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Abstract. Most methods of evolutionary computation follow a Darwinian-type model that proceeds through random mutations or recombina-
tions of the genetic materfalnd natural selection of individuals carried out according to the principle of the survival of the fittest. In such

a model, the creation of new individuals is not guided by any reasoning process or “external mind”, but rather by random or semi-random
changes. Recently, a new, non-Darwinian approach to evolutionary computation has been proposed, called Learnable Evolution Model (LEM]
in which the evolutionary process is guided by computational intelligence. In LEM, a new way of creating individuals is proposed, namely, by
hypothesis formation and instantiation. In numerous experiments, LEM has consistently and significantly outperformed compared conventione
Darwinian-type algorithms in terms of the evolution length (the number of fitness evaluations) in solving complex function optimization prob-
lems. Based on the LEM ideas, we developed a method, called LEMd, which is tailored to problems of optimizing very complex engineering
systems. This article provides a brief description of LEMd and its application to the development of a specialized system, ISHED, for the
optimization of evaporator designs in cooling systems. According to experts in cooling systems, ISHED-developed designs have matched ¢
outperformed the best human designs. These results and those from the experimental testing of learnable evolution on problems with hundre
of variables suggest that LEMd may be an attractive new tool for optimizing very complex engineering systems.

Key words: engineering design optimization, evolutionary computation, function optimization, learnable evolution model, machine learning,
genetic algorithms.

1. Introduction through a reasoning process that involves an analysis of ad-
vantages and disadvantages of past solutions. This analysis is
A popular method for optimizing complex engineering designdone by engineers or designers, and thus engages human intel-
is to apply evolutionary computation, because it can be impldigence.
mented relatively easily and is applicable to a very wide range In LEM, such an analysis is done by a machine learning
of problems. Most methods of evolutionary computation arprogram that looks at the high-fitness and low-fitness individ-
based on the Darwinian model of evolution in which new indiuals (solutions), and applies a machine learning program to
viduals (in this case, designs) are generated by semi-randefeate a general hypothesis that differentiates between the two
change operators, such as mutations and/or recombinatioggups. A new population of solutions is created by instantiat-
and are selected for the next generation according to sorimg the hypothesis in different ways. Thus, unlike Darwinian-
variant of the survival of the fittest principle. The Darwinian-type evolutionary algorithms that create new candidate solu-
type of evolutionary computation is not guided by any “extertions by random mutations and/or recombinations, the central
nal mind” [1], and does not involve much domain knowledgenew idea in LEM is to generate new solutions by hypothesis
Although it has found many engineering applications (e.g., [2fermation and instantiation.
6]), it is not very efficient, because it is basically an unguided  |n all experiments performed so far, LEM has significantly
trial-and -error search. and consistently outperformed all tested Darwinian-type algo-
This paper briefly describes a new approach to enginedithms in terms of evolution length, measured by the number
ing applications of evolutionary computation that is based oof fitness function evaluations needed to achieve a desired so-
Learnable Evolution Model (LEM), a form of evolutionary lution. Moreover, the LEM advantage has increased with the
process that is guided by computational intelligence, speciftomplexity of the problem, as measured by the number of vari-
cally, by machine learning [7]. In contrast to Darwinian-typeables to optimize [8]. These results suggest that LEM may be
evolutionary algorithms that model biological evolution, LEMparticularly useful for optimizing very complex designs, with
attempts to model intellectual evolution — an evolution of huhundreds of controllable variables.
man artifacts [7]. In such intellectual evolution, new genera- The following sections briefly describe LEMd, a method
tions of solutions (designs, systems, artifacts, etc.) are creatbat tailors LEM to problems of optimizing complex designs,

*e-mail: michalski@mli.gmu.edu

1The idea that small random genetic mutations are fully sufficient for producing innovation observed in nature has been recently questioned by some scientist
To resolve this problem in Darwinian model of evolution, a new theory was proposed, called “facilitated variation”, which treats the individual organism not as a
passive object of natural selection but an active player in evolution [1].
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and then describes a specialized program, ISHED, that applies their fithess: H-group containing designs that score highest
LEMd to the optimization of evaporators in cooling systemson the fitness evaluation function, L-group containing designs
The performance of ISHED is illustrated by an excerpt from ¢éhat score lowest, and the rest. The partition of the population

log of a program run. into these groups can be done using different methods. One
method, fithess-based, selects for the H-group designs with fit-
2. An overview of the LEMd method ness above a given upper threshold, and for the L-group de-

