individual neuron will respond at the next presentation obpadt(Beinenstock, Cooper et al. 1982).

Connected in loops, neurons provide short-term memory, ocestrol and create temporally-delayed
clustering. Combining loops and lateral connectionseseml levels of neuron groups (groups of neurons,
groups of groups, etc) the neural architecture is ablexhibie increasing levels of selection, memory, and
control. This is exactly the architecture that we seédénhuman cortex — a single cortical column contains
recursion and lateral inhibition, and these cortical colkiare arranged in a similar way, progressing in a fractal
learning architecture up to the level of lobes, wher¢iges of the brain are physically separated (Johansson



and Lansner 2007). This fractal architecture is sinmibathe Nth-order meta-learning architectudescribed
later in Section 4.

The brain inspired meta-learning memetic computationatesy is thus regarded here as a 4th generation
memetic computational system. The novelty of the proposed-lestsing memetic system is highlighted
below.

i. In contrast to the 2nd generation memetic algorithms, tisene ineed to pre-define a pool of memes
that will be used to refine the search. Instead memetearned automatically - they are generalized
information that passed between problem instances.

ii. Since it satisfies all the three basic principlesrogurolving system, it also qualifies as"ageneration
memetic computational system. Unlike simple rule-baspdesentation of meme used in co-evolution
and self-generation MAs, the brain inspired meta-learniegnetic computational system models the
human brain that encodes each meme as hierarchies afataréurons (Johansson and Lansner
2007). With a self-organizing cortical architecture, medningformation from recurring real-world
patterns can be captured automatically and expressed in hieghngested relationships. A human
brain stimulated by the recurrence of patterns, builds bithresd hierarchical structures upward. The
structure starts from the sensory neurons, through lefetortical nodes and back down towards
muscle activating neurons.

iii. There exists a memory component to store the systemé&rgezed patterns or structures of previously
encountered problems - these elements could be thoughnhoéraes.

iv. Selection mechanisms are provided to perform associagbmeen problem features and previously
generalized patterns that are likely to yield high-quaésults.

V. Meta-learning about the characteristics of the problemtisduced to construct meta-memes which
are stored in the selection mechanism, allowing higheéer learning to occur automatically.

Vi. Memes and meta-memes in computing are conceptualizddgioer-order learning as opposed to the
typical definition of local search method used in allwweks in memetic algorithm.

3. Schema-Meme Relationship

A genetic algorithm learns by passing schema (the gendticniation of individuals) from generation to
generation. Through natural selection and reproduction, usdiehsta proliferate and are refined through
genetic operators. The central concept of learningaisahthe schema — a unit of information that is developed
through a learning process (Holland 1975; Rumelhart 1980;2B01). The typical ‘memetic algorithm’ uses
an additional mechanism to modify schemata during awiohail’s ‘lifetime,” taken as the period of evaluation
from the point of view of a genetic algorithm, and thdinesment is able to be passed on to an individual’s
descendants. The concept of schemata being passable hedtaasors or thoughts are passed on is what we
term as memes — a meme being a unit of cultural inform&liopchy and Punsch 2001; Ong and Keane 2004;
Smart and Zhang 2004; Ong, Lim et al. 2006). Thus, memredbe thought of as an extension of schemata —
schemata that are modified and passed on over a learningsprotlowever, this distinction is a matter of
scale. In a learning method, the current content of theesentation could be called a schema, but when that
information is passed between methods, it is more apptelyri@garded as a meme.

