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Abstract: In Natural evolution, a mutation may Ibethal, causing an abrupt end to an evolving lineage. This fact has a
tendency to cause evolution to “prefer” mutationally robust solutions (which can in turn slow innovation), an
effect that has been studied previously, especially in the context of evolution on neutral plateaux. Here, we
tackle related issues but from the perspective of a practical optimization scenario. We wish to evolve a finite
population of entities quickly (i.e. improve them), but when a lethal solution (modelled here as one below a
certain fitness threshold) is evaluated, it is immediately removed from the population and the population size
is reduced by one. This models certain closed-loop evolution scenarios that may be encountered, for example,
when evolving nano-technologies or autonomous robots. We motivate this scenario, and find that evolutionary
search performs best in a lethal environment when limiting randomness in the solution generation process, e.g.
by using elitism, above-average selection pressure, a less random mutating operator, and no or little crossover.
For NKa landscapes, these strategies turn out to be particularly important on rugged and non-homogeneous
landscapes (i.e. for larg€ anda).

1 INTRODUCTION are reconfigurable, destructible and non-replaceable.
Consider the following scenario. We are devel-
In this paper, we consider the use of evolutionary al- oping, by evolution, the control software for an au-
gorithms (EAs) for optimization in a setting where the tonomous endoscopic robot (similar to (Moglia et al.,
notions of an individual and of a population size, are 2007; Ciuti etal., 2010)), which is ultimately intended
slightly different from standard, which forcesustore- to be swallowed by a patient in capsule form, and
consider how to configure an EA appropriately. The then used within the body for screening, diagnosis and
general setting is closed-loop optimization (Klock- therapeutic procedures. Before robotic capsules are
gether and Schwefel, 1970; Harvey et al., 1996; used on humans, however, their reliability and effec-
Rechenberg, 2000; Shir et al., 2007; Calzolari et al., tiveness typically needs to be first validated through
2008; Allmendinger and Knowles, 2011), whichis an in vivo animal trials. Imagine we have availalje
area in resurgence, and likely to expand further in fu- prototypes of a robotic capsule, and we can “radio in”
ture. In these type of problems, candidate solutions new control software to each of these individual cap-
(genotypes) to an optimization problem are planned sules and evaluate them. However, our control soft-
on a computer but their phenotypes are realized orware may cause a capsule to malfunction in a lethal
prototyped using experiments and/or real hardware; (for it) way, in which case it is no longer available
the process of measuring the fitness (or quality) of (and falls out of the evolving population). In such
the phenotype may also involve conducting an exper- a scenario, our population size for the remainder of
iment and/or the use of hardware. There are severalthe evolution is now at mogi— 1, in terms of how
ways in which this kind of setup may cause difficul- many pieces of software can be tested each genera-
ties, and there has been recent work (Allmendinger tion. If we continue to explore too aggressively, we
and Knowles, 2011) considering some aspects of may upload other pieces of software that cause the
closed-loop evolution related to dynamic constraints loss of individuals, which will cost evolution in terms
and the dynamic availability of resources. Here, our of the extent of parallelism (and hence efficiency in
concern is for a particular sort of closed-loop setting time) we enjoy, and also perhaps in the loss of expen-
where the hardware on which individuals are tested sive hardware. So whilst we wish to innovate by test-
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ing new control policies, this must be balanced care- scapes) we use to analyze the impact of lethal solu-
fully against considerations of maintaining a reason- tions (Section 2.2). Experimental results are given in
able population size. Section 3; we draw conclusions in Section 4. Finally,

This setting may seem far-fetched to some read- Section 5 outlines possible directions for future work.
ers. However, as we see evolution being applied more
and more at the boundary between a full embodied

type of evolution (Watson et al., 2002; Zykov etal., 2 EXPERIMENTAL SETUP

2005) (where the hardware individuals may repro-

duce or exchange information) and a fully in silico s section describes the family of binary test func-
S|m_ulatlon—only_approach,_espemally asEAsare take_ntions f we consider, the search algorithms for which
up in the experimental sciences more and more, itis g investigate the impact of a lethal optimization sce-

Illkely tgat vagantsbof the abovle S.C(.anarlolc\j/wll emlflargbe. nario, and the parameter settings as used in the subse-
t need not be robotic capsules; it could equally be o iant exnerimental analysis.

