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INTRODUCTION

Since its beginning, about 35 years ago, reskkacmne
Learning has centered on problems of impeangl
descriptions specific facts (training examples).

A question that | will explore today is wheltlogls nfat
Inducing such descriptions can be useful fasdaa xRk,
for determiniggecific fac?s

An answer to this question will be providedidriogns
evolutionary computation as a methodology &imge

specific facts (individuals, problem solutipns, etc
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Darwinian Evolution

In his prodigious treatise

published in 1859, Darwin conceived the idea ¢latution
species Is governed by:

A century later, computer scientists adoptedribavaiution as
model of computation, which has proven to akeleapple wic

range of problems, and constitutes a foundag @omtfempora
field of evolutionary computation.
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Assumptions Behind Darwinian Model

Individuals are holders and transmitters @&nitasr
material to the offspring; their life experiemate
passed to the next generation

Evolution proceeds through semi-random mad
of genotypes by mutations (asexual reproduzbo
recombinations (sexual reproduction); it notogu
any “external mind”

The evolution progresses to more advancec
according to the “survival of the fittest .”
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Lamarckian Evolution and Baldwin Effect

Before Darwin formulated his theory, Jean-Bapasbk,
French naturalist (1744-1829), advanced theatidgait:

learned during the lifetime of an individualtcarsindted
the offspring’s genome

Many scientists accepted, however, the Idea hef
mechanism through which learned traits migoe ieflakeitio
namely, the so-calBaddwin effe@aldwin, 1896).
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Darwinian Evolutionary Computation

The Darwinian-type evolutionary computation@®anrdas
a general-purpose parallel search process:

It starts with a population of solutions

The Individuals In the population are modithdnQg
operatorswvhich are typically various forms of mutalions
recombinations

New solutions are evaluated using a fithess, fandtibe
“best” ones are chosen, throsgleation methddr the next

generation
The process Is repeated utaih@nation condii®met
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A General Schema of
Evolutionary Computation

t:=0
Create an initial population P(t) and evalisateffitisandividuals.

o= el

Select a new population from P(t) based on thod iridesduals
P(t) .= Select(P(t-1)

Generate new individualshiayge operataos: P(t) := Modify(P(t))

Evaluate fitness of individuals in P(t)

If P(t) satisfies tte@mination condifi&ND; otherwise g@.to
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Advantages of Darwinian-type
Evolutionary Computation

The change operators are typically certain fottaions
and recombinations, which are easy to impleraasy am(
execute using all kinds of data structures

These operators can be applied without knowliege
problem domain

Consequently, Dawinian evolutionary computédiaminas
very wide range of applications, including rdangf k
optimization and search problems, automaticnpnggr
engineering design, evolvable hardware, gantg
machine learning, and many others.
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Limitations of the Darwinian-type
Evolutionary Computation

The Darwinian-type evolutionary computatiormisbl
process executed in parallel:

the mutation Is a random, typically small, modificatsamgie
solution

the recombination (crossover) is a semi-randomasoofonvatio
more solutions

selection is a form of parallel hill climbing

The generation of new individuals Is not guidayg
principles learned from past generations, tial iaral erra
process

Consequently, Darwinian evolutionary compntstiom e
not very efficient.

10
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Modeling Nature May not Lead
to the Best Technological Solutions

The field of evolutionary computation has falloovey
practiced tradition of looking to nature fdotgcalngolution

The imitation of bird flying by mythologicarnidabzsedal

or German aeronautical engineer Otto Lilienthalanahon
models employing flapping, bird-like, wingl/ @eaegsles
such efforts

In seeking technological solutions, the e
approach frequently does not lead to the beeneggmsul

Modern examples of successful solutions nog Iinatat
Include automobiles, airplanes, rockets, coetputers,
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Intellectual Evolution

The evolution of technology and other humams aeas
not follow the Darwinian model of biologiacahevolut

Such an evolution Is guided by humans who

advantages and disadvantages of previous saatitms)
use the findings to develop new solutions

Due to sucimtellectual evolutidime process of evolving
automobile, airplane or computer from thee probiypes
to modern forms was astonishingly rapid, takandeyus
human generations.
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Modeling Intellectual Evolution: LEM