This is analogous to the sociological definition of a méB@wkins 1989). In this form, a meme may contain
certain food preparation practices, or how to build a homehich side of the road to drive on. Within the
individuals of a generation, they are relatively fixed, thay are the result of a great deal of optimization,
capturing the adaptations resulting from the history of a soci&hese cultural memes are passed from
generation to generation of the population, being slightly refatedich step — new ingredients are added to the
cooking methods, new building materials influence constroctmffic rules change, etc. The mechanism that
allows this transformation is that of generalization @@04995; O'Neill and Ryan 1999; O'Neill and Ryan
2001). To communicate an internal schema from one ithdi¥ to another, it must be generalized into a
common representation — that of language in the case of humary sdidiet specifics of the schema are of no
great importance, as they would mean very little toralividual other than the originator due to the inherent
differences between individuals. For instance, a descrigtiche precise movements necessary to create a
salad, such as the technique used to slice tomatoesasidleituce, is less important than the ingredients and
general process of preparing the salad. Thus the salgm ieca meme, a generalized representation of the
salad, but the recipe alone is insufficient to produces#ti@éd. The salad recipe is expressed only wherpiitis
through the process of preparation, of acquiring and preparingdhédual ingredients, and combining them
according to the salad meme.



A meme may be thought of as generalized schema. Scharateefined for an instance; memes are
generalized to the extent of being transmissible betweanlem instances. To resolve the potential confusion
that may arise, we put forth a loose definition of themtéMemetic Computation” — a paradigm of
computational problem-solving that encompasses the constructien coimprehensive set of memes thus
extending the capability of an optimizer to quickly derive a smutd a specific problem by refining existing
general solutions, rather than needing to rediscover sadutiogvery situation.

4. A Framework for Higher Order Learning

A meta-learning system should be composed of 4 primary comgoreart optimizer, a memory, a selection
mechanism, and a generalization mechanism, shown in Figureeselection mechanism takes the features of
a given problem as input, and performs a mapping to eakitin the memory that have an expected high
quality. The memory stores previous or generalized isokitencountered by the system, and passes selected
solution(s) on to the optimizer. The optimizer perform<ipieation and modification of solutions to optimize
a given specific problem instance, while the geneatitm mechanism compares the resultant solution with
existing solutions in memory, and either adds a new solutiomagtifies an existing solution. In memetic
computation terms, the optimizer generates or modifies mente schema, and then the generalization
mechanism converts the schema back into memes for storagariorgn The selection mechanism provides a
mapping about memes, providing recognition from a problerifsgation to a likely useful general solution,
effectively utilizing internally represented meta-memes.

With these components, the architecture should babtapf exploiting information gained in previous problem
sessions towards the solution of problems of increasinglexity. Integrating a cross-instance memory and a
selection mechanism with an optimization method allows ¢tegnition of a situation and the selection of
previously utilized schema as likely high quality saaticandidates. The optimization process then combines
and refines these solution candidates to provide a golotion much faster than if the method had only random
initial solutions. Once the solution is deployed, thiet®n method is trained to associate the situation
(stimulus) with the solution (behavior) utilizing the fitnéssward) of the solution.

The process described above is itself a learning proaedshus could be augmented with increasingly higher
level memory and selection methods, to allow complegh-order solutions to be found. A sort of fractal meta-
learning architecture of this type may be capable fiaily unlimited problem-solving capacity across a wide
variety of problem domains.

The sequence of learning sessions matters greatly toxgression of complex behavior. By starting with
simple problem instances and presenting successively coonplex scenarios, the problem is decomposed,
allowing solutions from sub-problems to be exploited, iasieg the likelihood that higher level solutions will
occur. Additionally, by training these simple solution comgds, a wider variety of high-level solutions can
be trained more rapidly. For example, when training @, deaching him to ‘sit’ decreases the amount of
training necessary for both ‘stay’ and ‘beg’ behaviors. sTifianalogous to the automatic construction of a
‘Society of Mind’ as described by (Minsky 1986).

