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Abstract

In this paper we describe a method for improving genetic-algorithm-based optimization using search control. The idea
is to utilize the sequence of points explored during a search to guide further exploration. The proposed method is
particularly suitable for continuous spaces with expensive evaluation functions, such as arise in engineering design.
Empirical results in several engineering design domains demonstrate that the proposed method can significantly im-
prove the efficiency and reliability of the GA optimizer.
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1. INTRODUCTION termining the quality(*fitness”) of each point usually in-

Genetic Algorithms GAs) (Goldberg, 1989are search al- volves the use of a simulator or some analysis code that com-
gorithms that simulate the process (;f natural selection. GAgutes relevant physical properties of the artifaf:t represented
attempt to find a good solution to some probléeg., find- y the vector, and summarizes them into a single measure

. . . . of merit and, often, information about the status of con-
ing the maximum of a functionby randomly generating a . .

. o . N straints. For example, the problem may be to design a su-
collection(“population” of potential solutiong“individu-

als”) to the problem and then manipulating those solutiond2S">onic aircraft capable of carrying 70 passengers from

using genetic operators. Through selection, mutation, an hicago to Paris in 3 h. The goal may be to minimize the

o - . akeoff mass of the aircraft. The constraints may include
recombination(crossover operations, better solutions are L .
something like “the wings must be strong enough to hold

hopefully generated out of the current set of potential solu_—the plane in all expected flight conditions.”

tions. This process continues until an acceptable solution is . Lo
found. GAs have many advantages over other search tech- Some of the problems faced in the application of Gérs

nigues in complex domains. They tend to avoid being trappe?ennzsogrt;mlza“on technique for that maftéo such prob-
in local suboptima and can handle different types of opti- '

mization variablegdiscrete, continuous, and mixed large « Not all points in the space are legitimate designs—
amount of literature exists about the application of GAs to some points in the search spdtenevaluable pointy”
optimization problemgMichalewicz, 1996. cause the simulator to crash, and oth€iafeasible
This paper concerns the application of GA optimization points”), although evaluable by the simulator, do not
in realistic continuous-variable engineering design do-  correspond to physically realizabgesirable designs.

mains. In such domains a design is represented by a number For example, a plane with too thin or too small wings
of continuous design parameters, so that potential solutions  is undesirable even though its takeoff mass may be very
are vectorgpoints in a multidimensional vector space. De- small. We have seen domains in which more than 99%
of the space is like this.
e The simulator will often take a non-negligible amount
. _ of time to evaluate a point. Engineering simulation run
Reprint requests to: Khaled Rasheed, Department of Computer Sci- . ften f f . f d .
ence, Rutgers, The State University of New Jersey, New Brunswick, NJ time can range often from a fraction of a second to, In
08903, USA. E-mail: krasheed,hirsh@cs.rutgers.edu some cases, many days.
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¢ The structure of the subspace of good designs may beontrol method that saves time by avoiding the full evalu-
difficult to search. For example, when evaluable pointsation of points that are unlikely to correspond to good
form thin slab-like regions that are not parallel to any designs. The following section describes the screening mod-
of the principal axis, some crossover operators, suclule, the focus of this paper, in more detail.
as point crossover, may not yield satisfactory results Inaddition to the screening module discussed in this paper,
(Wright, 1990. GADQO includes a number of other novel ideas, including:

This paper presents a modification of GAs specifically
intended to improve performance in realistic continuous-
variable engineering design domains of this sort. The idea
is to accumulate a large enough sample of the points eval-
uated during the course of the GA optimization. After the
search has progressed sufficiently far to have a reasonable
degree of confidence that the sample is representative of
the search space, a new point is only evaluated if it is not
closely surrounded by some of the previously generated
points that proved to be bad. Because the time spent in find-
ing the neighbors of a new point is negligible compared to
the time it takes to run a simulator, this policy protects the
GA from wasting time exploring regions of the space that
proved to be fruitless.

We conducted our investigations in the context of GADO
(Rasheed et al., 1997; Rasheed, 1998 GA that was de-
signed with the goal of being suitable for use in engineering
design. It uses new operators and search control strategies
that target the domains that typically arise in such applica-
tions. GADO has been applied in a variety of optimization
tasks that span many fields. It demonstrated a great deal of
robustness and efficiency relative to competing methods.