nano-machines or drone planes we are dealing with;
it could be robot swarms, or software released on the S .
Internet, or anything that is reconfigurable remotely 21 ch Algorithms

in some way, and also destructible. . . L
Clearlv. th incinle of * ival of the fittest” i We consider three types of search algorithms in this
goingetﬁrb)g so?n%”v:r?;t);a?n psel;rgtljvgy?he forlls?rZinltsthatwork: a tournament selection based genetic algorithm
we wish all designs to survive. Indeed, no innovation i(rTg;RAIQSa(snt];r?éfilr?gfgferglrg?juoc;ftigr:lvohflggs\fuvsolaljﬁo;zll_
it]lallsv;cl(lekzjzg_oigblg 'L\évfhin;;rscﬁhﬁo??ﬁ:?ﬁn Ofn_and a population of stochastic hill-climbers (PHC).
y 1gns, giv ey Y U Similar types of algorithms have been considered in

seeln t(jesugn co#ld ?de a Iethﬂk(])nte. Songs tls ufs:JaI W'tfhprevious studies related to mutational robustness (see
evolution, we should expect that some rate of loss o e.g. (Bullock, 2003; Schonfeld, 2007)).

e e oo b o et BETor We descrbecach algorim. e frst et ot
opulation size and grallelism will tlyoe com’ romised goceduy common to all of them. These are the
bop P P ' generation process of the initial population of candi-

So_, the question is, how sh_ould_one ?OWO_' the explo- date solutions, the setting of the fithess threshold be-
ration/exploitation tradeoff in this optimization setup. low which solutions are deemed lethal. the mutation

In more Natural settings than we consider here, gperators, and the handling of duplicate solutions.
the notion of robustness and the tendency of evolu- Regarding the initialization, our aim is to simulate
tion to build in mutational robustness for free has been e scenario where the initial population, whose size
previously studied (Bullock, 2003; Schonfeld, 2007). \ve denote by, consists of evolving entities (e.g.
Bullock's work in particular shows that certain in-  opqtic capsules, robot swarms or software) that are of
built biases toward mutational robustness can retard g certain (high or state-of-the-art) quality. We achieve
innovation (our primary concern here). He proposed g by first generating a sample set®fandom and
methods that avoid the bias and hence explore neutraly o jgentical candidate solutions, and then selecting
plateaux more rapidly. This work has a different pur- h fittestpg solutions from this set to form the initial
pose to ours, and involves different assumptions, but population. The lethal fitness threshdigr is set to
there are also obvious parallels which we hope will be he fitness value of theth fittest solution of the sam-
apparent from our results. ple set. This threshold is kept constant throughout an

Our more practical investigation of the effects on algorithmic run.
optimization performance of lethal mutations looks For mutation, we will investigate two modes (sim-
at some of the Simple EA Configuration parameters: jlar to (Barne[t, 2001)) (i)Doisson mutationwhere
degree-of-elitism, population size, selection pressure, each bit is flipped independently with a mutation rate
mutation mode and strength, and crossover rate. Weof p,,, and (ii) constant mutationwhere exactlyd
also vary aspects of the fitness landscape we are optirandomly selected bits are flipped. Furthermore, all
mizing to observe which landscape topologies pose asearch algorithms ensure that a solution is not evalu-
particular challenge when optimizing in a lethal envi- ated muiltiple times. That is, all evaluated solutions
ronment. are cached and compared against a new solution (off-

The rest of the paper is organized as follows. The spring) before performing an evaluation; preliminary
next section describes the experimental setup includ-experimentation showed that avoiding duplication im-
ing the search algorithms considered (Section 2.1) proves the performance significantly. If a solution
and the family of binary test problemslKa land- has been evaluated previously, then the GA iteratively
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Algorithm 1: Tournament selection based GA (TGA).

Require: f (objective function),G (maximal number of
generations)yy (initial parent population size)\q (ini-
tial offspring population size), (maximal number of re-
generation trials)

g =0 (generation counterPop= 0 (current population),
OffPop= 0 (offspring population) AllEvalSols= 0 (set
of solutions evaluated so fatjials = 0 (regeneration tri-
als counter),counter= 0 (auxiliary variable indicating
the number of solutions evaluated during a generation)

Initialize Pop and set lethal fitness thresholg-t; copy
all solutions ofPop also toAllEvalSols and setyg =
UOa)\g = )\0
whileg < G A g >0do