2.1. Underlying assumptions. The hypothesis generation signs with fitness below a given lower threshold. The second
and instantiation in LEM can be viewed as “intelligent operaM€thod, population-based, selects high-scoring designs for the

tors” because they do not make purely random or semi-randdihi9"0uP o that they constitute a predefined percentage of the
design changes, but rather innovate designs using hypothe9§§'gns’ and the Iow-scorlng designs for the L-group SO that
created by machine learning. The application of these oper€Y also constitute a predefined percentage of the designs [7].
tors has proven to shorten the evolution length in every experin€ collection of designs from which H- and L-groups are se-
ment that compared LEM with Darwinian-type of evolutionar))ec'[e‘j can be the current _populat|on, oraunion of the _currgnt
computation [8]. It should be noted, however, that these Oﬁl_nd selected past populations. The latter is a.nc.)therd|st|ngU|sh-
erators are more computationally complex than convention4l9 feature of LE_Md' as_compared to DarWInla_n-type evolu-
change operators, such as mutations and recombinations. THaTy computation, as it allows a new population to be gen-

their application in evolutionary computation creates a tradeoffated on the basis not only of the current population, but also

between the evolution length and the complexity of comput&f Past populations. _
tion. The selected H-group and L-group are then supplied to

Because of this tradeoff, and because neither conventiorfal€arning program that induces a general hypothesis distin-
nor machine learning-based operators can guarantee that @yshing between these groups. For this purpose, LEMd em-
evolutionary process will always converge to the global optiPloys an AQ-type rule learner [9, 10], which is particularly
mum without backtracking, it is desirable to combine the twéuitable for learnable evolution due to the use of attributional
types of operators in a way that will lead to the maximum efficalculus as the hypothesis representation language [7,11]. The
ciency of the evolutionary design process. The above objectNPéj‘med hypothesis is in the form of a set of attributional rules
underlies the LEMd method for applying learnable evolutiohl1]- An attributional rule is a logical conjunction of attribu-
to the optimization of complex engineering designs. tional conditions.

To achieve this objective, LEMd integrates two modes of For illustration, here are examples of such conditions with
operation, Learning Mode and Probing Mode. Learning Mod#eir interpretations:

creates new designs through hypothesis generation and instagngth = 2m] (the length of the entity is 2 m)
tiation, while Probing Mode creates them by applying EXpe:_Icolor = red or blue] (the color is red or blue)
suggested design modification (DM) operators tailored to the . —

specific design problem. Expert-suggested operators are u ‘é’&'ght =5 -8 kgl (the we|ght'|s between 5 apd 8kg)
because applying random mutations and recombinations [idth & height <1m]  (both the width and the height are
complex systems will hardly produce improvements over any below 1m)

reasonable amount of time. DM operators represent experf@idth > height] (the width is greater than height)
knowledge as to the types of system modifications that afeount(X, EQ 2) = 3] (the number of attributes from X
meaningful and may plausibly improve the design. that have value 2 is 3)

L ) [climate: warm & humid] (the climate is warm and humid)
2.2. Description of the LEMd method. An underlying as-

sumption for applying LEMd, as for any evolutionary compu- The last example illustrates the use of a compound attribute
tation method, is that there exists a mechanism for evaluatingfimate” whose values are taken from the Cartesian product of
the quality of candidate designs, for example, a simulator ¢f€ domains of constituent attributes “temperature” and “hu-
the system being designed. Such an evaluation does not h&Wity” [11]. As one can see from the examples above, at-
to assign a specific quality value to a design, but must be adributional conditions have greater expressive power than the
at least to rank the designs in the population of candidates. conditions typically used in decision rules, which are limited

A flowchart of the LEMd method is shown in Fig. 1. Thet0 the form «attribute-relation-value». They are, however, easy
first step of the method is to create an initial population of de© understand and interpret in natural language. Because rules
signs, which may include already existing designs, designs oBte conjunctions of such conditions, they are also easy to un-
tained through a previous execution of LEMd, randomly genderstand and interpret. Attributional rules can also be easily
erated designs, or a combination of the above. The next stegh§tantiated into examples (designs), especially in the case of
to select a mode of operation, either Learning Mode or Profules with the first four types of conditions above. This feature
ing Mode. The choice of the initial mode is not particularly!S particularly important for LEMd, because in Learning Mode
important; it is made to best suit a given application domain. "€W designs are created by instantiating such rules.