In GADO, each individual in the GA population repre-
sents a parametric description of an artifact, such as an air-
craft or a missile. All parameters take on values in known
continuous ranges. The fitness of each individual is based
on the sum of a proper measure of merit computed by a
simulator or some analysis codeuch as the takeoff mass
of an aircraf}, and a penalty function if relevafguch as to
impose limits on the permissible size of an airoratsteady- .
state GA model is used, in which operators are applied to
two parents selected from the elements of the population
via some selection scheme, one offspring point is produced,
then an existing point in the population is replaced by the
newly generated pointia some replacement strategy. Here
selection was performed by rank because of the wide range
of fitness values caused by the use of a penalty function.
The replacement strategy used here is a crowding tech-
nigue, that takes into consideration both the fitness and the
proximity of the points in the GA population. The popula-
tion size is an external parameter with a default value of 10
times the dimension of the search space. The GA stops when
either the maximum number of evaluations has been ex-
hausted or the population loses diversity and practically con-

The Diversity Maintenance Module The goal of the
diversity maintenance module is to ensure that the GA
population stays representative of the search sppace

the population includes points from many different parts
of the search spageThis is important for the success
of the optimization and to avoid being trapped in local
optima. The idea is to monitor the degree of diversity
of the GA population. If at any stage it is discovered
that the population elements became similar to one an-
other, thus losing track of most of the search space, the
diversity maintenance module rebuilds the population
using previously evaluated points in a way that re-
stores diversity. The diversity maintenance module also
rejects proposed points that are extremely similar to
previously evaluated points in the belief that they con-
tain redundant information and will promote loss of di-
versity. The rejection happens before the expensive
simulator is used to evaluate these points.

Guided Crossover This is a new crossover operator
that endows the GA with gradient-like capabilities with-
out actually computing any gradients. The idea is to
form different search directions by joining pairs of pre-
viously evaluated points, rank these directions, and take
a small step in the best direction. The directions are
ranked by the ratio of the difference in objective val-
ues between the two end points to the distance be-
tween them. This operation can be viewed as a crude
way of computing gradients that does not, however, use
the expensive simulator to evaluate any new points.
Adaptive Penalty. GADO uses a penalty approach for
handling constraints. It uses a novel techni¢Rasheed,
199&) for computing penalties that makes sure that
the penalty coefficient is neither too large nor too small
at any stage of the optimization. The idea is to start
with a relatively small penalty coefficient and increase
it whenever the search seems to give too little attention
to feasibility (if the point with best fitness in the GA
population is infeasible The penalty coefficient may
also decrease if the search seems to give too much at-
tention to feasibility(if all the points in the GA popu-
lation are feasible This is done to insure proper search
of the regions adjacent to constraint boundaries as in
many cases the optima lie there.

verges to a single point in the search space. Floating point The remainder of this paper first presents a detailed de-
representation is used. Several crossover and mutation opeription of GADO’s screening module. We then present a
erators are used, most of which were designed specificallpumber of experiments concerning the use of the screening
for the target domain type. GADO also uses a searchmodule on two realistic engineering design tasks and sev-
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eral engineering design benchmarks. We conclude the paearch space and hopefully gives several of the regions con-
per with a discussion of related efforts and future work. taining good points a chance to be discovered.

2. SCREENING MODULE 3. EXPERIMENTAL RESULTS

migacvifepg?;a:;ggl t:ikfet;)s?oar:g’ t;hz; ft:rllgt'gnigonoﬁi'l;Our belief was that being more selective in fitness function
: y P > & NEGIgIDIe, - uations through the use of the screening module will
amount of time to compute. In the case of realistic engineer-

ing design, however, the optimization function is more Of_|mprove the overall ef.fi.ciency of the optimization process.
ten than nc;t a compL;tationaIIy expensive piece of code WTo demonstrate _the_ utility of the screening modgle, we com-
encountered cases in which one evaluation of the optim.iz pared GADO Wlt.h its default setup to a modlfle_d version
. . . “where the screening module was turned off, but with all other
tion function takes CPU hours on a powerful workstation.