OffPop= 0, trials = 0,counter= 0

Set mutation rate to initial value

while counter< Ag do

Generate two offspring¥ andX(? by selecting
two parents fromPop, and then recombining and
mutating them
fori=1to2do
if X ¢ AllEvalSolsA counter< Ag then
EvaluatexV) using f, counter+, trials = 0
AllEvalSols= AllEvalSols x(!)
if (%)) > f_rr then
OffPop= OffPopUx(!)
elsetrials++
if trials = L then
Depending on the mutation operator, reset
mutation rate topm = pm+ 0.5/N (Poisson
mutation) ord = d 4 1 (constant mutation)
g++
Reset new population sizesjig= Ag = |OffPog, and
form new populatiorPop by selecting the besly so-
lutions from the union population ¢fopu OffPop

generates new solutions (offspring solutions) until it

1989) (pc shall denote the crossover rate). Our TGA
uses a|i+ A)-ES reproduction scheme, an elitist ap-
proach, which performed significantly better than a
standard generational reproduction scheme in prelim-
inary experimentation, and which we believe is gen-
erally applicable in this domain. We set the number
of offspring solutions to be identical to the population
size (or the number of parent solutions), ije= A.

As the population size may decrease during the opti-
mization process (due to evaluated lethal solutions),
in future, we will denote the population size at gener-
ationg (0 < g < G) by g = Ag with g= G being the
maximum number of generations. Clearly, the max-
imum number of generations can only be reached if
the population does not “die out” beforehand. Algo-
rithm 1 shows the pseudocode of TGA.

RBS is based on TGA and motivated by the
netcrawler(Barnett, 2001), an algorithm that repro-
duces only a single best solution at each generation.
RBS selects parents for reproduction exclusively and
at random from the set of solutions of the current pop-
ulation with the highest fitness. Hence, it can be seen
as a tournament selection based GA Wl pig and
where the tournament participants are seleetil-
out replacementApart from the selection procedure,
RBS will use the same algorithmic setup as TGA.

2.1.2 Population of Hill-climbers (PHC)

This search algorithm maintains a population of
stochastic hill-climbers, which explore the landscape
independently of each other. Each hill-climber under-
goes mutation and, if the mutant or offspring is not
lethal, it replaces the original solution if it is at least

as fit. Algorithm 2 shows the pseudocode of PHC. In
essence, PHC with constant mutation is identical to

generates one that is evaluable, i.e. has not been evalrunning a set of random-mutation hill-climbers (For-

uated previously, or untl trials have passed without

rest and Mitchell, 1993) in parallel with the difference

success. In the latter case, we reset the mutation ratehat, as in the case of TGA, the mutation strength is

to pm= pm+0.5/N (N is the total number of bits) and
d =d+1inthe case of Poisson mutation and constant
mutation, respectively; note, due to its deterministic

temporarily increased if a previously unseen solution
cannot be generated within trials. PHC has also
similarities to the netcrawler (Barnett, 2001) and the

nature, it is more likely that this reset step is applied plateau crawler (Bullock, 2003). These approaches
with constant mutation. For TGA and RBS we set have in common that they guarantee that each parent
the mutation rates back to their initial values at the potentially leaves a copy or a slightly modified ver-
beginning of each new generation; for PHC it makes sjon of itself in the population. This ensures that off-
more sense to set the mutation rates back whenevekpring, parents, or other ancestors, are equally likely
a hill-climber of the current population is considered to be selected as future parents. For fitness landscapes
the first time for mutation (see pseudocode of PHC). featuring neutral networks, this feature can cause a
population to be unaffected by mutational robustness
as it allows the population to spend at each point on
a neutral network an equal amount of time (Hughes,
The algorithm uses tournament selection with re- 1995; Bullock, 2003).

placement for parental selectiongshall denote the

tournament size) and uniform crossover (Syswerda,

2.1.1 Tournament Selection based GA (TGA)
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Algorithm 2: Population of hill-climbers (PHC). Table 1: Default parameter settings of search algorithms.
Require: f (objective function),G (maximal number of Algorithm Parameter Setting
generations)yy (initial parent population size), (max- Parent population sz 30
imal number of regeneration trials) Constant mutation raig 1
g =0 (generation counterlfop= 0 (current population), TGA, Regeneration trialks 1000
OffPop= 0 (offspring population) AllEvalSols= 0 (set PHC, Number of generation§ 200
of solutions evaluated so fatjials = 0 (regeneration tri- RBS Sampling sizeS 1000
als counter)lethal = false (auxiliary boolean variable in- Solution rankg for lethal
dicating whether a hill-climber is lethal) fitness threshold setting 250
o ) Offspring population sizag 30
Initialize Popand set lethal fitness thresholget; copy Tournament siz&S
all solutions ofPopalso toAllEvalSols and sefly = 1o TGA (Selection with replacement) | #
whileg <G A g >0do Crossover rat@y 0.0
OffPop= 0, trials = 0 Offspring population siz&, 30
for i =1to g do o Tournament siz&S
Set mutation rate to initial valuégthal = false RBS | (selection without replacement) 9
repeat _ _ Crossover rat@c 0.0
Mutate solutior¥; of Popto obtain mutang
if X ¢ AllEvalSolsthen
EvaluatexX usingf, trials =0 variant of NK landscapes calledNKa land-
AllEvalSols= AllEvalSolsJ %] scapes (Hebbron et al., 2008). The use of this
if f(xi'); furr then test problem should help us to gain initial insights
if féﬁgg,oz i(é)ﬁg:)e” % into the effects of lethal solutions on fitness land-
eIseOffP%E: OffP%JpU% scapes featuring various degrees of epistasis and
else lethal = true ruggedness.
elsetrials++
if trials = L then 2.2.1 NKa Landscapes