Each attributional rule in a hypothesis that differentiates

Learning mode. In this mode, at each step of evolution, a popthe H-group from the L-group describes a subset of the search
ulation of designs is divided into three disjoint groups basespace that likely contains an optimum. Because such a hypoth-
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esis may consist of a number of rules, the LEMd method magwitches to the other mode. The mode termination criterion is
simultaneously pursue different optima in a multimodal fitnessatisfied if there is insufficient improvement to the fitness of
function landscape. the best candidate design in the population or to the average
After a hypothesis is learned, its rules are instantiated ifitness of the population as a whole after a given number of
different ways to create candidate designs that satisfy the giviéarations. Parameters of the mode termination criterion have
constrains. The newly created designs compete with each otldefault values that can be changed by the user. LEMd termi-
in terms of their fithess with previously generated designs farates when the obtained best design is satisfactory or when it
inclusion in the new parent population. The fitness is detecompletes an assumed number of fithess evaluations or, more
mined by a design evaluation method, which will typically in-generally, exhausts the allocated computational resources.
volve running a design simulator. The first step in applying LEMd to a specific design prob-
lem is to define a suitable representation for designs. Such a
@ representation needs to be in the form of a list of attribute val-
ues. In LEMd, the attributes can be of different types, such
as nominal (the domain is an unordered set, e.g., the type of
»| Create Initial Population ‘ material), structured (the domain is a hierarchically ordered
set, e.g., a hierarchy of shapes), rank (the domain is discrete,
* finite and totally ordered, e.g., “size” discretized into small,
| Select Mode of Operation | medium and large), cyclic (like rank, but the domain is cycli-
) ) cally ordered; e.g., seasons of the year), interval (the domain
Learning Probing is a measurement with an arbitrary zero, e.g. “temperature in
mode mode . . . .
Celsius degrees”), ratio (measurements for which “0” is not
L L arbitrary, such as “weight”), and absolute (numerical counts of
Determine H- and L- Determine distinct elements). LEMd’s capability to use different types of
design groups parent designs attributes in its evolutionary process allows one to tailor it to
¢ ¢ a wide range of applications, without need of defining ad-hoc

Generate new designs Generate new designs enCOding-
via hypothesis creation via plausible modification The next step is to specify and implement plausible design
and instantiation rules modification operators and constraints imposed on the accept-
able designs. Subsequent steps are to create an initial, suffi-
ciently diverse population of designs and to define termination
criteria for both probing and learning modes of operation, and
Evaluate new designs for the entire LEMd run.
Finally, a hypothesis instantiation algorithm must be devel-
* oped that will produce designs satisfying design constraints.
The process of instantiating the learned hypothesis, which is in
the form of a set of attributional rules [11], proceeds as follows:

— LEMd termination
Not satisfied

1. Rules are arranged in descending order of their significance,
which is defined according to the problem at hand. The de-

fault measure of significance is the sum of the fitness values
of the designs in the H-group that satisfy that rule. Each rule
Fig. 1. A flowchart of the LEMd method is instantiated in different ways to produce different designs.

A specific design is created by assigning values to attributes

in a rule that satisfy that rule and the design constraints. At-
Probing mode. In this mode, LEMd applies problem- tributes not presentin the rule are assigned values according
dependent design modification (DM) operators that make fea- to some value-assigning method. The default method is to
sible and plausibly useful changes to the proposed designs,assign to such attributes values from a randomly selected
according to expert-provided domain knowledge (see Section H-group design. The number of designs produced from a
3.2). Before DM operators are applied to a population, the pop- rule is proportional to the rule’s significance, but not smaller
ulation is transformed into a new population by selecting each than i-min, a program parameter. This method is called a
design with a probability proportional to its fitness (propor- proportional instantiation.
tional selection). Thus, high fithess designs may be selectedThe reason for the i-min parameter is to assure that even low
several times to be parent designs for the next generation, andsignificant rules will have a chance to produce an offspring.
some low fitness designs may not be selected at all. Because each rule delineates a subarea in the search space,

i-min enforces parallel exploration in several subareas of the
Mode and LEMd termination criteria. Each mode of LEMd search space. This feature is particularly important for opti-
runs until a mode termination criterion is met, and then control mization problems with a multi-modal fithess landscape.
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3. The total number of new designs generated is PopulatioEnvironmental conditions include the inside and outside tem-
size - elite-size, where elite-size is a parameter controllingeratures and the airflow distribution. The optimization space
the size of the elite group, a collection of the best desigris defined by the variables defining how tubes are connected
found so far that is automatically accepted into the new pain the evaporator between inlets (input tubes) and outlets (out-
ent population. put tubes). In a moderate-sized evaporator, such as the one in

New designs created by either Learning or Probing Mode agégrhzér?ag? t?]feﬂ(])?ht? t;J?b?sbc;aSn cl)r; ;?:n(zri/hfgi'veo'ftsr;zf”ggﬁtm

evaluated to determine their fithess. This evaluation can H%zo theyevaporator Thusua n:'slive search of me desilggn space

done by running a design simulator, by a subjective judgme » : . .

y g g y ) juag &vould have to considet8*® potential designs. The vast ma-

of an expert or group of experts, or by some other method. . . ! .
Subsequpently, the L£Md terFrJnination condition is tested, aﬂar'ty of these designs are infeasible because of the problem

if satisfied, the program ends; otherwise, the population of dgpnstraints, but even if it were possible to search only through

signs with their fithess values is passed to the “Select Mode gﬁi?}ﬂ?iﬁggftﬁﬁfpi ]fgf:neagc?]:p:feevlzgiﬁt'" be or-
Operation” module to start the next iteration. gnitu 9 y exhaustiv '

If the control passes to Probing Mode, a new parent pop-
ulation is assembled from the best past and newly generate
designs using one of the selection methods developed in tt
field of evolutionary computation (e.g., proportional selection,
tournament, etc.).