Consequently, search control became an appropriate tool bggrameter_s intact. We then compared the two syst_ems in sev-
cause it is fas’t relative to the cost of evaluating the fitness ral d omains. two new domains fror_n real tasks in geron—
function and in fact—as we will demonstrate in subsequengar‘r.]IC design, plus others from an existing set of engineering
. ) esign benchmark&Sandgren, 1977
sections—search control proved to be one of the major con-
tributors to the success of GADO.
Evaluating an individual can be time Consuming, and3.1_ App”cation domain 1: Supersonic transport
thus it can be beneficial to only select for evaluation points aircraft design domain
that seem promising. The screening modi8&1) decides
whether a point is likely to correspond to a good design3 1.1, Domain description

without invoking any simulator to do this by extrapolating Our first domain concerns the conceptual design of su-

from pomt; evaluated earlier n the search. I_n part'cular’personic transport aircraft. We summarize it briefly here; it
the screening module uses a simidkmearest neighbor ap-

o . described in more detail elsewhéfgelsey et al., 19
proach that maintains a relatively large random sample OE ¢ y %

th int tered in th h s flae le si igure 1 shows a diagram of a typical airplane automati-
the points encountered in € searc sdfiae sample size cally designed by our software system. The GA attempts to
is an external parameter with a default value of 30 time

Sind a good design for a particular mission by varying 12 of

the size of the GA population—the size of the sample : : :
. the aircraft conceptual design parameters in Table 1 over a
should, in general, be selected based on the speed of tf& P gnp

. : i _ Bntinuous range of values.
simulator and domain knowledge, if availabl@efore a An optimizer evaluates candidate designs using a multi-

gand_|date lpokntdg?r?erate(;j tl)yf(_:rzsst(:(\;]er and Fos_s,lkr)llg mut"a"lsciplinary simulator. In our currentimplementation, the op-
lon 1S évaluated, the module Tinds earest neignoors i g goal is to minimize the takeoff mass of the aircraft,

Of. the point among the samp(f.( is an external parameter ameasure of merit commonly used in the aircraft industry at
W'th a default value Of. two—in general, the value Sr_]ou'dthe conceptual design stage. Takeoff mass is the sum of fuel
Increase if the space is suspected tq have needle-like Opﬁass, which provides a rough approximation of the operat-
tima or a large number of local optima and should de'ing costofthe aircraft, and “dry” mass, which provides arough

crease if the space is known.to be well beha\/dﬁ at agproximation of the cost of building the aircraft. A com-
least one of those nearest neighbors has a fitness that |

better than some threshold, the candidate point is evalu-
ated and added to the GA population, otherwise with prob-
ability .99 the candidate point is discardedlVe evaluate Tapje 1. Aircraft Parameters to Optimize
the point with probability .01 to avoid the theoretical pos-

sibility of deadlock if the screening module keeps reject-No. Parameter

ing every point and to. give small regions o_f good points 1 Exhaust nozzle convergent length)

surrounded by bad points a chance to be discovered. > Exhaust nozzle divergent length)
A good choice of the threshold is important for the suc- 3 Exhaust nozzle external length,)

cess of the whole search. The default is to use the fithess oft Exhaust nozzle radius?)

the second worst member of the current GA population as® Engine size

Wing area
Wing aspect ratio
Fuselage taper length

this thresholdand thus it is a function of the current status 6
of the search In general, a more expensive evaluation func- g

tion increases the need for the search to be more focused Effective structural fc
and therefore a higher threshold may be more appropriateo wing sweep over design mach angle
The screening action starts only after 25% of the maximuni-1 Wing taper ratio

allowed number of evaluations have been done. This ent? Fuel annulus width

sures to some extent that the sample is representative of the
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—— 625945 regions of the curve are unevaluable points. The figure il-
lustrates the “slab-shaped” evaluable region in this three di-
mensional subspace. The figure shows how difficult it is for
traditional GAs to do optimizations in this domain—for ex-
ample, the classical point-crossover operati@oldberg,
1989 may well use two evaluable parents and produce un-
| 450132 evaluable children.

In summary, the problem has 12 parameters and 37 in-
equality constraints. 0.6% of the search space is evaluable.
No statistics exist regarding the fraction of the search space
that is feasible because it is extremely small. A detailed de-
scription of the experiments comparing GADO to other op-
timizers in this domain can be found {Rasheed, 1998.
Those experiments strongly demonstrated the merit and com-
petitiveness of GADO compared to stochastic and nonsto-
chastic search methods. Here our focus is on studying the

engineScale=1.45576
wing_area(m”2)=420.307
wing_aspect_ratio=1.57715
fuselage_taper_length(m)=35.1625
wing_t_over_c=0.0301626
fuel_annulus_width(m)=0
passenger_cabin_radius(m)=1.3716
structure_annulus_width(m)=0.3048
fuselage_mid_length(m)=27.432
fuselage_diameter(m)=3.3528
wing_sweep(rad)=1.21421

