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Abstract

In this paper the connections between the evo-
lutionary paradigm called adaptationism and the
field of evolutionary computation (EC) will be out-
lined. After giving an introduction to adaptation-
ism we will try to show that the so called adap-
tational stance can be applied in EC as well as in
biology and this application may have significant
benefits. It will also be shown that this approach
has serious, inherent limitations in both cases es-
pecially in the case of EC, because we lack the
languagewhich could be used to form the theo-
ries, but these representational limitations can be
handled by devoting efforts to construct this lan-
guage.

P, (constraints): It is necessary to determine the constraints
that give the space of the biologically feasible genotypes.
These constraints help us exclude caws with machine-guns,
birds with jet engines, etc. This principle is needed to allow
the optimality condition to be well-defined.

P; (frozen environment): Optimality can be given only
w.r.t. a fixed environment; this makes it possible to block
the circular definition of fitneds Since the organisms can-
not change the environment, the number of their offspring is
solely the function of their properties. We must pay the price
for this however; no dynamic properties of the population
or its interaction with the environment can be examined. Of
course, this limit diminishes if we choose a larger entity such
as a population or an even larger subsystem such as a food
chain to be our organism.

P, (one niche):BesideP; it is also necessary to restrict the

possible individuals further only to those occupying a partic-

ular niche; roughly speaking the possible organisms cannot
1 ADAPTATIONISM be too different. Optimality can be defined only inside of a

species; this ensures that a pig will not be compared to a lion.

This section introduces adaptationism, a strategy for undef80th may well be optimal in their own way but it would be

standing the products of evolution. We will discuss only bio-2 Serious mistake to consider a pig a bad quality lion or vica
logical evolution here: the discussion of the relationship withV€rsa. This constraint seems to be simple but in fact it causes

EC is given in Section 2. Adaptationism is a controversialmaor difficulties especially when fossils are analyzed since
question [8] and it seems that most of the misunderstandin%&'S hard ta tell with respect to what the arganism in ques-
can be originated from the insufficient and obscure definitior!on should be optimal (is it a bad pig or a bad lion?). The
of the paradigm. definition of niche is itself a problem.

P5 (improving fitness): We need to assume that evolution
improves fitness. This will be one of the motivations of the
optimality assumption to be introduced soon.

"Ps (single organism): This is partly the consequence of
derlying language. First it seems that adaptationism requirePl; at every time-step thgre 1S iny one organism. It may
the following principles in order to be applicable: Seem to be counter-intuitive at first sight. But according to
' P, we have to decide what the definition of organism is. If
Py (separation): The separation of the organism under in- we choose aindividuaP animal or plant then all the other
vestigation and its environment is necessary. To give an exnembers of its species become part of the environment and
ample, it is not clear whether the ant colony or a single ant
counts as an organism. To be more precise both approachess the number of offspring define fitness then this fitness cannot
are valid; only the choice has to be fixed. If the organism is be used to predict the number of offspring since the claim “In-
the ant then the ant colony is a part of the environment that dividuals with high fitness will have high number of offspring”
has to be constant according®y. This assumption can be becomes a tautology. The problem is that this claim is in the cen-
difficult to maintain though it might me meaningful if the ter of Darwinism

2 . . . . .
. - . AT . P This choice does not mean that we are interested in a particular
time interval under investigation is relatively small. This is i, qividual. This only means that in every generation we are inter-

a very controversial question, see [2] and [16] for two quite ested in one (hypothetical) individual which is subject to natural
different viewpoints. selection in its population.

1.1 BASIC NOTIONS

In this section we will try to make the assumptions of adap
tationism clear and explicit and to show the role of the un



according toP; they are not allowed to change while our tant is that an irrelevant feature may converge as a result of
organism changes. It is clearly a plain contradiction thoughgenetic drift. Note that on the other hand it is impossible that
for shorttime intervals this approach could give fairly good relevant features show random behavior.

approximations; in fact such discretization methods are quitge sjtyation without fossile record is more interesting since
common in mathematics for example in numeric approximayye do not have any ground to classify the features. The ques-
tions of differential equations. tion is very sensitive since one has to decide which features
Let us introduce a notation for the most important compo-are relevant and among the relevant features which ones are
nents. LetO be the set of organisms that are biologically optimal. The question is also important since a lot of inter-
feasible according td, and live in a particular niche ac- esting features of earlier generations such as behavioral pat-
cording toP,. Let f be the fithess function, i.e. a function terns or brain structure disappear almost completely. This is
of type O — R*. For an organism € O the numberf (o) the point where adaptational stance comes in with the opti-
gives the expected number of offspringooff is also a func-  mality principle.