3. An example of LEMd application: optimizing _ |
evaporator designs Coil

Sopror : 1 height
3.1. Problem description. This section briefly describes an BE?Q S ’
application of LEMd to the development of a specialized sys:| 2 & ™= 4
tem, ISHED, for optimizing evaporators in cooling systems. Eﬁ Air
This is a complex engineering problem of great practical im-| > 5o.2 " "‘! velocity +

portance because of the widespread use of evaporators in i §¢-

,. ;_0 1
fole]
ng
[

rI

conditioners and refrigerators. This study has been conducte| 2o 5+ | e Measured velocity of air
in consultation with experts on heat exchanger design, dr. Pio| - o}pj I = —  Tubing bends on visible side
Domanski and his collaborators from the National Institute of| * P “a i ----  Tubing bends on far side
pPcox |H
B H

Standards and Technology (NIST).
To explain the problem, let us briefly describe how an evap-

orator works in an air conditioning unit [12]. The refrigerant

flows in a loop through an air conditioner. It enters, in cool

liquid form, an array of parallel tubes that constitutes an eV"]‘lzje'vaporator of a given size, real-world constraints limit the set

o.rator. Wher_1 it comes into contact with the warmer 'me”%f easible designs. Based on discussions with a domain expert,
air that is being pushed through the evaporator, it heats up aDd eral constraints were built into the ISHED program.
evaporates, but the air cools down. Figure 2 shows an example

of an evaporator with tubes arranged into 16 columns and332 The ISHED system. As mentioned earlier, ISHED ap-

rows. lies LEMd to the specific problem of optimizing evaporators
The configuration of the tubes through which refrigeran!’? . ' 10 the Spe probie piimizing pore
ih air-conditioning units. The initial population is of designs

flows affects both the temperature of the refrigerant when r'1t’1ay be partially specified by an expert, and the rest is gener-

reaches any given tube, and the air temperature after the gjr ; :
passes over the tube. The amount of heat transfer the air c%\(—ad randomly. The proportion of designs to be generated by

ditioner provides depends on the heat transfer of its evapor. € random process with specific numbers of inlets and outlets
} P penc . . Pora specified within the ISHED program based on expert advice,
tor's tubes and the efficiency of its condenser in transferrin

Snd is dependent on the total number of tubes in the evaporator

heat from the refrigerant to the outside air. It also depends QL . .
o o . : ing optimized (smaller evaporators usually function better
the distribution of the velocities of the air passing through the g op ( P y

evaporator (see the graph in Fig. 2) With fewer inlets and outlets).
P grapn in Hg. <). L The structure of an evaporator is represented by a sequence
The problem of optimizing an evaporator lies in how to

. . of integer values. Each value indicates the number of the tube

connect the tubes and how to direct the flow of the refrigerant _. . , :

. . . that is the source of each tube’s refrigerant (tubes are numbered

through them so that for the given technical and environment : . . . oo

= . . ..~ left-to-right, starting with the first row). For the attributional

conditions, the capacity of the evaporator will be maximize epresentation used by the learning proaram. the tvoe of a tube
The capacity is measured by the amount of heat transfer énp y g program, yp

kW) per unit of time. Technical conditions include the sizeS encoded in the sequence in the following way:
of the evaporator (the number of tubes and their length add If the tube in thekth position is an inlet, it is indicated by
diameter), material of the tubes, and the type of refrigerant. symbol I.

Fig. 2. An example of 46 x 3 evaporator

In selecting a path for the refrigerant to flow through an
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2. Other types of tubes are indicated by the number of occuifitnesses from the highest value to the lowest (the range of val-
rences of the valug in the string. Ifk doesn’t appear at all, ues is called the fitness range), and selects a given percentage
the tube is an outlet. Ik appears twice, the tube is a splitof the top of the fitness range (specified by a program param-
location. If & appears exactly once, the tube is a regular ireter) for the H-group, and a given percentage of the bottom of

terior one. the fitness range (defined by a parameter) for the L-group [7].
_ ) In ISHED, the H- and L-groups are passed as positive and
For example, consider the following structure: negative examples to the AQ19 rule learning program [9]. The

<17123456789121329 15311183320 36 22 38 24 4grogram outputs a general hypothesis distinguishing between
2642 112745144716 34 3519 37 21 39 23 41 25 43 44 ZBese groups that is in the form of a set of attributional rules.
46 30 48 32>

In this structure, the tube 17 provides refrigerant for tube 1; Before:
tube 1 provides refrigerant for tube 2, etc. Tube 16 is the inle '
(“I” in the 16th position). Tube 10 is the outlet (there are no
10s in the string). There are no splits in the structure (because—»[ 7 +»[ 8 }-»[ 0 }—— ——————»
all other numbers between 1 and 48 appear exactly once). All . Path
other tubes are regular ones.