An attempt to implement the intellectual evatube@en
undertaken ihearnable Evolution Mo@&MN, which
employs machine learning to guide the evoproocrasy

The central idea Is to “genetically engineedividuals
(solutions) by hypothesis formation and Iiosta

operators, rather than by random mutations
recombinations

The Initial idea of LEM was introduced at gteateigpti
Learning Workshop (MSL '98) in Desenzano diafgard
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Basic Idea of LEM

The fundamental difference between LEM and n
evolutionary algorithms is in the way it geresvatesividuals

Specifically, at each step of evolution, LEM\selegbups
iIndividuals from a populationH{g®umnd thd.-groughat

consist of high performing and low performidgals
respectively

A machine learning program determines a geo#naki
discriminating between the H-group and L-group

The hypothesis Is then instantiated in variotis g&ysra
new individuals.

This process Is repeated until a termination isatisfied.
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Two Forms of LEM

The general form of LEM encompasses two versions:
uniLEM and duoLEM
The uniLEM version generates new individuals heme

generation only by hypothesis formation andtiosian
stops whelbEM Termination Condisiomet

The duoLEM generates new individuals eithestbgsik
formation and instantiation (Machine Learningomioyis
mutation and recombination (Darwinian Evoltdiggiisl
between the two modes, switching to another emoc
Mode Termination Condiganet.
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Major Issues In Implementing LEM

How to select H-group and L-group?

What machine learning method to use?

How to use hypotheses to generate new solutions?
Which method to use in DE mode (in duoLEM)?
How to define the LEM stopping criterion?

How to cope with continuous variables (when using a
symbolic learning method)?
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Selection of H- and L-group

Fithess Profile Function

Individuals

Population-based method
Fithess-based method




Learning Method in LEM:
The AQ Natural Induction Program

In principle, any learning method can be used in LEM

In our first implementations, we employed AQ tleairag seve
features particularly useful for LEM:

Generates descriptions that are easy to instantiate
Descriptions are compact and easy to understand

(due to attributional calculus (AC) that hasshigisentation power than conve
decision rules or trees, and facilitates rduateinipn

Small syntactic changes in descriptions create to snatsamngas
The degree of description generality can be eadiiyl contr

It has an easily modifiable multi-criterion degcalityomeasure
Learned descriptions can be matched flexibly agaiest exam
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An lllustration of Input and AQ-generated Ouput
At One Step of LEM Evolution

[X1=6..7] & [x2=6..7] & [x3=7..8] & [x4 > 6]
(t=38; u=38;g=0.8)

Note:

The values In the conditions of the rule al
are symbols representimangesof original
values of these variables, not the va
themselves.

The ranges were determined by aheaptive
anchoring discretizationmethod, calles
ANCHOR(Michalski & Cervone, 2000).
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The ANCHOR Method:

Adaptive Anchoring Discretization

When LEM is applied to problems of optimizoctmpra dt
large number of continuous variables, a prebasan ho
to discretize these variables.

To avoid the problem of insufficient precis@mpoe@sion,
method of ANCHOR was developed that dynanptsling
precision of the variables to the needs oflém.prob

It produces consecutively more precise diseestdhadl a
rounded to the nearest whole numbers (“anchors”)
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Generating New Individuals:
Proportional Instantiation

New individuals are generated by instantiaBnyeaikd
by the learning program in various ways

The Instantiation of variables that do not odtlar
hypothesis is done by a random selection girga@rdsn
the training examples

The number of Individuals generated from a
proportional to thde fithesxefined as the sum of fitng
values of individuals covered by the rule.
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LEM’s Power Is Due to
a Progressive Reduction of the Search Space

| | 1* generation |  |Jj 2" generation i 34 generation



Related Research

Cultural algorithmrsynolds, 1994; Rychtyckyjand Reynolc
1999, 2000; Saleem and Reynolds, 2000, Rychtyckyplaisd Z0€)\i)

They use high performing individuals to dev&dambsiraining the
way In which individuals are modified by genetrs.operato

Population-based Incremental LeaRg
(e.g., Baluja, 1995; Baluja and Caruana, 1995).