When constructing optimization architectures, an issygdfcular relevance is that of representation — how the
schemata are stored. In population based algorithms schemeatstored as parameter strings, in neural
networks, schemata are implicitly represented as imterection weights, clustering methods store templates for
categories, etc. How these schemata are expressech@abyt their meaning) is dependent on the expression
structure. In genetic algorithms a string is decoded itt@lgproblem solution, the weights in neural networks
are utilized through weighted summation and passing through aferafunction. This division of
representation prevents the simple utilization of scheenasa solution methods. To get disparate methods to
work together, great care must be taken to modify both metbadsize the same schema, which has been the
subject of a great deal of research (Koza 1991; Angefia8;1Merz and Freisleben 1997; Nguyen, Yoshihara et
al. 2000; Abramson and Wechsler 2001; Baraglia, Hidalgd. &081; Mulder and Wunsch 2003; Ong and
Keane 2004; Agarwal, Lim et al. 2005; Dang and Zhang 2005).
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First order learning methods consist of a single rilygm that modifies schema to optimize a
system. Individually, all classical machine learninghods fall into this category. Meta-learning or second-
order methods learn about the process of learning, and madifiearning method, which in turn modifies
schema. A simple illustration of a meta-learning archirects presented in Figure 2. In this figure, schemata
are represented as “procedures”, which are stored ironyend\ problem is presented to the architecture, and a
selection mechanism chooses likely valuable schema from membich are then modified to the particular
problem instance. High-value schema are then genetadimd saved back into memory, and the selection
mechanism then learns an association between characseotite problem instance and schema that yielded
positive results.

These second order methods should be able to be combinectiéthmethods or layers to produce third-order
methods and so on to ord¥r as illustrated in Figures 3 and 4. To produce higher ardéhods, information
gained in one problem instance should be utilized to providar@alpsolution to another similar problem
instance allowing the system as a whole to take advaofggevious learning episodes.

5. Even-Parity Example

To demonstrate the principles and advantages of meta-leawgngxamine its application to the even and odd
parity problems, standard benchmarks for genetic pragiaghrand automatic function definition methods
(Koza 1992). We propose a hypothetical genetic programmtgrayutilizing a set of Boolean operators to
construct individuals implementing the even or odd parity funstiOR and XNOR, respectively). We
analyze two cases of the evolution of the three-inputRX@nction, both starting with populations
implementing the two-input XOR function, with and withdké abstraction that is inherent in a meta-learning
system. A third case is presented illustrating the funciilgrafl a simple selection mechanism on the odd-parity
function.

a) Problem Overview

Koza described the even parity problem below.



“The Boolean even-parity function of k Boolean argnts returnsT (True) if an odd number of its arguments dreand
otherwise returndNIL (False). The concatenation of this returned bittte original string making the total string evémnce
even-parity.

In applying genetic programming to the even-pafiipction of k arguments, the terminal Setconsists of the k Boolean
argument0, D1, D2, ... involved in the problem, so that

T={DO, D1, D2, ..}.

The function set F for all the examples herein iasof the following computationally complete eétfour two-argument
primitive Boolean functions:

F = {AND, OR, NAND, NOR, NOT}.

The Boolean even-parity functions appear to bentbst difficult Boolean functions to find via a llimmandom generative search
of expressions using the above function set F hadtérminal set T. For example, even though theeeomly 256 different
Boolean functions with three arguments and one dutpe Boolean even-3-parity function is so diffido find via a blind
random generative search that we did not encouritett iall after randomly generating 10,000,000 exsiens using this
function set F and terminal set T. In addition, #heen-parity function appears to be the most diffito learn using genetic
programming using this function set F and termiseetl T (Koza 1992).”

The odd-parity function is similarly constructed, returningtif an even number of its arguments are true, and
otherwise returning false.

In genetic programming (GP), the genome of an individual iesemted as a tree structure, where operations
are applied at branches, and the leaves are constahisreblem parameters., An illustration of a functional
represented as tree strurture is shown in Figure 5 (K888; Koza 1992). One advantage of GP is that the

results can be easily human interpretable and formalljialde, a quality that is not present in many other
computational intelligence methods (Rosca 1995).
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Figure 5. lllustration of function representation as #teecture.

The even-2-parity function is simply the XOR function, whishitself a composition of the terminal set
functions in one simple possible configuration:

a XOR b = (a OR b) AND (a NAND b)

Using a tree representation, the XOR function is shioviigure 6.



Figure 6. XOR tree representation.

Constructing the even-3-parity function using only these priestis more difficult, but follows a similar
pattern, illustrated below and in Figure 7:

XOR (a, b, ¢) = (((a OR b) AND (a NAND b)) OR c) AN(((a OR b) AND (a NAND b)) NAND c)

Figure 7. Three-input XOR tree representation.