g 04%° \/ | 175813 effect of the screening module on performance.
v_tail_sweep(rad)=0.785398
v_tail_root_chord(m)=11.5935
v,ta{l,laper;atio:O.SS .
V-tal_semi span(m)=3.85483 3.1.2. Experiments and results
v_tail_t_over_¢=0.03
nacelle_length(m)=11.5824 . - .
nacele inlet_diameter(m)=0,85344 Figure 3 demonstrates the utility of the screening mod-
engine_diameter(m)=1.10633 . . . R .
Jing_swieep. over design_mach_angle=1.1594 ule in domain 1(aircraft desigi The figure shows the av-
erage of 15 runs of GADO witllabeled “GADO_ Aircraft)
Lo and without(labeled “GADQ_ Aircraft_noSMJ the screen-
— — | ing module. All other parameters were kept at their default
128733 o 108733 values. The figure plots t.he averaga/er.the 15 ru.n)s.of .
the best measure of merit found so far in the optimization
5.53123 as a function of the number of iterationgzrom now on
AN 1 16764 we use the term “iteration” to denote an actual evaluation
R 0 of the objective function, which is usually a call to a sim-
Fig. 1. Supersonic transport aircraft designed by our sygidimensions ulator or an al’?alySIS code. This is consistent with our goal
in feet. of understanding how the SM affects the number of calls

to the objective function in problems where the SM over-
head is minuscule compared to the runtime of each objec-
tive function evaluation, as was the case here. This also
helps us avoid the pitfalls of basing evaluations on run-

Ofim hich idely—f | lat-
a DEC Alpha 250 4266 desktop workstation. fmes, which can vary widely—for example across pla

The aircraft simulati del d is based on impli .tforms and even across runs due to variations in memory
€ aircraft simulation modet used 1s based on IMmpliCily, 4;ap1e and hence caching effegfBhe figure shows that

o X . o the screening module improved the performance in all stages
and because itis being used by a numerical optimizer rath%f the search. The feasible region was reached faster with

than a human domain expert, some design parameter &% screening modufeFigure 4 shows the effect of the
may correspond to aircraft that violate these assumption§

. . creening module on worst-case performance—often an en-
and therefore may not be physically realizable even thoug%

plete mission simulation requires about 0.2 CPU seconds

. . ineer will only have time to run the optimizer just once
the _S|mula_tor do_es not_detect th'.s fact. We refer to thes ue to the large runtime of the objective function, so an
des!gns asnfeaybl_e pointsFor this reason a set O.f con- optimizer with bad worst-case performance but excellent
straints has 'been mtroc'juce'd to safeguard the 0pt|m|;at|0 verage performance may be undesirable. The figure plots
process against such violations. We also have the notion q

. : ) e worst(among the 15 runof the best measure of merit
unevaluable pointsThese are points that represent des'g.n%und so far in the optimization as a function of the num-

that violate the model assumptions so much that the SIMGer of iterations. The figure is qualitatively the same as
ulator cannot complete the simulation process to pmduc%igure 3

any significant information. For such points, a large ficti-
tious takeoff mass is generated as the value of the objec-

tive function. . . . .
Ei > show 3D proiection of th rch The almost vertical leading parts of the curves are where the feasible
gure 2 shows a projecton o € search space oﬂegion was reached. These parts are so steep because of the large penalty

the first three parametetk, |4, andl,) of Table 1. The blank  term that goes to zero for feasible points.
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Fig. 2. The “slab-shaped” evaluable region.

3.2. Application domain 2: Supersonic cruise sion, contraction ratio, inlet start throat area, throat loca-

missile inlet domain tion, shock train length, and divergence of subsonic dif-
fuser.

3.2.1. Domain description Figure 5 shows the model of the missile geometry, which

Our second domain concerns the design of inlets for suis composed of six fixed parameters and eight design pa-
personic and hypersonic missiles. We summarize it brieflrameters given in Tables 2 and 3, respectively. The missile
here; it is described in more detail in Zha et@996. inlet is axisymmetric and the coordinates are given in terms

The missile inlet designed is an axisymmetric mixed com-of axial (x) and radial(r) positions.
pression inlet that cruises at Mach 4 at 60,000 feet altitude. The simulator used in this domain is a program called
Minimum manufacture cost for this inlet is critical, and there- “NIDA,” which was developed at United Technology Re-
fore, techniques such as boundary layer bleed and variabkearch CentdilUTRC) as an inlet analysjslesign toolHaas
geometry are not used—the performance of the inlet thust al., 1992. It uses a 1D aerodynamic model with the
relies solely on the aerodynamic design of the rigid geom-method of characteristics for the supersonic part upstream
etry, such as the extent of external and internal compressf the throat, and empirical correlations based on experi-