tion of the environment but since it is constant according top, (gptimality): In the absence of evidence for the contrary
P, itis not indicated. Leg be the finité set of features that it il pe assumed that every relevant feature is optimal. This
make it possible to describe the organism. Its elements arg sthing else than a method which is suggested as a re-
functions of type) — R. Predicates are possible as well, in 5|5cement for coin tossing. Its power lies in the fact that in
that case the function has only two values: 0 for false and 1oy jife cases optimal features are believed to be in majority.
for true. An example could be the length of the neck or theangther problem remains however: how do we decide which

degree of flying ability. feature is relevant and which is not. As Dennett says, the sum
of the number of eyes and the number of legs does not seem
1.2 CHARACTERIZATION OF FEATURES to be a relevant feature, but not much more is said about this

. . . issue. In Section 3 a detailed discussion of this question is
I would like to emphasize as early as possible that the Chargiven.

acterization will bandependentf thefunctionof the given

feature in the organism. At this level nothing is said about

the roles or the causal relationships of the elemends &br

instance we can say that the neck-length of a giraffe is opl-3 DEPENDENCY

timal without mentioning its function (which could be for

example reaching leaves at the top of the trees). As it has been shown the relevant and irrelevant features can

The aim of this characterization is to decide whether a giver?€ Separated without referring to their functional role in the

feature is relevant or irrelevant w.r.t. the fitness and if rele2rganism. So far the organism under investigation was han-

vant then it is optimal or not. Therefore there are three cat—dlfdt. as ?]l_alagk tboxi.eihwef hatlve no} ex?hmineﬁe tcausal
egories: irrelevant, optimal and suboptimal. The interesting{]e ationship between the features. In other wasuscture

question is of course to find a method to somehow classify!2S t© be given to the sétin order to give an explanation
G into these three classes. and a complete description of the organism.

First let us examine the case when the fossil record is availl "€ st_rl_l;]cture op Wi"fh dave thde formhof dbependency re'%' |
able that show the development of the feature under investfOnS- The concept of dependency has been mentioned al-
gation.Ps will be heavily exploited P; is used too to ensure ready in Section 1.1. To discuss reverse engineering, this no-

that there is no variance to be taken into account (only a%on_ has to be made more precise. We will not give a formal
another feature). efinition but will try to make this term as clear as possible.

) , If g1 andg, are features than we say thatdepends oy

In the case of thelivergentoehavior we can conclude that at (and denote this relationship gy — g¢») if for any organ-

the moment the feature at hand is in a developing stage andm , ¢ 0 it is possible to predicys (o) from the value of
therefore issuboptimal In the case ofandombehavior we ¢, () with some accuracy greater than zero. We will call this
classify the feature asrelevant The situation is somewhat accyracy thémportanceor weightof the given dependency.
more difficult however. The random behavior can be causefote that it is not necessarily possible to do such a prediction
by a lot of factors. The first possible explanation is that then the other direction; this dependency works like a (fuzzy)
gr:Ven feature '_T_h”eUtra“ 'é IS w;depe_nd(_enthof ”;]e flt_nessf Ofmplication operator on predicates of the forgi$ known”.

the organism. The second explanation is that the given fea- o - .
ture changes according to some kind of dynamics that is o rrf?osrgn:ﬁirfas;?er;tarre %fgcu(;"eree'%gogrslwgﬁj g:nog’%gf:%'ggd'
of thehscope ofbour analy5|s.hFor exampf)le if our organisnt-°7 (ﬂher?eaturqﬁ 9 gy Again o dofins this relation.
was chosen to be a species then some features may vary M o+« -0 Ine AGA, WE HE I
accordance with evolutionary game theory [13]. A third ex-SHiP as afuzzy formula on predicates likeiS known” using

lanation can be that our assumptiBnabout the constant conjunction and implication and denote itbyA. . . A g, —
gnvironment is false. ptiBy g. If there are no other relationships of other kinds then we

say that the database containing the dependencies is in Horn

In the case o€onvergenceve say that the feature@ptimal  normal form or simply we have a Horn dependency database.
There are lot of error possibilities however. The most impor- . . . o
We are notinterested in the details of the actual realization of