Note that the three-input XOR structure relies on thersdoeiuse of the two-input XOR function, replacing the
‘a' nodes with XOR nodes, and re-assigning the top-levebd®s to be the 'c' variable.

Figure 8. Simplified two-input XOR.

Note that if a 2-bit XOR function is defined explicitly iasFigure 8, the even-3-parity function becomes greatly
simplified, as written below and shown in Figure 9.

XOR(a, b, ¢) = (a XOR b) XOR ¢



Figure 9. Simplified three-input XOR.

b) Case 1 — Non-Meta XOR3 Evolution

Taking a genetic programming system as an example, imaneta learning system, evolution of the XOR3
function must proceed through at least two generationsurfteer expand on our illustration, we consider the
best case scenario whereby all the individuals in the lptipn incorporate the simplified XOR function, as
shown in Figure 10.

Figure 10. Initial non-meta learning XOR2 individual.

As there are 4 leaf nodes out of 7 total nodes, the prolyadiilgelecting a leaf node for crossover; jRs 4/7.
Assuming a uniform population of individuals implementing XOR@&r(slating to a 100% probability of
choosing another XOR?2 individual for crossover) the probalafityelecting the root node of another individual
to replace the selected leaf node is)R/7.

Figure 11. Intermediate step in development of 3-bit XOittion after a single generation.



Then, the evolutionary process must select one of thedpaevel 'b' nodes for mutation from the tree which
has a total of thirteen nodes, thus the probability oécsiely one correct leaf for mutation \ is
2/13. Choosing from the eight possible node types (the camidninof terminal set and functional set), the
probability of selecting the correct 'c' variablg,(Hs 1/8.

At this point the evolutionary reproduction steps are congletad the individual shown in Figure 11 is
evaluated. This partial XOR3 function is not yet conglétut it correctly completes one test case more than
the XOR2 function, which may give it an evolutionarywadtage. Assuming that the individual survives to the
next generation and is again selected as a parent with 10@#bjity, an additional reproduction step must be
completed to yield an XOR3 function.

Now the correct leaf node must be selected for crossbuethis time there is only one node, the 'a’' node at a
depth of three, from the thirteen possible nodes, so tbbapility of selecting the correct leaf node for
crossover (B) is 1/13. Once again, assuming all other individuals irpthygulation still implement the XOR2
function in Figure 8, the probability of selecting the robainother XOR2 individual to replace the leafjRs

1/7. At the completion of crossover, the total numberafes in the tree becomes eighteen. At the mutation
step, the remaining 'b' node at depth three must betesleand the probability of selecting correct leaf for
mutation (R).) is 1/18. Completing the XORS3, the probability of selectimg correct variable from the total set
of node types (?) is 1/8. The completed three-input XOR function is tHated earlier in Figure 9.

Ignoring changes in the population and evolutionary survitgbihe probability of transitioning from XOR2 to
XOR3 in two generations without meta-learning is caleddielow.

Prors_nonmete= PL1*Per*Pmi*Pvi*PLo* PPy Py, = 1.19x 10

where,

P_1 is the probability of a leaf node selection for crossakging the first generation,

P-, is the probability of functional root selection for crossaering the first generation,
Pu1 is the probability of proper leaf selection for mutationimtyithe first generation,

Py1 is the probability of proper variable selection for matraduring the first generation,

P_, is the probability of a leaf node selection for crossakging the second generation,

Pr, is the probability of functional root selection for crossaaring the second generation,
Pu2 is the probability of proper leaf selection for mutationintythe second generation,

Py, is the probability of proper variable selection for mistaduring the second generation.

Note that this ignores the significant influence of relaffifeess, generational selection, parent selection,
probability of application of crossover/mutation operatand population influence and may be interpreted as a
kind of upper-bound on the probability that a two-input XOR irdiial will develop into a three-input XOR
without the abstraction capability of meta-learning.