T T — T T T T
240 'GADO_Aircraft —— 240 | | "GADO_Aircraft — ]
! 'GADO_Aircraft_noSM’ ---- 1 'GADO_Aircraft_noSM' ----

230 230

220 220

210[’

200

210

200 +

Take off mass(ton)
Take off mass(ton)

190 |

190 |

180 |-

170 170 |

L L L L N
0 2000 4000 6000 8000 10000 12000 [} 2000 4000 6000
Evaluations Evaluations

B

L s
8000 10000 12000

Fig. 3. Effect of screening on average performance in application domainFig. 4. Effect of screening on worst-case performance in application do-
1 (aircraft design main 1(aircraft design
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(53

! \/
N subsonic diffuser

"constant” cross-section uniform cross-section
(cross section increases slightly)

throat

Fig. 5. Supersonic missile inlet geometry model.

mental data downstream of the throat for the region of thelefault value$.This time it is a maximization problem so
terminal shock wavgurbulent boundary layer interaction higher points on the curve represent better designs. The
and subsonic diffuser. A complete NIDA run requires aboutscreening module had very little effect on performance in
6 CPU on a DEC Alpha 250/266 desktop workstation.  this domain, neither helping nor harming GADO’s behav-
Unfortunately, NIDA suffers from a number of serious ior. Figure 8 shows a similar lack of effect on worst-case
shortcomings. There are numerous small discontinuities iperformance. Although the screening module did not help
the function it computes and in its first derivative, and thereoptimization performance in this domain, neither did its use
are numerous unevaluable points that cause NIDA to crasharm the overall optimization effort.
or print an error message. These discontinuities are some-
times in the middlg of regions of good desigps. Figure 63 3 Benchmark engineering design domains
shows a cross section of the search space defined by NIDA i o )
which illustrates these problems. Each point along this curvd © further define the scope of applicability of the screening
is for a different value of the axial location of the throgj, ~ Module, we examined its performance in a large group of
The blank regions of the curve are unevaluable points. Th@€nchmark engineering design domains. _
figure shows how difficult it can be to do optimizations in _ N 1977, Eric Sandgren published his Ph.D. thesis by the
this domain. title “The utility of nonlinear programming algorithrhs
The eight design parametefail continuous valuedare ~ (Sandgren, 19797He applied 35 nonlinear optimization al-
given in Table 3, with coordinates given in terms of axial 9°Tithms to 30 engineering design optimization problems
(x) and radialr) positions. The goal of the optimization is @nd compared their performant&andgren’s general con-

to maximize the total pressure recovery, a quantity that i€!usion was that no single optimization technique among
commonly used to measure the performance of inlets. the ones he tested performed reasonably well in all the test

In summary, the problem has eight parameters and 20 ir£2S€s- He noted, however, that a group of metHuadisch

equality constraints. 3% of the search space is evaluable and
0.147% is feasible.

2The population size was set to 40 rather than its default value of 80
. (10 times the dimensignn this domain only, to speed up the experiments.
3.2.2. Experiments and results SHis study did not include stochastic optimization methods such as ge-

Figure 7 demonstrates the utility of the screening moduld'®!¢ @g0rithms or simulated annealing.
in application domain Zmissile desigh The figure shows
the average of 5 runs of GADO witlabeled “GADO _
NIDA") and without(labeled “GADO_NIDA_noSMJ the
screening module. All other parameters were kept at their

Table 3. Inlet Parameters to Optimize

No. Parameter Definition
Table 2. Inlet Fixed Parameters

1 0, Initial cone angle
No.  Parameter Definition 2 2 Final cone angle

3 Xg Axial location of throat
1 D Cowl diameter 4 Iy Radial location of throat
2 I Centerbody radius of constant cross section region5 Xe Axial location of end of “constant” cross section
3 Xg Length of inlet for computation 6 [ Internal cowl lip angle
4 X Length of inlet for computatioli= xg) 7 He; Height at end of constant cross section
5 Xn Length of inlet for computatioli= x,) 8 Hiy Height at beginning of constant internal
6 Im External diameter cross section
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0.354 — : : . —— — T T - T T