PBIL creates a real-valued probability vector cingrautgnifitness
solutions. Experiments have shown that PBIL maynosiigoenttod
genetic algorithms on some problems, and undesrpsoimarothers
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Related Research (cont)

Muhlenbein and Paas (1996) estimate the prodadtyt
functions of binary variables in their chromosgothes
product of the individual probability densmysunct

Pelikan and Goldberg (1999) developed an algQrah
(Bayesian Optimization Algorithm) that extendem edxo
by using Bayesian Networks to model the chronobs
superior fithess.

Similar work has also been performed by Larrane
Lozano, 2002 (Spanish group), who has given tE® £
(Estimation of Distribution Algorithms) to thecast
estimation approach to EC.
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EXPERIMENTAL STUDIES

Study 1: Function optimization

1A Using LEM1: Q. Zhang, RSM

1B Using LEM2: G. Cervone, RSM

1C Using LEM3: J. Wojtusiak, RSM (in progress)

Study 2: Non-linear filter design
Using LEM1: M. Coletti, T. Lash, C. Mandsager,
R.S. Michalski and R. Moustafa

Study 3: Engineering design
Using ISHED1 for optimizing heat exchangers
K. A. Kaufman and R. S. Michalski in collabdratiksiwit
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ES: Evolution Strategy

A Darwinian Evolution Program Used in the Expésimen

Data points are vectors of real values

New individuals are created by:
selecting variables for mutation with the prolhawlitgrd. is the

vector length

mutating attribute values according to a Gaussiomistrivhich
the mean is the value being mutated, and the déaratteod is a
controllable parameter

Using binary tournament selection method

(Individuals in the parent population are sefettedy and their fithess is compared witbsheffitando
chosen new individuals. The winning individoes lzeneember of the new population and thenthosiog
Is deleted. The process lasts until the lisinofividuals is empty.)
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Study 1B: Function Optimization

LEM2 was applied to a wide range of f
optimization problems and its performance
compared to that of ES (Evolution Strategy p
on the same problems

LEMZ2 was also applied to problems for which
known results were published on the web

What Is shown In the next viewgraphs Is
sample of fairly typical results
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Functions Used In the Experiments

Rosenbrock

Guassian Quartic

Rastrigin

Shekel’s
foxholes
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Rosenbrock Function

From a collection of functions by Dr De Jong

(9= (1081 X7 +(x-1)

This function represents a very co
minimization problem. It has a very ng
ridge. The tip of the ridge is very sharp,
runs around a parabola. Algorithms thg
not able to discover good directions
perform in this problem. The functio
plotted here on a very small interval.
function looks symmetric but it IS not.
minimum is found when all the variable
equal to 1. It grows very rapidly as
variables move away from 1, and it is
difficult to show the asymmetry.
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Results from LEM2 and ES in Optimizing
the Rosenbrock Function of 100 Variables

LEVR vs. ES- Rosenbrock Function
100 Variables - Each curve is the average of 10 runs
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The Rastrigin Function

n

Ragx;,%,.X,) =n*10+ (x~ - 10*cos@* o* X))

=1
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Minimizing the Rastrigin Function of
100 Variables by ES, PGA and LEM?2

Rastrigin Function of 100 Variables

Each curve is the average of 10 runs
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LEMZ2’s Results vs. the Best Results
Published on the Web

In this experiment, LEM2 was applied to probidmes fc
best known solutions were published by the mictmde

Evolutionary Computation community on the moersite
URL.:

The website Is maintained by Leo Lazauskas from tjge
Department of Applied Mathematics, Universityds, A
South Australia
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LEMZ2 vs. GA
Minimizing the Sphere Function of 30 Variables

Minimization of the Sphere Function
30 variables

—e— LEM2

—#8— Traditional
GA (from
WEB)
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An Important Result:

Advantage of LEM Grows with the Complexity deR®b
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Evolution Speedup vs.Execution Speedup

In all experiments, LEM2 used fewer evalugtishsbiti generating individuals in
more computationally costly than in Darwini@mawoalgorithms (DEA)

To evaluate the tradeoff, let's define thegfobbonapts:
Evolution lengthL, is the total number of births in thereuylytiocess
Evolution timegT, is the total computation time of evolptmreayes
Evolution speedup of LEM/BHBA ratio of evolution lengths of DEA and LEM
Execution speedup of LEM/EXBA ratio of evolution times of DEA and LEM
Evolution time, Fof algorithm A, can be approximated by:
ET,= (Tn + T)EL €y
where ], is the average time of generating an individgi@rdevolutionary process executed

algorithm A, TS the average evaluation time of an indivali), iarthe evolution length of

algorithm A. It can be assumed thet T, where d (in)) stands for a DEA afd T,), stand:
for LEM.
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Execution Speedup LEM/DEA

Experiments have shown thakHtl. Theexecution speedlss, of LEM over DEA
be expressed as:

ES = ((F + T)EL)/((§ + T)EL)
where J, and E} are the generation time and the evolutionagf Bagthand, &nd
EL are the same quantities for LEM.