3 Note that it is not the set of all possible features; it contains th the dependency of the features, i.e. the underlying physical,

actual features that are used (or will be used) by the biologists.GI}F"OIC’giC"jII orany ki.nd. of laws. Only the pure StatiStical. fact
is awkward to emphasize that this set is finite since it is trivial. It Of the relationship is important. We are not interested in the

is a habit however that some people might miss. nature or the effective procedure of computing the features



health———— fitness find the relevant features. This problem will be discussed in
detail later in many places from many directions. The sec-
i ond problem is that our dependency diagram is too simple; a
avoiding predators fighti hedti classification of features along an additional direction needs
food ghting overheating h
to be introduced.

This dimension is approximately the level of abstraction.
having large body surface To understand this let us consider the typical way engineers
solve a problem. In the first step they are given a functional
description of the system to be designed. This includes its

long neck long leg main purpose which is a high number of offspring in the

case of biological organisms. This first specification is noth-

Fig. 1. A small and ad hoc subset of the feature-dependency nellfng else but reqmrements W'r'.t' a set of high level, abstract
work of a giraffe for illustration only. eatures. The engineer then tries to reduce these features (or

goals) into subgoals iteratively using more and more specific
features while the design reaches a state where every subgoal
can be implemented. This is the less abstract, physical state.

either; we only assume that such a procedure exists. At th‘?he actual procedure of finding a good design does not nec-

abstraction level of our model, these are all unimportant. . : 9 < X

i ) i essarily follow the above iteration; case based reasoning may
It is enough to give the dependencies between the featurqfiay a major role for example but the result has the struc-
to give an explanation of the fitness of the organism sinceyre of features and the dependencies between the features.
mating ability itself is a feature, and the fitness can be di-Some of the features represent low level physical properties
rectly derived from the mating ability of our organism and some of them represent the highest level functional proper-
the competing members of the population (that are part ofies and there are features at intermediate levels of abstrac-
the environment) and some other factors of the environmenion. Dennett distinguishes three levels: the physical, the or-
like predators. Since we have accepigdit can be said that  ganizational and the intentional levels [5]; we will need only
fitness is a feature itself i.¢. € G. The functional role of a  the notion of physical features and the notion of top goal(s)
feature is nothing else but the way fitness depends on it. Ifiyhich is essentially the first specification the engineer starts
relevant features have no functional role at all because fltne%nh There are no clean boundaries’ though: thereis a prac-

does not depend onthem (th|S is the definition of irr6|evanC9ﬁca”y continuous Spectrum of abstraction a|0ng the |mp||_
though they can (and probably will) depend on other, maybeational chain.

relevant, features. . _Now reverse engineering can be defined more clearly. If nor-
An example of such a dependency network for the giraffe isnal engineering proceeds from the top goals to the physical
shown infigure 1. Theetworkstructure of the dependencies features then reverse engineering goes in the other direction:
must be emphasized. Taking a look at the diagram, it is har¢tom the observable physical features it reconstructs the top
to accept that for example the functional role of the long neclgnd intermediate goals. There is one more kind of reverse en-
of the giraffe is to reach the leaves on the top of the trees. Igineering. In this case the to goals are also known, only the
is one of its functions but it may have several other roles astermediate features have to be discovered. Good examples
well. In biological organismsiit is typical for the components of the first kind are the mysterious tools of ancient cultures
to have several different functional roles; good examples ar@und by archaeologists. Here scientists have to find out the
hormones, vitamins, muscles (motion and heat generatiorhurpose of these tools and in most of the cases all they know
and so on. Of course it is necessary to weight the dependeps the actual physical properties of the objects.

cies according to importance. There are more important an n interesting question is that in the case of the problem of

less important roles but this does not change the fact that laini hvsical feat f animal has | K
fitness depends on each role so they must be part of the e%XP'aning pnysical features oranimals such as long neck or
planation of the structure of the organism. ig ears which kind of reverse engineering is involved. The