In experiments, the initial population of designs (defining
structures of evaporators) was usually a combination of exist-
ing designs and random designs. The quality of designs, mea-
sured by their capacity, is determined by a evaporator simulator

developed at the National Institute of Standards and Technol- Fig. 3. The ISHED COMBINE(7,4) DM operator
ogy [13]. The capacity of a design indicates its energy effi-
ciency. Each rule in the hypothesis is then instantiated to a set of

Running the simulator is the most time-consuming paﬁpecific designs by randomly assigning to each attribute differ-
of the evolutionary design process. A single evaluation ma§nt values SatiSfying the rule. The attributes not present in the
take on the order of a few seconds, which is a relatively |0rr,gle are assigned values according to the defaul_t LEMd method
time, given that a typical optimization process may take teri¥@lues from a randomly selected H-group design). The num-
of thousands or more evaluations. Therefore, the evolutionaP@r Of designs created from each rule is determined by pro-

speedup provided by learnable evolution [8] is particularly ad?ortional instantiation (the number of created designs is pro-
vantageous for this application. portional to the rule significance). The total number of designs

For Probing Mode, the following design modification Op_generated by hypothesis instantiation is the assumed popula-

erators have been developed on the basis of an expert's advii@? Siz€ minus the size of the H-group, because the designs
in latter group are considered elite designs, and automatically

— FORK adds a fork in a path. included as candidates for the new population.
— BREAK breaks a path at a given point, creating a new inlet  The final step creates feasible designs that satisfy the con-
and a new outlet location at the tubes following and prece@traints on a heat exchanger design. This process takes into

ing the break, respectively. consideration the geometry of the inlet and outlet points.
— COMBINE combines two separate unforked paths into &he need for satisfying the constraints may cause a decrease
single, forked one. of diversity in the instantiated designs, which in turn may
— INSERT combines two separate unforked paths into a siflecrease Learning Mode performance. When this happens,
gle, unforked one. ISHED switches to Probing Mode.
— MOVE-FORK moves a fork in a path up or down to an ear-  To increase the diversity of a population of designs in
lier or later point on the path. a tightly constrained domain, given a set of inlet and outlet
— SWAP interchanges the position of two successive tubes peints, ISHED determines the physical relationships among
the refrigerant path. these points in the design (i.e., which are to the left of, to the

— INTERCROSS, given break points on two separate refrigight of, above, below, in the same column, or in the same row
erant paths, exchanges the portions of the paths follovs others), an_d_ selects an instantiation _strategy_acco_rdmgly.
ing the breakpoints; this operator is analogous to a genefenerally, a divide-and-conquer method is used, in which the

crossover. evaporator is divided into regions based on the locations of the
— NEW-CONNECTION that assigns a new source to th&ey tubes.
operand tube. Both evolutionary modes use elitist strategy, that is, keep

track of the best-performing designs. In Probing Mode, the
To illustrate an operator, Fig. 3 presents graphically the funelite-size best performing individuals thus far automatically
tion of the COMBINE operator. become the basis for the first members of the new population.
In Learning Mode, given a population of designs and theiin Learning Mode, as mentioned earlier, all members of the H-
evaluations, ISHED determines the H-group and the L- grougroup comprise the elite group that is always included in the
This is done using a fitness-based method that arranges desigit generation’s population.
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Exchanger Size: 16 x 3

Population Size: 15 Generations: 40

Mode Persistence: Probing-persistence=2 Learning-persistence =1

Operator Persistence: 5 )

Initial population:

Structure #0.3: 1712345678912132915311183320362238244026421127451447163435193721
3923 41 25 43 44 28 46 30 48 32: Capacity = 5.5376

Structure #0.8: 171203422624 826102827 151632332181953874094211441346304834353612137

23392541 27 43 29 45 31 47: Capacity = 5.2099 ?2)
and 13 others
Selected Members: 3,2,3,7,9, 3,9, ... A3)
Operations: NS(23, 39), SWAP(8), SWAP(28), ..., SWAP(29), SWAP(25), SWAP(1) 4

Below is one of the structures created by the application of a DM operator in Probing Mode (by swapping the two tubes
following tube 29 in Structure #0.8)
Generation 1:
Structure #1.13: 171203422624 826102827 151632332 1819538740942 11413453048343536121 37
233925412743 4629 31 47: Capacity=5.2093 Q)
and 14 others.
Selected Members: 6, 15, 11, 3, 13,1, ...
Probing Mode runs for the next 4 generations, and then Learning Mode executed:
Generation 5: Learning mode
Learned rule:
[x1.x2.x3.x4.x5.x6.x7.x8.x9.x11.x12.x13.x14.x15.x17.x18.x19.x20.x21.x22.x23.x24.x25.x26.x27.x28.x29.x30.x3 1
.x32.x33.x34.x35.x36.x37.x38.x39.x40.x41.x42.x43.x44.x45.x46.x47 .x48=regular] & [x10=outlet]&[x16=inlet]
(t:7,u:7,q:1) (6)
An example of a generated structure:
Structure #5.1: 171234567891229453031118332036223824402642112713154748343519372139
23 41 2543 44 28 46 14 32 16: Capacity=5.5377 @)

Below is a structure from the 21st generation:

Generation 21: Learning mode

Structure #21.152 184163578912 13451531133 17353622392440422511 443046 324734192037 21
2338412643 282729 14 48 16: Capacity=5.5387 6))

and 14 others

Selected Members: 11, 4, 4, 13, 15, 10, 12, 13, 15, 15, 12, 2, 3, 5, 10.