After making appropriate transformations,vilvgy fappproximate condition is deri
T.to achieve the execution speedup of LEM/DE#anehter

T, > T/k - T4 ©))
where k denotes the evolutionary speedup ofr [EMAOve

According to (3), JisTnegligible, the execution speedup of LEMAE=greater than
if T4 > T,/k, that is, if LEM's generation time dividedelpldfionary speedu
smaller than the DEA generation timg># T, T, (the fitness evaluation ti

significantly larger than both DEA and LEMogemaiet), then, according to (
execution speedup will converge to the evoltemtarny: ESKk = E|/E|
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Execution and Evolution Speedup, LEM/ES,
In Optimizing Rastrigin Function of 100 Continuoiailes
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Initial
Most recent population

development: —
LEM3 | vt nawviuai

v
Prepare representatiq

saceor AQ21
Select H-group
and L-group
. Create a new
- Adjust discretizatio

Instantiate learned
and parameters hvoothesis
- Start Over yp

- Mutate individuals

Stopping
condition LEM 3 is being

developed by Janusz
Wojtusiak




For Those Interested

For publications on the LEM methodology asdnr
function optimization, seev.mli.gmu.ealick on
“Papers,” and look for papers with LearnabnEv(

Model or Non-Darwinian Evolution in the title.

The U.S. patent on LEM No. 6,518,988 wamsiss
February 11, 2003.
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An Exploratory Application to
Heat Exchanger Design

To test LEM on a real-world problem, we appliad
complex engineering design problems, spedidic:
optimizing heat exchangers

The problem Is to design heat exchangers witi

capacity under given technical and environmsinéahisc
(such as the size of the exchanger--the number dlibewsantl
the number of tubes per row In the exchangeaigdénantefised,
outside air temperature and humidity, the fiaclwafigh the hes
exchanger, etc.)

This research was conducted in collaboratione
National Institute of Standards and Technology (NIS
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Heat Exchanger

The way the
refrigerant flows
through the
evaporator’'s
tubes strongly
affects the unit’'s
cooling capacity
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Problem Description

Changing the order of the tubes affects theoalns
efficiency, as it will affect the temperat@aiofpissing
over the evaporator and of the refrigerant dvavinreg
air's heat

The search space for such an optimization ¢askatan
well over 20designs, many of which are infeasible

Designs are evaluated by a numerical simulator

Changes in the environmental conditions majlydrastic
affect the efficiency of a given evaporatoratmmfigu
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ISHED21 Architecture

Candidate
Architectures

Selected
Architectures

Candidate
Architectures

Evaluations of
Architectures
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Approach

Eight structure modification operators were dedigneollaboration
with a domain expert.

Example: SPLIT(SP, ARhere SP is split point, and AP is the applicptior

- p 2 ——Pp 6 —p

performing designs from worse ones, and then udagthlesss tc
suggest new designs.
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An Example of ISHEPRuUN

Population Size: 15 Generations: 40
Operator Persistence: 5 (# of unsuccessftibtisNs operator)
Mode Persistence: Dar-probe=2 and Learn=probe=1

Generation 1: Initial Population
Structure #1.3:

17120342262482
372339254127434

(15 structures total)
Selected Members.2, 1.3, 1.6, 1.7, 1.9, 1.20, 1.26, 1.30,3633,36

Operators:NS(23, 39), SWAP(8), SWAP(28), SWAP(19), SWW&’F(37)S SWAP(40), SWAP(4
SWAP(15), SWAP(25), SWAP(7), SWAP(36), SWARRZ25) SSWAP(1)