C) Case 2 — Meta-Learning XOR3 Evolution

In this case we assume a meta-learning system that hadyalearned a two-input XOR function, performed
generalization and added this to the function set ( F = ADIR, NAND, NOR, NOT, XOR2). The probability
that the system will transition from XOR2 to XOR3 @&aulated using only the mutation step.

With a population uniformly initialized with the two-input XOR aad individual selected from this population,
illustrated in Figure 8, the probability of selectmdeaf node for mutation (Pis 2/3 as the simplified XOR tree
has only 3 nodes, and two of them are terminals. Havingtedla terminal, the probability of selecting the
XOR2 function from the node set of six functions and thezeninhals to replace the leaf node:)(Fs 1/9.
Assuming a recursive mutation process, two new leaf nodes Ime selected, and they must contain variables
not yet used by the tree to produce a three-input XOR. fdimbility of selecting the correct terminal node is
1/9, and this process must be repeated twice, so the pigbabselecting two correct terminal nodes,JHs
(1/9¥ or 1/81. Using only one generation the three-input XOR can béogexkin a meta-learning system.

Probability of XOR3 from XOR2: B3 meta= R *Pe*Py = 0.000914

where,
P_ is the probability of a leaf node selection for muatati



P- is the probability of XOR2 function selection for mutatio

Py is the probability of proper leaf selection for mutation.
Note that using meta-learning, the three-input XOR can alsar @dgth a crossover and a mutation, where the
non-meta learning system must utilize two full generatiolso note that though the size of the functional set
has increased, the number of changes necessary to place afbaymron the probability of a three-input
XOR occurring has been substantially decreased, allottiagevolutionary process to focus on high-level
changes.

Thus in a large population, the XORS3 function may occur imgles generation with a meta-learning system,
where a non-meta learning system must take at leastgemeration and probably many thousands of
evaluations to evolve an XORS3.

d) Case 3 — Selection and Odd-Parity Evolution

To demonstrate the advantages of the complete meta-legmuogdure, we first present the 2-bit even-parity
problem to a theoretical meta-learning system, then thié @ld-parity problem, and finally the 3-bit even-

parity problem. The selection mechanism shall have 2 snpuhe first is activated only when the system is
operating on the even-parity problem, the second is adiivatdy when operating on the odd-parity

problem. Initially, the memory is empty, so the optimizenitialized with random solutions.

Presented with the even-2-parity problem, the optimizer caitautesulting solution that performs the XOR
function — “D0O XOR D1”, where DO and D1 are the Boolearuargnts of the input. This function is passed to
the generalization mechanism, which removes the abseligieences to the Boolean arguments, replacing them
with dummy variables ‘A’ and ‘B’, resulting in the funatidA XOR B”. This generalized XOR function is
then added to the memory, making the function availabéepasnitive. The functional set becomes:

F = {AND, OR, NAND, NOR, NOT, XOR}.

The selection mechanism is updated to learn an assodigtiaseen the active ‘even-parity’ input and the new
memory element. At this point the procedure and differenagptimization would be no different than if the
optimizer were operating without the rest of the meganing architecture.

Next, the odd-2-parity problem is presented, the ‘oddyddriput is activated on the selector mechanism, and
having no other elements to select, the sole item imong (the generalized “A XOR B” function) is selected to
initialize the state of the optimizer. The optimizeplaces the dummy variables with references to the Boolean
arguments and begins optimization. As only a small modificais necessary, the addition of the NOT
primitive function at a high-level to create an XN@kction, the optimizer has a high probability of quickly
finding a perfect solution to the odd-2-parity problem. Thited8 from a randomly initialized optimizer as
there would be a lower probability of finding a good solutidue to the need to explore more
modifications. Once the meta-learning optimizer finds #olution, the generalization, memory insert, and
selection training steps are repeated for the XNOR function

F = {AND, OR, NAND, NOR, NOT, XOR, XNOR}.