Depending on the mutation operator, reset
mutation rate topm = pm+0.5/N (Poisson  The general idea of theNKa model (Hebbron
_ mutation) ord = d + 1 (constant mutation) et al., 2008) is to extend Kauffman’s originhlK
g+$nt||2{|s evaluablev lethal = true model (Kauffman, 1989) to model epistatic net-
Reset new population size g = |OffPog, and form work topologies that are more realistic in mapping
new populationPop by copying all solutions from the epistatic connectivity between genes in natural

OffPopto Pop genomes. Th&lKa model achieves this by affecting
the distribution of influences of genes in the network
in terms of their connectivity, through a preferential
2.2 Test Functions f attachment scheme. The model uses a parameter
to control the positive feedback in the preferential at-

Our aim in this study is to understand the effect of tachment so that largerresultin a more non-uniform
lethal solutions on EA performance on real closed- distribution of gene connectivity. There are three tun-
loop experimental problems (ultimately). Hence, it able parameters involved in the generation ol
might be considered ideal to use, for testing, some setl@ndscape: the total number of variabkésthe num-
of real-world closed-loop optimization problems sub- ber of va}rlables that interact epistatically at each of
ject to lethal solutions, that is: real experimental prob- theN loci, K, and the model parameterthat allows
lems featuring real resources that may potentially be US t0 specify how influential some variables may be
fatally damaged. That way we could see the effects of Compared to others. Asincreases, an increasing in-
EA design choices directly on a real-world problem fluence is given to a minority of variables, while, for
of interest. But even granting this to be an ideal ap- & = 0, theNKa model reduces to Kauffman's original
proach, itwould be very difficult to achieve in practice NK model with neighbors being selected at random;
due to the inherent cost of conducting closed-loop ex- this model has already been used previously to ana-
periments and the difficulty of repeating them to ob- lyze certain aspects of real-world closed-loop prob-
tain any statistical confidence in results seen. For this |éms (see e.g. (Thompson, 1996)).
reason, our study will use more familiartificial test .
problems augmented with the possibility of encoun- 2.3 Parameter Settings
tering lethal candidate solutions.

The family of test functions we consider here isa The experimental study will investigate different set-

tings of the parameters involved in the search algo-
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rithms. However, if not otherwise stated, we use the 26
default settings as given in Table 1 with constant mu- )
tation being the default mutation operator. Remember
that RBS uses the same default parameter settings as
TGA with the difference that reproductive selection

is done withTS= g and tournament participants are
chosen without replacement.

For NKa landscapes, we analyze the impact of
lethal solutions using different settings of the neigh- -
borhood sizeK and the model parameter. We fix 0 2 4 6 8 10 12 12 16
the search space size o= 50, which corresponds
to a typical search space size we have seen in related
closed-loop problems (e.g. a drug discovery problem
with a library of 30—60 drugs (Small et al., 2011)).

Any results shown are average results across 100
independent algorithm runs. We will use a differ-
ent randomly generated problem instance for each run
but, of course, the same instances for all algorithms.
Furthermore, to allow for a fair comparison, we also
use the same initial population and (hence) lethal fit-
ness threshold for all algorithms in any particular run.