'GADO_NIDA" —
'GADO_NIDA noSM' -----_|

0.352 g 04 L

035 Bl
0.348 - 4

0.346 | \ 4

0344 | g

0.34 -
0.342 9

0.36 [

Total Pressure Recovery
Total pressure recovery

. . . . ~ .
0.338 , . ) . 0 500 1000 1500 2000 2500 3000 3500 4000
235 24 245 25 255 Evaluations

Fig. 8. Effect of screening on worst-case performance in application do-

Fig. 6. A cross section of the search space defined by NIDA. : A A
main 2(missile desigh

he called the generalized reduced gradient methodse

reliable across a large number of test cases. The 30 prob- Some properties of the benchmarks used are summarized
lems he used were also used by other researchers before andrable 4. The second column of the table shows the prob-
after Sandgren’s workPowell & Skolnick, 1993. lem numbers as they appeared in Sandgren’s thesis. The third

Those problems have now become used in engineeringolumn shows the problem dimensiofis., the number
design optimization domains as benchmarks. One of the mosif design variables in each problgnThe fourth and fifth
recent experiments involving these domains was reportedolumns show the number of inequality and equality con-
in Powell and Skolnick1993, in which a GA package called straints, respectively. The sixth column shows the best-
OOGA and a numerical optimization package called NumOpknown optima of the problems. A detailed description of
were compared to each other in 10 of Sandgren’s domainshese domains is given in Sandgrd®77). A detailed de-

The 10 domains were a representative sample of the origiscription of the experiments comparing GADO to other op-
nal 30. We ran experiments in eight of these 10 dom&ins.timizers in these domains can be found in Ras{&ée8%).

All eight were minimization problems. In this paper we only focus on studying the effect of the
screening module on performance.

For each problem GADO was run five times using dif-
ferent random starting populations and the default values
for its parameters. The limit on the number of function eval-
uations was set according to the complexity of each prob-
lem. The experiments were repeated with the screening
module turned off and all other parameters kept the same.

“We were unable to do any comparison in 2 of the 10 domains becaus
they had unbounded variables.

Table 4. Results of Optimization in Benchmark Domains

Constraints

5 vas | Domain Sandgren —_— Best
g No. No. Dim. Inequ. Equ. f
. 1 13 5 4 0 26.78
034 | 2 2 3 2 0 —-3.3
3 3 5 6 0 —3.06
4 8 3 2 0 —5.68
032 | 5 6 6 0 4 8.92
0 500 1(;00 1 5‘00 20’00 25‘00 30‘00 35‘00 4000 6 15 16 O 8 244 ’ 8
Evaluations 7 21 13 13 0 97.5
8 22 16 19 0 174.7

Fig. 7. Effect of screening on average performance in application domain
2 (missile desigh
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'GADO_Sandgren13' —
'GADO_Sandgren13_noSM' ----
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27 - | 27 b
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Fig. 9. Effect of screening on average performance in benchmark domairkig. 10. Effect of screening on worst-case performance in benchmark do-
1 (Sandgren’s problem 33 main 1(Sandgren’s problem 13

We compared the average and worst-case final perfor-
mance. We found that the screening module never degraded *°
the final average or worst-case performance in any of these
domains. We also found that the effect of the screening mod-
ule on average performance was moderate in the first four 27p
benchmark domains, as can be seen in Figure 9 thru Fig-
ure 16, probably because the optimizations were fairly easyg
The effect of the screening module on worst-case perfor—§ 29
mance was more significant though. A noticeable worst-£
case performance improvement can be seen in benchmark
domains 1, 2, and 4. In benchmark domain 5, the feasible =
region was found much earlier with the screening module
(see Figs. 17 and 18which is expected in a problem with
equality constraints—being focused in this case is very im- ;5 . s . N
portant as the feasible region is extremely sraailbench- 0 Ravaens TR0
mark domain 6, some GADO optimizations did not find any rig 11 Effect of screening on average performance in benchmark do-
feasible points in more than 50,000 iteratidngth or with- main 2(Sandgren’s problem)2

out the screening modulenaking it difficult to make any
qualitative performance comparisons. The last two bench-
mark domains showed significant performance improve-
ment due to screening in average and worst-case
performance.