10 28 27 15 16 3219358887 40 942 11 4 13 45 30 48 34 35 36
29 30 AT

§)
6
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Next generations

Generation 2: Conventional Evolution mode

Structure #1.13:

1712034226248261028 2715 16 329DB8F7 40 942 11 4 13 45 30 48 34 35 323
39254127 43 46 29 31°47:

(15 structures total)
Selected Members: 6, 15, 11, 3, 13,1, 1006512, 13,1, 3

Generation 5: Machine Learning mode
A learned rule:

[X4.X5.X6.X7.X8.X9.Xx11.x12.x13.X14.x15.x1 ROIRIUOK22.X23.X24.X25.X26.X27 .Xx28.%x29.x3(
2.X33.X34.x35.x36.X37.X38.X39.x40.x41.x42 48X48KR7 . x48=reqgular] & [x10=outlet] & [k1
(t:7, u:7,9:1)

An example of generated structure:
Structure #5.1171234567891229453031 118 3238 24 20 26 42 11 27
13 15 47 48 34 35 19 37 21 39 23 41 25 43 14 23 16
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Final Step

Generation 21:

Structure #21.17518416357891213451531133123924 20 42 25
11 44 30 46 3247 34 19 20 37 21 23 38 41 26 23 P8 48 16: Capacity=5.538

Finally, ISHED1 achieves:

Generation 40:

Structure #40.18317241456978122946454711 223824 3 42 43
44 27 131532 16 18 11 19 37 21 32 23 25 3H 26 28 48 31:
(The highest capacity in this run:

~13% improvement)
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Longer Experiments Produced Better Designs
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Summary of Results from ISHED1

ISHED1 was tested with different sizes and diffeveipaterns in h
exchangers

In the case of uniform airflow, ISHED1 designsmwarabt® to be
expert designs

In non-uniform airflow, ISHED1’s designs werel éyathateollaborat
expert from NIST as better than commercial designs

NIST gave these results a high evaluation is ramgpt&HED1
Industry.

Forthcoming paper on this work:

Piotr A. Domanski, David Yashar, Kenneth A Kaufmdr Riyshkals
“An Optimized Design of Finned-Tube Evaporatotise Usaagnah
Evolution Model”, will appear in Intemational Journal of Hejq
Ventilating, Air-Conditioning and RefrigessargliR@004
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An Evolution of Evolutionary Computation:
An Analogy to the Development of Al

Phase 1 TABULA RASA

The development of universal, domain independelst thredthaere
closely related to the principles Darwinian evolution

Phase 2 NEED FOR DOMAIN KNOWLEDGE

Introduction of domain knowledge Iin the form eoh-qrebtec
representations and operators that modify theseategmesent

Phase 3EVOLUTION SHOULD LEARN

Introduction of learning methods that allow tiom&woprocess to le:
from past successes and failures
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Comparing Darwinian and LEM Approaches
with Domain-specific Problem Solutions

Performance
Domain-specific

The LEM Hypothesis

I"#$ % & ' . !
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Summary

LEM attempts to model intellectual evolutidhaathietogical evolutiq

It generates theories about the “right” directmutioheand uses th
them to guide evolution

The effect of Machine Learning mode is frequeylyjsartum leaps
the fitness function

In every experiment conducted so far, LEM has eulpbdoteste
evolutionary computation algorithms in termsottitibe @ngthequentl
achieving evolution speedups of two or mod ardgrstude).

The price for these advantages is a higher complgxothes
generation and instantiation operators

LEM appears be particularly useful in applicatiahidonaah fitne
evaluation is time-consuming or costly, such as veryiimpéed)
problems, engineering design, fluid dynamics, wmpug edeh/ab
hardware, etc.
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Planned Work

Completion of the new implementation, LEM3

Development a methodology for handling
constraints

Development of constructive induction capal
LEM

Integrating LEM as an operator for desi
optimization within the VINLEN system for k
mining and decision support .
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For more information seeaV\WW.MIl.gmu.eddr contact:
Ryszard S. Michalski

www.mli.gmu.edu/michalski

LEMZ2 and IAQ can be downloaded from
, Select software
LEMS3 will be downloadable when completed.

For assistance on LEM programs, contact
Janusz Wojtusiak:

For assistance on I1AQ, contact
Jarek Pietrzykowski:
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