) ) ] T ] top goal of different organisms is the subject of debate, for
From a historical point of view it is possible that the effect example what is the top goal of an ant? However in certain
of a less important feature rgsults ina dlmlnlShlng SeleCtiVQzases there are available top goa|s (Wthh are actua”y sub-
pressure related to a more important feature and can coRyals in the strict sense) e.g. flying. Determining the depen-
verge onlyafter the more important feature has converged.dency relationships between the physical features of birds
But this historical perspective is completely irrelevant whengnd their observable flying ability is an example.
discussing the dependency relations in the case of an or-
ganism. This argument about the independence of syncronioptimality and dependency Dependency is a property of
and diachronic analysis is not new: in connection with thefeatures as functions while optimality is a property of a par-
science of language Saussure [3] represents the same vigular featurevalue However while reverse engineering an

having agood view

reaching the top of trees

which is now widely accepted. organism we usually have to rely only on particular feature
values when we determine the dependency relations. The
1.4 REVERSE ENGINEERING case when the optimality or irrelevance of features is known

is the simpler. Here we ignore irrelevant features and try to
Roughly speaking, when trying to understand organisms viguess (extrapolate) the optimal value of suboptimal features
reverse engineering we try to reconstruct the dependency reo we can rely on optimal relevant values. When trying to
lations between the relevant features. The first difficulty is tofind the function of a physical feature we assume that this



function is such that the physical feature is a good imple-Though these building blocks can be regarded as functional
mentation of it. For example if we observe strong wings weproperties this approach has a number of well known diffi-
assume that their function is flying. Note that without the op-culties and limitations as will be discussed in Section 3.

timality condition it would be possible that the wing is Sim- principle P, which requires that only a single niche should
ply irrelevant and not used for anything or suboptimal andyg sty died is maybe the most problematic. There is a signif-
used for digging for example or even harmful (as the 1egScant amount of work in the field of niche and species for-
of snakes). When optimality is not known the optimality as- mation in the field of EC, [11] and [4] are two examples.
sumptionP; has to be used (see Section 1.2) according t0rhe common problem is that all these methods operate with

the adaptational stance. a distance measure defined ogeand this distance measure
typically depends on the atomic elementgjofThis makes
2 ADAPTATION IN EC the whole procedure ad hoc in the sense that the actual en-

coding of a given problem is not necessarily optimal. In fact

. . . . . it is always possible to find a distance measure such that fit-
First let us take a ook at the notions defined in Section 1.1n6g¢ hasyor?ly one optimum i.e. it is unimodal. For example
The easiest i, which requires that the constraints of the e gifference between the fitnesses is such a distance mea-
possible organisms should be taken into account. In EC thig i This make€ even more interesting
is not a problem since one of the first steps of any application . ' , ' i
is the exact definition of the search space@eThe particu-  Finally Ps and P has to be mentioned; usually holds in
lar methods of constraint handling and coding is not relevanEC if the applied selection mechanism is elitist which means
here only the fact that the problem is handled properly. g}a}[}]tgﬁ gftSt ;nneer:];f[gn‘)fﬁ‘"grgﬁ%‘;?g{%g” WSLBZItIhe gqr?gr]r%esr
P, and P; are trickier but still easier than in the case of bi- 9 | 9y yp

X . by X . ite well so it is typically appliedPs can be interpreted
ological evolution. In EC it is typical to have a population quite w 'L 1S ypIcaZty appietis ! P

. A , ! similarly as in the case of biological evolution.
of solutions in every time step (generation) and usually an

objective function is defined over the possible solutions. Thdt Should be clear by now that there are no basic incompat-
expected number of offspring (i.e. fitness) of the members o®ilities between EC and the adaptationist stance. All that
the population is given by the objective function values of tnef€mains is to take a look at the possible applications of the
other members of the population thereby fitness depends dRethodf the adaptationist stance such as optimality anal-
the objective functiorandthe actual population. Therefore YSiS and reverse engineering.

we face the same problem of determining the boundaries of

the organism and keeping the environment constant. 2.1 CHARACTERIZATION OF FEATURES

The later goal is easier since the environment outside thg, this area EC has a major advantage namely that it is pos-
population is constant in most of the applications thoughihie 1o perform virtually any number of experiments and
nowadays the applications in dynamic environments are b&perepy collecting as many “fossils” as necessary. It is pos-
coming more and more important. This means that the ea;p|e 15 predict with a much greater degree of confidence if
lier goal reduces to deciding whether the individual or the feature is optimal or not by performing statistical exper-
population should be the organism to study. The later choiCgnents since for optimal features convergence to the same
seems more reasonable though the arguments in connectigye should occur in the majority of the experiments. Of
with P given in Section 1.1 apply here as well. Anyway, the ¢o,rse premature convergence and other well known effects
usefulness of having large populations is not proven; thergap giter the results. The most difficult problem is to ensure
are cases where one-element populations perform best. f5¢ the algorithm should stay in the same niche every time
typical example is [6]. the experiment is run.