Figure 19 demonstrates the utility of the screening module
in benchmark domain @Sandgren’s problem 21The fig- 27r
ure shows the average of five runs of GADO with and with- _
out the screening module. All other parameters were kept a;g
their default values. The figure shows that the screening modg 2o+
ule improved the performance in all stages of the searchg
The feasible region was reached faster with the screening
module. The final performance at the end of the search was =1}
significantly better with the screening module. Figure 20
shows the effect of the screening module on worst-
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®In this research, equality constraints were converted to inequalities by ) )
introducing a numerical threshold. Each equality of the fdritx) = 0 Fig. 12. Effect of screening on worst-case performance in benchmark do-
was replaced byh;(X)| < €, wheree is a very small constant. main 2(Sandgren’s problem)2
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Fig. 19. Effect of screening on average performance in benchmark doFig. 20. Effect of screening on worst-case performance in benchmark do-
main 7(Sandgren’s problem 21 main 7(Sandgren’s problem 21

case performance. The figure is qualitatively the same as L
Figure 19. o onoo LR SgeerE 1
Figure 21 demonstrates the utility of the screening mod- ‘

ule in benchmark domain &andgren’s problem 22The
figure shows the average of five runs of GADO with and 300
without the screening module. All other parameters were,
kept at their default values. The figure shows that the screen:
ing module improved the performance in all stages of theg 2o}
search. The feasible region was reached faster with thé
screening module. The final performance at the end of
the search was significantly better with the screening mod-  2°p
ule. Figure 22 shows the effect of the screening module on
worst-case performance. The figure is qualitatively the same
as Figure 21. wr__ ]
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Fig. 21. Effect of screening on average performance in benchmark do-
4. DISCUSSION main 8(Sandgren’s problem 22

4.1. Pathological search spaces

Itis possible to imagine spaces in which the screening mod-

ule may actually make the global optimum harder to find. ~ sef " T 7 1% T o0 s ]
Figure 23 illustrates one such situation. The figure shows a

one-parameter search space with two local optiassum-
ing it is a maximization problem Optimum A has a wide a0 |
basin of attraction while optimum B, the global optimum,
has a narrow basin of attractiéifit.is therefore possible that

all the explorations done before the screening action startg 2o
will not encounter a single point in the basin of attraction of £
optimum B. Thus, the sample used for screening will have
only bad points in the vicinity of optimum B and will then 220
prevent the optimizer from evaluating more points in that
vicinity. This may result in the optimization finally converg-

280

of merit

200 - B

180 | 1

L L Q L n \ L L n
[ 5000 10000 15000 20000 25000 30000 35000 40000 45000 50000
Evaluations

5The basin of attraction of an optimum is defined here to be all the ) ) )
points in the search space where if a hill climber is started it will convergeFig. 22. Effect of screening on worst-case performance in benchmark do-
to this optimum. main 8(Sandgren’s problem 22

https://doi.org/10.1017/50890060499133043 Published online by Cambridge University Press


https://doi.org/10.1017/S0890060499133043

Genetic-algorithm-based design optimization

30 T T T T — T T
'Needle-like-globgl-optimum’ —

25 1

B

20 - 4

Take off mass(ton)

Measure of merit

0 2 4 6 8 10 12 14 16
Parameter

240

230

220

210

200

190

180

170

167

T
'GADO_Aircraft’ — 7]
'GADO_Aircraft_K=1' ----
'GADO _Aircraft_K=3" -----
'GADO _Aircraft_K=5'
'GADO_Aircraft_noSM' -—- 7

L
2000

4000

1
6000 8000

Evaluations

10000 12000

Fig. 24. Effect of theK-nearest neighbor parametérin application do-

Fig. 23. Possibility of screening module failure.

ing to optimum A. However, in an engineering design op-
timization problem, optima like optimum B correspond to
an unstable desigfi.e., a design that will deteriorate con-
siderably due to a slight change in its parametdrsmany
domains, a design like the one corresponding to optimum A
may therefore be considered much better than that corre;
sponding to optimum B from a practical point of view. Fi-
nally, we note that if optimum A did not exigte., the curve
was flat everywhere except for the basin of attraction of op-
timum B), the screening module will have no effect on the
search behavior until the basin of attraction of optimum B
is discoveredif ever). If the basin is discovered, the screen-
ing module will then help the search converge faster to the
optimum location.

Total pressure recover

4.2. Effect of theK-nearest neighbor parameterK
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We examined the effect of th€-nearest neighbor param-
eterK in application domain 1aircraft desigh We com-
pared the average performance of 15 runs of GADO in
application domain Xaircraft design with four different
values of the parametei§. one, two(the default, three,
and five. The results are shown in Figure 24. The figure
generally demonstrates that the sensitivity to change in this
parameter is minimal in this domain. F& = 5 (loose
screening, we start to see an increase in the time it takes
to find the feasible region. Increasitgbeyond 5 is likely
to be similar to turning off the screening module.