Average adaptive walk length
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3 EXPERIMENTAL RESULTS Figure 1: Plots showing the average length (top) and the av-

erage number of unique local optimal solutions found (bot-

tom) across 10 repetitions of 10000 adaptive walks for dif-
Before we analyze the effect of lethal solutions on ferent neighborhood sizésand model parameter values
evolutionary search, we first give some indication of
the properties of th&lKa landscapes, and the effect o allow us to cover a reasonable mixture of fitness
of varyingK anda for (N=50) over the ranges used in landscapes exhibiting different topologies or levels of
our experiments. For this, we follow the experimen- ruggedness and epistasis.
tal methods employingdaptive walksalready used Figure 2 shows how a lethal optimization scenario
by (Hebbron et al., 2008). Starting from a randomly affects the best solution fithess found (top plots) and
generated solution, an adaptive walk calculates the fit- the (remaining) population size (bottom left plot) for
ness of all neighbors of the solution that can be gener- TGA with a rather traditional setu@ &= 2, p. = 0.0
ated with a single mutation step, and selects one of theand Poisson mutation withy, = 1/N) as a function
fitter neighbors at random to move to. Ifthere is nofit- of the parameterk anda; the bottom right plot in-
ter neighbor, then the walk has reached a local optimadicates the scope available for optimization after the
and terminates. We have performed 10000 adaptiveinitialization of the population. From the top plots we
walks for different values oK anda, and recorded can see that the performance is most affected for fit-
the length of each walk and the genotype of the lo- ness landscapes that are rugged (la¢ybut contain
cal optima where each walk terminated. We have re- some structure in the sense that some solution bits are
peated this process 10 times for different valueKof  more important than others (largg. As is apparent
and a using always a different randomly generated from the bottom left plot, the reason for this pattern is
landscape. Figure 1 shows the average adaptive walkthat the population size at the end of the optimization
length (top plot) and the average number of unique decreases as and/ora increase, i.e. lethal solutions
(local) optimal solutions (bottom plot). In essence, are here more likely to be encountered. In fact, for
this figure shows that increasitgreduces the aver- largeK anda, the optimization terminates on average
age length of an adaptive walk, i.e. the landscapesafter only about 25 generations (out of 200). The rea-
becomes more rugged, and at the same time increaseson that the population size reduces for lakgis that
the probability that the EA gets trapped at a new local the fithess landscape becomes more rugged, which in-
optimal solution. On the other hand, increasinge- creases the risk of evaluating lethal solutions despite
duces the ruggedness of the fitness landscapes and déhem being located close to high-quality solutions.
creases the number of unique local optimal solutions. Although an increase in introduces more structure
As is apparent from the figure, the parametérand into the fitness landscape, it has also the effect that so-
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TGA - Average absolute difference between
the best solution fitness found in
a lethal and non-lethal environment

TGA - Average best solution fitness
obtained in lethal environment
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Figure 2: Plots showing the average best solution fitnessdfdy TGA (usingTS= 2, p. = 0.0 and Poisson mutation with
pm = 1/N) in a lethal environment (top left), the average absoluffedince between this fithess and the fitness achieved
in a non-lethal environment, i.ef gt = 0 (top right), the average proportion of the population thatvived at generation

G = 200, orpg/o (bottom left), and the average absolute difference betwieerest solution fitness found and the lethal
fithess threshold in a non-lethal environment (bottom )igitt NKa landscapes as a function of the neighborhood Kiaad

the model parameter.

lutions which have some of these important bits setin- a rather traditional setup and a PHC in a non-lethal
correctly are more likely to be poor. A plausible alter- optimization scenario (right plots) but performs bet-
native explanation for the poor performance at large ter than both algorithms in a lethal optimization sce-
o may be that the lethal fithess threshold is very close nario (left plots). In fact, as we will also see later, in
to the best solution fitness that can be found, thus re-the range&k > 5,a > 1, PHC performs best among all
ducing the scope of optimization possible and causing the search algorithms considered in the non-lethal en-
many solutions to be lethal; the bottom right plot rules vironment but worst in the lethal environment. The
this explanation out. Regarding the (remaining) pop- poor performance of PHC in this range is due to the
ulation size, a greater selection pressure, i.e. a largerfact that the hill-climbers in the population are search-
tournament size, can help to maintain a large popula- ing the fitness landscape independently of each other.
tion size for longer, particularly for larg€ and small This may be an advantage in a non-lethal environment
a. On the other hand, being more random in the solu- because it can help to maintain diversity in the popula-
tion generation process by using, for example, a largertion and prevent premature convergence. However, in
mutation and/or crossover rate, has the opposite ef-a lethal environment, uncontrolled diversity is rather a
fect, i.e. the population size decreases more quickly. drawback as it increases the probability of generating
The effect on the (remaining) population size solutions with genotypes that are significantly differ-
translates into an impact on the average best solutionent from the ones in the population, which in turn in-
fitness. In fact, from Figure 3, we can see that, for creases the probability of generating lethal solutions.
rugged landscapes with structure (i.e. in the range The less diverse and random optimization of TGA is
K > 5a > 1), TGA is outperformed by a GA with  also the reason that it outperforms a GA with a more
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Figure 3: (Top) Plots comparing the relative performanc&®A (default parameters) and TGA wif6= 2, pc = 0.0, pm =