The notion of the fitness functiofiis also cleaner in EC. It There js another advantage: a hypothesis about the charac-
is very interesting that in EC there is a tradition of calling theerization of a feature can be tested experimentally. For ex-
objective function the fitness function. At first sight this re- o516 if 4 feature is suggested to be irrelevant it is easier to

sults in a dissonance between biological and computationglyyy jis value while leaving the other features unchanged and
terminology but in the light of the restrictions expressed by culate the fitness of the resulting solutions.

P; we saw that even in biology fithess is taken as a kind
of objective function; adaptationists emphasize the objectiv
nature of fithess. In EC to be an adaptationist all we have t§.2 REVERSE ENGINEERING

declare that the good old tradition should be continued.  The dependency relations between features have the same
G also has traditions in EC especially in genetic algorithmsstatus as their optimality since they were also defined in sta-
(GAs). In GAs the solutions need to be encoded so thatistical terms. Any number of experiments can be performed
genetic operators which are defined problem independentli test and refine the hypothesis. In spite of the fact that there
could be applied to them. This encoding is analogous to thare much greater possibilities in testing the dependency re-
DNA sequence in which mutation is very similar in the caselations between any kind of features (which are the result
of every living organism. The views expressed in this quesof reverse engineering) there is very little work in the liter-
tion usually take the form of problems of encoding which isature that would describe such reverse engineering results.
essentially nothing else but defining some atomic element¥he reason probably is that the success of reverse engineer-
of G (see e.g. [15]). These are the physical features as iring which usually results in a deeper understanding of the
troduced in Section 1.4. The other features called buildinggengineering problem at hand and so also faster and better al-
blocks are some simple combinations of these primitives [7]gorithms than plain EC algorithms is usually considered a



failure of EC for some reason. People seem to forget that the
way the faster and better algorithm are developed is largely
dependent on the performance of EC algorithms; in fact it ig
impossible without them.

In this paper itis attempted to show that it may be useful to at
least try to understand the outcome of the optimization pro"

solutions form a good starting point to a reverse engineering _ _ ) _

process that makes it possible to translate the information ac- Fig. 2. Examples of bitmaps with a good fitness.
cumulated by evolution into engineering knowledge. If this

process results in better heuristics tlitéa the success of EC

and the engineers of course. The fitness is independent from a particular pixel since the

egree of resemblance of a negative picture is the same as of

A simple example of the successful applications of revers iinal. The eleoh ) f ion d d d
engineering is [10]. There are more sophisticated exampld$'€ Original. The elephant picture function does depend on
ower-level features such as lines, curves and similar basic

as well such as network design [1]. Unfortunately we canno )
discuss these due to the lack of space. components but these are still too abstr_act to depend on par-
ticular pixels; we need another abstraction level closer to the
physical features. To convince those who are still in doubt
imagine that the positions of the pixels of the picture are
3 REPRESENTATIONAL BOTTLENECK mixed by adeterministicandinvertiblealgorithm so the ele-
phant cannot be recognized anymore by looking at the pic-
The language of biology is particularly rich and in a way it ture (see Figure 3). Let the fithess function be the original
is very close to natural language. The terms (features) used
to describe organisms such as color, shape, organs and body-
parts like heart, lungs and arms and behavioral patterns like
aggression are typically understandable by anyone. Biology
inherited a large, detailed terminology of describing the liv-
ing world. This may be a result of our own evolution and
the evolution of our culture; animals and plants have been
around us since language and culture emerged and have been
playing a crucial role in our lives as food, enemy, building
material and so on ever since. Our sensory and cognitive sys-
tem is likely to be specialized in describing living organisms,
among other things.