We repeated the experiment in application domaimi-
sile design. The results are shown in Figure 25. The figure
shows that the sensitivity to the parameteis minimal in
this domain also, except that f&r= 1, where the final per-
formance was a little worse than with all other values.

We also repeated the experiment in benchmark domain 7
(Sandgren’s problem 21The results are shown in Fig-
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ure 26. The figure demonstrates a moderate effect of theig. 26. Effect of thek-nearest neighbor parametérin benchmark do-
parameteliK on performance. The best final performancemain 7(Sandgren’s problem 21
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was achieved with the default value of 2, the default value  on new tasks using that problem space. PRODIGY

set prior to the start of all experiments. (Minton, 198§ is a domain-independent planning sys-
tem that uses EBL to form search-control rules that help
the PRODIGY planner make correct control decisions

5. RELATED WORK in situations that are similar to past decisions, within a

The idea of using the GA optimization history to guide fur- single overall task as well as across tasks.

ther explorations was studied in Ravise and Seli8296),
where inductive learning was used to learn rules describing  FINAL REMARKS
bad points in a multidimension Boolean space. The use of
rules was appropriate in that research because the evalushis paper has presented a modification of the GA for con-
tion functions were not expensive enough to warrant the usénuous design search spaces that is based on maintaining a
of case-based learning. The main drawback in that researddrge sample of previously evaluated points and screening
was that they had to do only negative screening. A poingenerated points so that only those that are near previously
considered bad at any stage of the search will always bgeen good points are actually evaluated. Experimental re-
considered bad, whereas a point considered good in the b&ults demonstrated the merit of the proposed modification
ginning of a search may be bad later in the search, as thi@ the domains of aircraft design optimization and missile
average quality of the population increases. Usingearest  inlet design as well as several benchmark engineering de-
neighbor methods implicitly allows the GA to vary the sign domains.
threshold of acceptability over the course of the search, and The screening module proved to be one of the most im-
makes a much weaker assumption about the shape of ti@rtant components of GADO. In future work we plan on
boundary between good and bad regions than is the case fivestigating the possibility of using domain knowledge to
other learning methods. Also, in the field of GA design op-dynamically configure the operation of the screening mod-
timization, Louis(1997) presented a method for using in- ule. For example, the size of the sample used for screening
formation about an entire GA optimization to guidéher ~ could be set at run time based on the average cost of eval-
GA optimizations in similar domains. uating each poindi.e., more expensive evaluation functions
Several research efforts outside the GA field also fo-warrant the use of a larger sample $iZEhe parameteK
cused on the idea of using search history to guide futur€an also be set in an intelligent way, based on the search
exploration. The examples include: space structure that gets discovered at run time. For exam-
) ple, more neighbors can be used to judge the potential of a
« Tabu searchiGlover 1989, 199Dis a search method 5int in regions where the objective function is observed to
similar to simulated annealing in the sense that it is &hange abruptlysuch as near the borders of the feasible
path following method that may allow movements to region.
an inferior state in an effort to avoid being trapped in ¢ 5 higher level, it is not clear that thé-nearest neigh-
local optima. Tabu search uses a list called the “Tabuy, o approach is the best approach for screening. We plan on
list,” which dynamically ghanges throughout the Coursejnyestigating the use of a classifier systéBoldberg, 1989
of the search and contains a group of the most recentlyhich screens potential points by classifying them as prom-
V|s'|ted points of the search space. The search ?VO'd%ing or unpromising. We also plan to explore the use of
going back to these states so as not to keep cycling. more sophisticated machine-learning techniques to extrap-
« Dependency-directed backtrackiigich & Knight,  gjate from past evaluations as part of the screening module.
1991 is a search method similar to depth-first search,the syccess of the screening module is dependent on the
which uses search history to decide which state to backspgice of the distance function for finding neighbors. The
track to in case a search path proved fruitless. Euclidean distance was successful in this research, when
« Explanation-based learnin@=BL) (Mitchell, 1997 he parameters were normalized to have equal ranges. In

takes the outcome of a training procéssch as arule, sther domains it may become necessary to use a more com-
a proof, or a decision treand transforms it to a more plicated distance function.

compact(and often more genenalorm. Prieditis and

Mostow (1987 proposed an adaptive Prolog inter-
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