Finally, the even-3-parity problem is presented to théad®arning architecture. The selection ‘even-parity’
input is activated, and the associated XOR memory eleisemnsed to initialize the optimizer state. The
optimizer replaces the XOR dummy variables with argumeiérences, and begins the optimization
process. The optimizer need only make the relativelyl sinange of cascading the XOR function to produce a
3-input XOR function, where a raw optimization functiortheut a memory or selection method would need to
evaluate and modify many combinations of the original 5 fonati primitives to arrive at a good
solution. Thus the meta-learning architecture should be tabl@rrive at high-value solutions rapidly by
exploiting previously generated solution to construct hegrel solutions.

In this example the memory component stores generalizetiost to previously encountered problems - these
elements could be thought of as memes, as they areosslutiat are passed between problem instances. The
selection mechanism performs association between probléungeand solutions that are likely to yield high-
value results. By not only providing the input data to theblem, but additional meta-data about the
characteristics of the problem, the meta-learning awthite can construct meta-memes which are stored in the
selection mechanism, allowing higher-order learning to oaatomatically.



6. Traveling Salesman Problem

The Traveling Salesman Problem (TSP) is a standard comb@aiptimization problem used for the design
and evaluation of optimization methods (Lin and Kernighan 19V8ng, Maciejewski et al. 1998; Nguyen,
Yoshihara et al. 2000; Baraglia, Hidalgo et al. 2001; TsangYet al. 2002; Applegate, Cook et al. 2003;
Mulder and Wunsch 2003; Wunsch and Mulder 2003; Tsai, Yang 20@4; Dang and Zhang 2005; Xu and
Wunsch 2005; Agarwal, Lim et al. 2007; Nguyen, Yoshiharal.2007). TSP optimization algorithms have a
wide range of applications including job scheduling, DNAuseging, traffic management, and robotic path
planning. To further illustrate the capabilities of thetarlearning design paradigm, an example is presented
using instances of the TSP.

To apply meta-learning to the TSP problem, the schemaeoprtbblem must be identified. Here the schema
takes the form of the ordering of points in a tour. Thetemtdof a clustering method to divide and conquer the
TSP has been shown to greatly accelerate the solution oSthéMeuth and Wunsch 2008). With this addition,
the overall schema for the optimizer consists of the coatipn of cluster templates, tour point ordering, and
the locations of points. This schema must be generalzeuete a meme, which is trivial for the cluster
templates, but more challenging for the tour orderingpamnts’ locations. The problem is further complicated
by the necessity to generalize tours to be applicableroukiple scales.

For this application, a meme consists of a small otb&er, containing small, limited number of points. To
generalize the meme, the centroid of the group is calcudetgdubtracted from each point, making the centroid
the origin of the group. The coordinates of each point areritbenalized by distance from the origin. This
projects the points into unit-space, and allows comparisassamultiple scales. Each TSP-meme serves as a
pre-optimized tour template. Each point in the TSP-meamerepresent a real point in the problem instance, or
the centroid of a group of points, itself represented byeme.

Given an instance of the TSP, the meta-TSP algorithm w@ibizelustering method to divide the problem into
sub-problems, and divides those sub-problems into sub-sub molaed so on, until a threshold for sub-
problem size is reached. The relationships betweempmaiilems are recorded in a tree-representation. Each of
these sub-problems is generalized, and compared agengtcorded memes for existing solutions.

The recognition mechanism must be able to detect structsiadilar sub-problems. For this experiment the
matching mechanism compares two normalized sub-problemsnbing the nearest corresponding points
between the memes, and calculating the mean squared erroeibéiese points.

If a match is found in memory, the existing meme-solutrpdint ordering) is copied to the current sub-
problem, and the sub-problem updates the meme by refininglate point positions. If no match exists in
memory, the sub-problem is solved as accurately as pasbiile a small enough problem threshold, exact
solutions to sub-problems can be found, depending on computagsoairces available. The sub-problem is
then stored in memory as a new meme. After all thepsoblems are solved, they are combined into a global
tour by collapsing the problem-tree, and utilizing a se(n) merge algorithm as detailed in (Mulder and
Wunsch 2003).