1/N, in alethal (top left) and non-lethal environment (top t)gDarker shades indicate that TGA wifls= 2, pc = 0.0, pm =

1/N performs better. (Bottom) Plots comparing the relativégrerance of TGA and PHC (both using default parameters) in a
lethal (bottom left) and non-lethal environment (bottoght). Darker shades indicate that PHC performs betteroRegnce

is plotted as a function df anda in all cases. Relative performance is calculated @8 > fa)/P(f(x) > fg) where Pis a
sample probability estimated from 10000 samples &l is a random draw from the search space, whiland fg represent
the best fitness obtained by the two algorithms.

traditional setup on rugged landscapes with structure.risk of generating lethal solutions and subsequently
Let us now analyze how the search algorithms limit the effectiveness of evolutionary search. More
fare with different parameter settings. Table 2 shows precisely, for a lethal environment, the tables indicate
the average best solution fithess obtained by differentthat one should use a GA instead of a PHC, and re-
algorithm setups in a lethal and non-lethal environ- duce randomness in the solution generation process
ment (values in parenthesis) diiKa landscapes with by avoiding crossover (generally), and using constant
K =4,a = 2.0 (top table) an&K = 10,a = 2.0 (bot- mutation as well as a relatively large tournament size.
tom table), respectively. Note that due to the nature The poor performance of Poisson mutation, which is
of NKa landscapes (particularly due to the absence of a typical mutation mode for GAs, is related to situa-
plateaus or neutral networks in the landscapes), theretions where an over-averaged number of solution bits
was only a single best solution in the population at is flipped at once. Such variation steps lead to off-
each generation. For RBS, this has the effect that spring that are located in the search space far away
the performance is independent of the crossover ratefrom their non-lethal parents, which can in turn in-
because crossover is applied to identical solutions. crease the probability of generating lethal solutions.
The two tables largely confirm the observation made Finally, Figure 4 analyzes whether evolving a
above: while a relatively high degree of population large set of entities for a small number of genera-
diversity and randomness in the solution generation tions yields better performance than evolving only a
process may be beneficial in a non-lethal environmentfew entities for many generations; i.e. how is the
(which is particularly true for rugged landscape as can trade-off between the initial population sipg and
be seen from the bottom table), it is rather a draw- the maximum number of generatio@s For a non-
back in a lethal environment as it may increase the lethal environment (right plots), we make two obser-
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Table 2: The table shows the average best solution fitnesslfoua lethal environment aft€s = 200 generations, and

in parenthesis, the fithess found in a non-lethal envirormien different algorithm setups oK = 4,a = 2.0 (top) and

K =10,a = 2.0 (bottom); the results aindom samplingvere obtained by generatir@ x g = 200x 30 = 6000 solutions

per run at random and averaging over the best solution fitredaes found. The numbers in the subscript indicate the rank
of the top five algorithm setups within the respective envinent and fitness landscape configuration. We highlighted al
algorithm setups (among the top five) in bold face that aresigtificantly worse than any other setup. A Friedman test
revealed a significant difference between the search #hgoisetups in general, but differences among the individealps
were tested for in a post-hoc analysis using (paired) Widcaests (significance level of 5%) with Bonferroni correnti

K=4a=20
Constant mutation Poisson mutation

pc=0.0 0.7224 (0.7297) | 0.6998 (0.7286)| 0.7174 (0.7272)| 0.7141 (0.7285)

TS=1 pc;=0.25| 0.7188(0.7272)| 0.6969 (0.729¢) | 0.7128 (0.7275)| 0.7029 (0.7296)

pc =05 0.713 (0.7279) | 0.6901 (0.7287)| 0.7091 (0.7276)| 0.7078 (0.7277)

pc=0.0 0.72233 (0.7269) | 0.7053 (0.7287)| 0.7198 (0.7271)| 0.7175 (0.7275)

TGA TS=2 p:;=0.25| 0.7217 (0.7263)| 0.7039 (0.7284)| 0.7172 (0.7263)| 0.7119 (0.7275)

pc =05 0.7178 (0.7261)| 0.7003 (0.728) | 0.7176 (0.7268)| 0.7135 (0.727)

pc=0.0 0.72185 (0.7266) | 0.7107 (0.726) | 0.7203 (0.7269)| 0.7184 (0.7269)