This makes the job of finding problems in biology relatively elephant picture function applied to the result of the inverse
easy since the features to be explaiaeglthere The situa-  of the above transformation on the given bitmap. The most
tion is radically different in EC. The description of solutions predictive high-level feature is still resemblance to elephants
lacks even the simplest terms and usually reduced to the efyeforemixing the pixels. If one cannot “decode” the image
coding of the solution. This means that we talk only aboutthen it is almost impossible to predict fitness.

genesas if biologists could describe a monkey only with the On the other hand an EC algorithm could probably find a

help of its DNA sequence. The insufficiency of this descrip-, 4 sojution of the elephant picture problem provided that

tion may be evident to some of the readers but actually ing, o6y this function was available. Interactive applica-
EC the practice is accepting that the encoding provides Ug, ' o applications that use the human user as a fitness

with a language sufficient for describing the solutions. ThISfunction indeed exist; one example is the iterative evolution

is motivated by the need of developing a domain indepen- " ; : - .
dent theory of EC, and this need may be originated from th%;;tﬁ;(t[lg]es where the fitness is a kind of artistic or aesthetic

analogy with other optimization methods like the method of o
steepest descent or the different Newtonian iterations. ThEinally let us note that the features used in biology to de-
problem is that the application area of EQrisichlargerthan ~ Scribe organisms are practically independent of the level of

any of these restricted methods. This is why domain specifi®@NA as well since it would be extremely hard to predict the
information p|ays a more important role. Shape or behavior of amknowrmanimal from its DNA Only.

Genes connected to higher level features are often described

and known species with similar DNA can be used but this
The elephant picture function When it comes to reverse process proceeds in a top-down fashion: the features are de-
engineering and giving an explanation of the solutions described first and then the corresponding genes are looked for.
veloped we need to find features to create a model of the
particular problem class. To see this let us give an exampleSimilar problems Self-organizing maps (SOMs) are de-
the elephant picture function. In this problem the organismices that are capable of finding structure or a clustering
are two-dimensional bitmaps where the physical features ana their input data-set. One good example is Kohonen’'s
the pixels of the picture. The fitness of a given picture is thgphoneme recognizer [12]. SOMs are usually based on the
degree of resemblance to an elephant; any kind of elephaphysical features of these vectors only so in many cases it
in any position as illustrated by Figure 2. has serious problems finding clusters that are similar in some

Fig. 3. An elephant picture and one of its permutations.



important sense but are not in the physical level (e.g. eleeverything. Theorems are needed only because it exceeds
phant pictures). In the case of instance based learning aralr abilities to tell the truth value of a formula directly from
case based reasoning (see e.qg. [14]) itis well known that onlae axioms. This is why the representational bottleneck is a
of the main problems is the selection of the distance meaproblem though the physical features (encoding of a solution
sure. To find a good distance measure, one haederstand in EC) are known; explanations need higher level features
the problem domain to be able to tell the difference betweeecause of our cognitive limits.

important and irrelevant features or at least to find featureg , ¢ algorithm does not providénal solutions to prob-

to start with. Just like in SOMs for the interesting problems|emg:- jt is a ledder leading to an understanding of the prob-
it is not sufficient to rely only on the physical, lowest level | gomain making reverse engineering possible and thus
features like pixels in an image or elements of a vector agading to faster and better specific algorithms. The repre-
usually done. sentational bottleneck problem should be solved by scientific
research in each domain. Since experiments can be repeated
any time with any settings this research is much easier than
in biology though the vocabulary to start with may be poor.
he contribution of EC to the new algorithms is essential
nce without known good solutions reverse engineering is

The spaceship picture function To illustrate that the ele-
phant picture function is indeed a very serious problem le
us give another example: the spaceship picture function. Th&

situation is like with the elephant pictures but the difference, qsihe therefore the success of such results is definitely
is that e.g. 500 years ago nobody had an idea about Space< . ccess of EC as well

ships. The interesting thing is that the function did exist nev-
ertheless though no one could predict its values. Enginee

r
of that time would have been in great trouble when trying to'&CknC’W|ed(.?lemer‘ts

understand a spaceship function computing machine. Note

that no low-level “decoding” would have helped them in this TNis work was supported by FKFP 1354/97.

case as we have seen in Section 3. The problem is that space-

ships can be very different and some of them are very similaReferences

to aircrafts, saucers etc.

What the engineers lacked 500 years ago is the knowl-
edge about spaceships, space, artificial flying, science fiction
movies etc. To be short the term spaceship was not part of,
their language. | assume that there are more unknown than™
known terms: this is what | call the representational bottle- 3.
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and complex yet undiscovered structure is even worse.
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