ISHED continues to evolve structures, and finally achieves:

Generation 40:

Structure #40.15:33 17241456978 1229464547113420362238243424344271315321618 11193721
322325402628 3530 14 48 31: Capacity=6.3686 Q)

Fig. 4. An excerpt from the log of an ISHED run

3.3. An example of an ISHED design optimization process. uniform flow, commercial evaporators tend not to be very effi-
Testing experiments with ISHED were performed with differcient.

ent settings of design parameters that define the type of refrig- The initial experiments with ISHED concerned designing
erant, evaporator shape and size, and airflow patterns (unifoewaporators of common sizes under the assumption of a fairly
or non-uniform). Industrially available air conditioning sys-uniform airflow pattern. In these experiments, ISHED pro-
tems typically perform very efficiently as long as the airflonduced designs that were comparable to the industry standard.
is fairly uniform. When the airflow is not uniform, their effi- When ISHED worked for many generations in Probing Mode,
ciency drops off significantly. The side of the unit over whichsome of its designs would tend to have chaotic intertube con-
more air flows has a heavier cooling burden, so to achieve thections. This was because the simulator did not sufficiently
best performance it needs to carry more and colder refrigeeflect the detrimental effect such connections have.

ant. This factor has not been usually taken into consideration The above problem was partially alleviated by tightening
by manufacturers of evaporators; therefore, in the case of namstrictions on the length of permissible tube-to-tube connec-
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tions, and by using existing tools for smoothing some of the The run continued in this way, and at the halfway point,
connections without significantly decreasing the evaporatorthere was little progress in evolving better designs (8). But by
capacity estimated by the simulator [12]. To illustrate ISHED’she run’s end (9), a significant leap in design quality has oc-
performance, Figure 4 presents an abbreviated log of one rucurred. While the best design in the initial population had a
This run was executed in a verbose mode, which meawcapacity of 5.5376 kW, the best design after 40 generations in
that its log details every design tested, every operator appliednning ISHED had a capacity of 6.3686 kW, which represents
and every hypothesis learned. The figure only shows a veayl5% improvement. This resultillustrates the ISHED capabil-
small sample of the full output that even in this small experiity for improving evaporator designs.
ment would take up many pages. Numbers in parentheses on

the right hand side are pointers to the explanations provided34. Summary of the experiments.Experiments with
the text below. In addition to these explanations, some CONBHED have proven its ability to improve the initial designs,
ments to the log were added in italics. sometimes very significantly. With few preprogrammed as-
Each structure shown in Fig. 4 is accompanied by its capagumptions, the program was able to evolve designs consistent
ity estimated by the simulator. The first part of the log, denotegith the given technical and environmental conditions and con-
by (1), provides a summary of the ISHED parameters used #traints. When faced with uniform airflows, designs roughly
the given run. In this run, ISHED was creating evaporator dgymmetric were favored, in the case of non-uniform airflow,
signs consisting of 3 rows of 16 tubes. Over 50 generationstiie designs were less symmetric to compensate for such a flow.
evolved a population of 15 designs. As a result, ISHED designs for non-uniform flows were evalu-

The Mode Persistence parameters, Learning-persistenged by experts as superior to the best human designs.
and Probing-Persistence instructed ISHED to switch from