TS=4 p;=0.25| 0.7238; (0.7257) | 0.7085 (0.7254)| 0.7196 (0.7273)| 0.7169 (0.7278)

pc =05 0.7224, (0.7251) | 0.7101 (0.7256)| 0.7172 (0.7263)| 0.7167 (0.726)
| RBS | 0.7179(0.7226)] 0.7129(0.723) | 0.7177 (0.7229)] 0.7172 (0.7223)]
| PHC [ 0.7117 0.7334,) | 0.6843 (0.7271)] 0.7033 0.7343;) | 0.6912 (.73293) |

| Random sampling | 0.6197 (0.6358) |

K=10a=2.0
Constant mutation Poisson mutation

pc=0.0 0.6918 (0.7317)| 0.6637 (0.7389 | 0.6812 (0.7338)| 0.6767 (0.7356)

TS=1 p:=0.25| 0.6752(0.7324)| 0.6546 (0.7332)| 0.6623 (0.7299)| 0.6578 (0.7324)

pc =05 0.6653 (0.7298)| 0.6472 (0.7331)| 0.6478 (0.7264)| 0.6472 (0.7287)

pc=0.0 0.702 (0.7299) | 0.6697 (0.7318)| 0.6938 (0.7307)| 0.6821 (0.7305)

TGA TS=2 p:=0.25| 0.6897 (0.7277) 0.662 (0.732) 0.6717 (0.7281) | 0.6643 (0.7302)

pc =05 0.6768 (0.7288)| 0.6537 (0.7296)| 0.6607 (0.7263)| 0.659 (0.7274)

pc=0.0 0.7072, (0.7275) | 0.677 (0.7294) | 0.698% (0.7302) | 0.6902 (0.7272)

TS=4 p:=0.25| 0.6979 (0.7294)| 0.6701 (0.7298)| 0.6834 (0.7279)| 0.6805 (0.7263)

pc =05 0.6936 (0.7265)| 0.6635 (0.7296)| 0.6715 (0.7258)| 0.67 (0.7255)

| RBS | 0.7102; (0.7207)] 0.6871 (0.7219)] 0.7056 (0.7217) ] 0.6987 (0.7215)]
| PHC | 0.6651 0.7434,) | 0.6476 (0.7345) | 0.6568 0.7438;) | 0.6517 0.74213) |

| Random sampling | 0.632 (0.6524) |

vations: (i) best performance is achieved with PHC less of the population size) due to the reasons men-
using a rather small population size of abpyit= 30, tioned above. Furthermore, unlike to the non-lethal
and (ii) for population sizegy > 50 one should use a case, we observe that a GA should use an above-
GA whereby the applied tournament size or selection average large tournament size already for small popu-
pressure should increase with the population size. Aslation sizes oflp > 30. Similar to the non-lethal case,
the population size increases, the maximum numberhowever, there is a saturation point with RBS, beyond
of generation$ available for optimization is simply ~ which a further increase in the population size has no
insufficient for PHC or a GA with low selection pres- effect (see e.g. bottom left plot).

sure and/or much randomness in the solution genera-

tion process to converge quickly to a high-quality part

of the search space. However, on the other hand, ag SUMMARY AND

GA with too much selection pressure may cause the

population to get stuck at local optima, especially on CONCLUSIONS
rugged fitness landscapes (see result of RBS in the o o
bottom right plot). In a lethal optimization scenario This paper has conducted an initial investigation of
(left plots), a GA clearly outperforms PHC (regard- the impact ofethal solutions (here modeled as candi-
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Figure 4: Plots showing the average best solution fitnessradd by different search algorithms in a lethal environingkeft)
and non-lethal environment (right) &Ka landscapes witl = 4, a = 2.0 (top) andK = 10,a = 2.0 (bottom) as a function
of the initial population sizglp; the maximum number of fithess evaluations available fomupation was fixed at 6000
(corresponding to the default setti®= 200,y = 30), i.e. G = |6000/p]. If not otherwise stated, an algorithm used a
constant mutation mode with= 1 and no crossover, i.gc = 0.0.