To illustrate this process, an example is given utilizisgrgple instance of the TSP, shown in Figure 12. A first
pass of clustering is shown in Figure 13. Note that cldg8contains many points, and that a single point has
been left out of the clusters for illustrative purposessefond pass further divides cluster M3 into clusters M5,
M6, and M7, as shown in Figure 14. The final clustering pasgns all clusters to a global cluster, M8, in

Figure 15. The hierarchy of clusters, and therebymsablems, is denoted by the cluster tree in Figure 16.

At this stage, each sub-problem is optimized independeaglghown in Figure 17. Note that some of the sub-
problems contain references to other sub-problems, plariz M3 and M8. The centroids of sub-problems are
utilized for optimization and solution, representing sub-problama whole. During the course of optimization,
each sub-problem is normalized, and compared with prelyi@@mputed, normalized solutions in the memory.
These memes can be stored across instances, buildingealitznary of pre-computed solutions that can be
deployed to yield high quality solutions rapidly. Sub-proideof a global problem instance can be thought of
as new problem instances, and pre-computed solutions thaemeeated during the calculation of a global
instance can be applied across sub-problems.

For example, the normalized versions of M2 and M4 would be \erjas in structure, and once M2 is
computed, the structural similarity of the sub-problemsldibe recognized, and the ordering of points for M4



need not to be computed, only copied from M2 to M4. Same process applies across scales and global
problem instances.

Figure 13. TSP Instance after first clustering passchEluster initializes a meme, labeled with “M#” ant-a
denoting the centroid.

Figure 14. Second clustering pass. Note the new cluMérdyl6, and M7.



Figure 15. Final clustering pass, with global cluster M8

Figure 16. Tree of sub-problems (clusters)

Figure 17. Completed memes, M1 through M8. Super-clusééerence the centroids of sub-clusters. Note that
memes M2 and M4 are similar in structure, but not scale.



Figure 18. Memes M5, M6, and M7 are merged into M3.

Figure 19. Memes M1, M2, M3, M4 are merged into M8

Figure 20. Completed tour.

When all sub-problems are completed, the problem hieyasccollapsed by de-referencing sub-problems and
incrementally merging them with higher level tours. Tkisécomplished by choosing the closest set of two
vertices in the sub-problem to any two vertices in the hitgheel tour. To avoid an Ofhoperation, a small
neighborhood of vertices from the super-tour is chosesed on proximity to the centroid of the sub-tour. This
neighborhood of super-tour vertices is compared to each viartbg sub-tour to find the best match. A result
of this merge operation is illustrated in Figures 18 B&d Figure 19 shows the final merge of all complete sub-
tours into a final tour. The completed tour is shown in Fig@re



The computational complexity of the proposed method is expéxtee very efficient aO(n log(n))improving
with linearly decreasing complexity as the library of-ppgimized solutions grows, decreasing the amount of
optimization to be performed on a given TSP instance.

The qualitative performance of this method is the subjefiitofe development. The algorithm presented here
serves as an example of meta-learning driven design, poxaing mechanisms of memory, selection,
optimization, and generalization.

7. Conclusion

The desire for a new and robust computational intelligencealiganaspans many problem domains, including
real time robotic systems which must deal with increasorgplexity on a daily basis, deep data mining such as
natural language processing with applications in informatetrieval and machine understanding, human-
computer interaction, and long-term optimization. Thesw, ncomplex frontiers of machine learning and
optimization could all benefit from the higher order mémedmputing methods described here.

We have presented an overview of important definitions aokitactures in memetic computing and have
attempted to illustrate the power of next-generati@metic algorithms. The primary difficulty of designing
meta-learning systems lies in the construction of valaesmvariant representations which enable the simple
construction of selection, generalization, and memory mesmeni By providing generalization, memory,
optimization, and selection mechanisms, a meta-learaiobitecture can operate on high-level features of a
problem instance, selecting generalized solutions thet baen used previously with high utility in the problem
context. Utilizing these features, a system shouldbbe ta learn not only the solution to a problem, but learn
about solving problems. Such a system may enable a quantyingae performance of real-world adaptive
systems as they provide the central components of metaihadapétems to be constructed.
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