Pr_obing t_o Learning Mode after tW(_) consecutive generatiorE. Related research
failed to improve the best design in the population, and to
switch back to Probing Mode after one Learning Mode geneifo the author’'s best knowledge, LEMd represents a novel
ation did not make such an improvement. The Operator Persigethodology for optimizing complex engineering systems
tence parameter was set to instruct ISHED to apply a specifierough evolutionary computation. It is based on Learnable
design modification operator in Probing Mode up to 5 timeE&volution Model (LEM) that attempts to model evolution
(with different randomly selected operands) before giving uguided by an “intelligent mind” rather than evolution proceed-
on this operator, and choosing another design modification ojrg randomly or semi-randomly. Somewhat in sprit to LEMd
erator. are cultural evolution algorithms that execute a process of dual
The log shows designs in the initial population, which wa#heritance (e.g. [14,15]). Unlike LEMd, cultural evolution
generated randomly in this case, and the capacity of the desigmerks at two levels, a “micro-evolutionary level” that involves
estimated by the simulator. At the step denoted by (2), two @fdividuals described by traits and modified by conventional
the 15 generated individuals are shown, specifically, the thievolutionary operators, and a “macro-evolutionary” level, in
and eighth design in the population, whose capacities were dehich individuals generate “mappa” representing generalized
termined to be 5.5376 and 5.2009, respectively. From this popeliefs that are used to modify the performance of individu-
ulation, the seeds for the next generation, with the excepti@ts in the population. LEMd is significantly different from cul-
of the first one, were selected probabilistically, based upon titeral evolution algorithms as it integrates two modes of evolu-
capacities of the individuals of the current population. The firgitionary computation, learning and probing, and its learning
design was included in the elite, because it was the best desigode is different because it uses both high-performing and
obtained so far. low-performing individuals. It also employs a completely dif-
At (3), the log shows that the first seven of the fifteen deferent method of learning and representing the results.
signs in Generation 1 would be built from individuals 0.3, 0.2, In its general objective, somewhat related to LEMd is a
0.3, 0.7, 0.9, 0.3, 0.9. As shown at (4), each seed for the négeneric” evolutionary design system GADES [3,4] that aims
population then had a design modifying operator applied t® serve as a method for solving diverse design problems.
it as follows: Individual 1.1 was created by applying operatofhe system employs a conventional Darwinian evolutionary
NS(23,39) (change the source of refrigerant for tube 23 fromethod, but allows the user to specify the nature of the genetic
whatever it was to tube 39) to individual 0.3; individual 1.2operators to apply and the representation of individuals in the
was created by applying operator SWAP(8) (swap the positiop®pulation. LEMd also has such capabilities, but in addition in-
of the two tubes preceding tube 8) to individual 0.2; etc. It isludes an entirely new form of generating individuals provided
shown at (5) that individual 1.13, generated by applying opeby Learning Mode and by integrating it with Probing Mode.
ator SWAP(29) to design 0.8, had a capacity of 5.2093. Another approach that extends the traditional Darwinian
After progress had stalled, ISHED switched to Learningpproach has been implemented in GADO [16], which also
Mode, and discovered a rule (6) that indicated a pattern smms at optimizing complex engineering systems. It differs
which high-performing designs consisted of an outlet at pdrom conventional genetic algorithms by using five different
sition 10, an inlet at position 16, and interior tubes at all othesrossover operators, three of which, crossover, double line
positions. The learned rules were instantiated to become meanessover and guided crossover, were introduced in GADO.
bers of the new population, such as Structure 5.1 (7). However, unlike LEMd, GADO does not have the ability to
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guide evolution by general hypotheses created by a learnidgr of hundreds or more), and is particularly attractive when

system. design evaluation is costly and/or time consuming. Because of
Another extension of conventional Darwinian-type algoits generality, LEMd can be applied to a wide range of design

rithms is represented by memetic algorithms (e.g., [17]). Thesgtimization problems.

are global-local hybrid algorithms that combine conventional

evolutionary algorithms with local search methods to improvacknowledgments. This paper is a significantly extended ver-

solutions. They have been applied to many real-world prolsion of the invited presentation at the 12th International Work-

lems and have been the subject of intensive studies. They dékop of the European Group for Intelligent Computing in Engi-

fer significantly from LEMd in that they do not apply learningneering, Radziejowice, Poland, June 17-19, 2005, organized by

methods to guide evolutionary computation. Martina Schnellenbach-Held from the University of Duisburg-
Essen in Germany, and Adam Borkowski from the Institute of
5. Conclusions Fundamental Problems of Technology of the Polish Academy

. of Sciences in Warsaw, Poland.
The presented LEMd method is based on the Learnable EVO- Thg 5thor expresses his gratitude to Ken Kaufman for his
lution Model, a non-Darwinian form of evolutionary compu-cqjiaphoration on the development of the LEMd method and
tation. Unlike most methods of evolutionary computation thag,e implementation and experiments with the ISHED system.
draw inspiration from natural evolution (the evolution of living e 4150 provided useful comments on this paper. The author
organisms), LEM attempts to model intellectual evolution thak 415 grateful to Janusz Wojtusiak for his review of the paper

has governed the development of human artifacts, such as aulgy research on the development of LEM3, the newest imple-
mobiles, computers, airplanes, etc. In such evolution, the geRiantation of the learnable evolution model.

eration of new populations of artifacts results from the analysis Thanks go also to Piotr Domanski from the National In-

of the advantages and disadvantages of past populations by e of Standards and Technology for introducing the author

human mind. _ and his collaborators to the area of optimization of heat ex-
_ The evolutionary process performed by LEMd is calleqpangers and for providing a simulator for evaluating evapora-
“intelligent” because it is guided by computational intelli-i,, designs used in ISHED.

gence, partially by machine learning and partially by expert  tpqqratical research that provided a basis for the develop-
domain knowledge. Experiments with ISHED applying LEMGyen of LEMd has been done in the Machine Learning and

to the problem of optimizing evaporators in heat exchangefgterence Laboratory at George Mason University. The Lab-
indicate that it offers a new and effective tool for optimizingy,yqry's research has been supported in part by the National
very complex systems when neither conventional optimizatiogjence Foundation under Grants No. 11S-0097476 and IIS-

methods nor Darwinian-type evolutionary algorithms are Ven¥906858. and in part by the UMBC/LUCITE #32 grant
effective. ' '