date solutions below a certain fithess threshold) on fithess landscape topology, we obtained best perfor-
evolutionary search. In essence, the effect of evaluat-mance in a non-lethal environment using a small pop-
ing a lethal solution is that the solution is immediately ulation of stochastic hill-climbers. In a lethal environ-
removed from the population and the population size ment, however, significantly better results were ob-
is reduced by one. This kind of scenario can be found tained using an EA that limits randomness in the so-
in Natural evolution, where the presence of lethal mu- lution generation process by employing elitism, a rel-
tants may promote robustness over evolvability, but it atively large selection pressure, a constant mutation
is also a characteristic of certain closed-loop evolu- mode (i.e. flipping exactly one solution bit as op-
tion applications, for example, in autonomous robots posed to flipping each bit independently with some
or nano-technologies. When faced with this kind of low probability), and no or a small crossover rate.
scenario in optimization, the challenge is to discover Also, in a lethal optimization scenario, we observed
innovative and fit candidate solutions without reduc- that an EA that evolves a large set of entities (e.g. au-
ing the population too rapidly. tonomous robots or software) for a small number of
Our analysis has been focused on the following generations performs better than one that evolves a
three main aspects: (i) analyzing the impact of lethal few entities for many generations. The practical im-
solutions on a standard evolutionary algorithm (EA) plication of this is that, if possible, a larger budget
framework, (ii) determining challenging fitness land- should be allocated for the production of the entities
scape topologies in a lethal environment, and (iii) tun- in the first place rather than for attempting to prolong
ing EAs to perform well within a lethal optimiza- the testing or optimization phase.
tion scenario. Generally, the presence of lethal so-
lutions can affect that performance of EAs, but the
largest (negative) impact was observed for fithess
landscapes that are rugged and possess some stru
ture in the sense that some solution bits are more im-
portant than others; in terms of our test functions, Our study has of course been very limited, and there
which wereNKa landscapes, this type of landscape remains much else to learn about optimization prob-
corresponds to large values &f and a. For this lems subject to lethal solutions and search policies

2 FUTURE WORK
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for dealing with these problems. Our current re-
search is looking at the design and tuning of intelli-

gent search policies. We have experimented with an Hebbron, T., Bullock, S., and Cliff, D. (2008).

EA that learns offline, e.g. using reinforcement learn-
ing, when to switch between different selection and
variation operators settings (online) during the opti-
mization (here we used an approach similar to (All-
mendinger and Knowles, 2011)); this EA can yield
better performance than a static or non-learning EA.
It might be worth mentioning that a well-performing

policy learnt offline by this EA is one that increases

randomness in the solution generation process if and

only if the optimization is in the final stages and the
remaining population of reasonable size.
Alternatively to a learning approach, an EA may

approach. Robotics and Autonomous Systei28(2-

4):205-224.

NK
Non-uniform epistatic interations in an extended NK
model. InArtificial Life XI, pages 234-241.

Hughes, B. D. (1995)Random walks and random environ-
ments Clarendon Press.

Jin, Y. (2005). A comprehensive survey of fitness approxi-
mation in evolutionary computatiorSoft Computing
9(1):3-12.

Kauffman, S. (1989). Adaptation on rugged fitness land-
scapes. IrLecture Notes in the Sciences of Complex-
ity, pages 527-618.

Klockgether, J. and Schwefel, H.-P. (1970). Two-phase noz-
zle and hollow core jet experiments. HEngineering
Aspects of Magnetohydrodynamipages 141-148.

be augmented with a strategy that uses assumptions oMoglia, A., Menciassi, A., Schurr, M. O., and Dario, P.

local fithess correlation to pre-screen the designs and

forbids the upload of potential lethals. Such a strat-
egy is similar to brood selection with repair and/or

some fitness approximation schemes used in EAs to

filter solutions before evaluation (Walters, 1998; Jin,
2005).
Finally, analyzing the effect of lethal solutions and

search policies on different and perhaps more realis-

tic fithess landscapes th&iKa landscapes, e.g. ones

(2007). Wireless capsule endoscopy: from diagnostic
devices to multipurpose robotic systenBiomedical
Microdevices 9(2):235-243.

Rechenberg, I. (2000). Case studies in evolutionary exper-
imentation and computationComputer Methods in
Applied Mechanics and Engineering-4(186):125—
140.

Schonfeld, J. (2007). A study of mutational robustness as
the product of evolutionary computation. Rroceed-
ings of GECCQpages 1404-1411.

with neutral plateaux, is another avenue we are pur- Shir, O. M., Emmerich, M., Back, T., and Vrakking, M.

suing. In the further future, we might enjoy trying
out our strategies on real lethal environments in au-
tonomous robots, nano-technologies or similar.
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