ISHED represents an initial implementation of the LEMd
method for the task of optimizing evaporators in heat exchan
ers, and has shown promising results. This first implementafi] M.W. Kirschner and J.C. Gerhafthe Plausibility of Life: Re-
tion suffers, however, from several limitations. Itis not capable  solving Darwinin’s DilemmaYale University Press, 2005.
of an orderly instantiation of all possible design specifications[2] Z. Michalewicz,Genetic Algorithms + Data Structures = Evo-
consisting of three or more inlets or outlets. The complexity  lution Programs Springer-Verlag, London, 1996. _
of the instantiation process makes it currently difficult to in- [3] P. Bentley, “From coffee tables to hospitals: generic evolution-
ject a desirable amount of diversity into the process, although 2" de§|gn , 'nE|V0|UtI0n;’=lry DiSIgn.by Compute;pp. 405-

a new version of ISHED under development indicates strong . #23: €d. P. Bentley, Menlo Park, CA: Morgan Kaufmann, 1999.
. . . g[)] P. Bentley,Evolutionary Design by Computerdenlo Park,
improvement in both these areas. Experiments revealed als _

. . CA: Morgan Kaufmann, 1999.
an ISHED weakness regarding an occasional lack of evoluyg

. . ; A. Oyama, “Multidisciplinary optimization of transonic wing
tionary advancement in seeded populations. There are several' jesign based on evolutionary algorithms coupled with CFD

ways to work around the problem, such as making short, se-  solver”, Eur. Congress on Computational Methods in Applied
quential runs of ISHED that build upon each other’s results.  Sciences and Engineering000.

Further research will explore more thoroughly the nature of[6] P. Bentley and D. Corne&reative Evolutionary Systefmiglor-
the experienced problems and their possible solutions. gan Kaufmann, 2002.

The LEMd method is at an early stage of development, and?] R.S. Michalski, “Learnable evolution model: evolutionary pro-
poses many interesting new research problems. They include a €€sSes guided by machine learninflachine Learning38, 9—
theoretical and experimental investigation of the method, test- 40 (2000). . . . !
ing it in different application domains, and the development of [8] J. Wojtusiak and R.S. Michalski, "The LEM3 implementation

. . o of learnable evolution model and its testing on complex func-
efficient methods for applying LEMd to optimization problems tion optimization problems”Proc. Genetic and Evolutionary

with very complex constraints and dynamic landscapes. Computation Conference, GECCO 208867, (2006).

Despite its limitations, LEMd offers a new method for op- [9] R.S. Michalski, and K.A.Kaufman, “The AQ19 system for ma-
timizing complex engineering systems with a high number of  chine learning and pattern discovery: a general description and
controllable discrete and/or continuous parameters (on the or- user’s guide” Reports of the Machine Learning and Inference

REFERENCES

512 Bull. Pol. Ac.: Tech. 54(4) 2006



Optimizing complex systems by intelligent evolution: the LEMd method and case study

LaboratoryMLI 01-2, George Mason University, Fairfax, VA, counting for refrigerant and one dimensional air distribution”,
2001. NISTIR 89—-4133 (1989).

[10] J. Wojtusiak, “AQ21 user’'s guide,Reports of the Machine [14] R.G. Reynolds, “An introduction to cultural algorithn3oc.
Learning and Inference LaboratofyL| 04-3, George Mason 3rd Annual Conf. on Evolutionary Programming31-139
University, Fairfax, VA, 2004. (1994).

[11] R.S. Michalski, “Attributional calculus: a logic and represen-[15] S. Saleem and R. Reynolds, “Cultural algorithms in dynamic
tation language for natural inductionReports of the Machine environments”Proc. Congress on Evolutionary Computation
Learning and Inference LaboratoyL| 04-2, George Mason 1513-1520 (2000).

University, Fairfax, VA, 2004. [16] K. Rasheed, “GADO: A genetic algorithm for continuous de-

[12] P.A. Domanski, D. Yashar, K. Kaufman, and R.S. Michal- sign optimization”,Technical Report DCS-TR-35Repartment
ski, “An optimized design of finned-tube evaporators using the of Computer Science, Rutgers University, New Brunswick, NJ,
learnable evolution modelint. Journal on Heating, Ventilat- 1998.
ing, Air-Conditioning and Refrigerating Researth, 201-211 [17] W.E. Hart, N. Krasnogor, and J.E. SmitRecent Advances in
(2004). Memetic AlgorithmsSpringer-Verlag, Berlin, 2005.

[13] P. Domanski, “EVSIM-an evaporator simulation model ac-

Bull. Pol. Ac.: Tech. 54(4) 2006 513



