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Abstract

This paper analyzesthe e�ect of di�eren t geneticencodings usedfor evolving 3D agents with phys-
ical morphologies. The complex phenotypes used in such systemsoften require nontrivial encodings.
Di�eren t encodings used in Framsticks | a system for evolving 3D agents | are presented. These
include a low-level direct mapping and two higher-level encodings: a recurrent and a developmental
one. Quantitativ e results are presented from three simple optimization tasks (active height, passive
height, and locomotion speed). The low-level encoding produced solutions of lower �tness than the
two higher-level encodings under similar conditions. Results from recurrent and developmental encod-
ings had similar �tness values but displayed qualitativ e di�erences. Desirable advantages and some
drawbacks of more complex encodings are established.
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1 In tro duction

A survey of the �eld [21] indicates that there are a number of recent studies of the evolution of simulated
creaturesequipped with realistic physical behavior [7, 16, 18]. Most of theseworks can be traced back to
the in
uen tial work of Karl Sims[20]. When comparing such systemswith other evolutionary systems,we
can note that the useof a physical simulation layer implements a complex genotype{�tness relationship.
Physical interactions betweenbody parts, the coupling betweencontrol and physical body, and interac-
tions during body development can all add a level of indirection between the genotype and �tness. The
complexity of the genotype{�tness relationship o�ers a potential for rich evolutionary dynamics.

The most important element of the genotype-to-�tness relationship is the genotype-to-phenotype map-
ping, or genotype encoding. There is no obvious simple way to encode a complex phenotype | which
consistsof a variable-size,structured body and a matching control system | into a simpler genotype.
Moreover, an evolutionary algorithm can perform poorly when using a certain genotype encoding, and
better when using others, for reasonsnot yet immediately obvious. The employed genotype encoding
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can have a signi�cant e�ect on the performanceof the evolution. This fact has beenrecently recognized
by researchers who directed e�orts into developing more sophisticated encodings [2, 3, 10]. The afore-
mentioned evolutionary systems lack a common base for experimentation 1, they use di�eren t physical
engines,evolutionary algorithms, and various approachesfor genotype encodings. Such di�erences render
a comparisonaimed solely at the e�ect of genetic encodings di�cult.

In the present work we use a single system, Framsticks, as the context of our analysis of various
genotypeencodings. Framsticks is a realistic, three-dimensionalsimulation of agents and their interactions
[12, 16, 15]. We present the three encodings currently implemented in the system,which include a simple
low-level encoding and two higher-level ones: a direct recurrent and an indirect developmental. The
low-level encoding is the simplest, and is consideredto be a special case,while the other two are more
complex, having beendesignedto be more evolvable. We compare the performanceof the encodings in
there optimization tasks (passive and active height, velocity), in experiments which di�er only in the
encoding used.

The organization of the article is as follows: Section 2. contains a generaldiscussionon the e�ect of
di�eren t encodings. Section3. and Section4. provide an overview of the Framsticks systemand its three
di�eren t encodings, followed by experimental results in Section 5. Conclusionsand direction for further
work are included in Section 6.

2 The Role of the Genetic Enco ding

Most evolutionary simulation systemsdistinguish between the conceptsof genotype and phenotype, and
employ a mapping between the two (this mapping is the trivial identit y mapping in simple GA cases).
As an evolutionary system allows for a more complex phenotype space,a more complex genotype-to-
phenotype mapping (or encoding) is called for to allow genotypes to conciselydescribe complex pheno-
types. Given a phenotype space,an encoding does not automatically follow: it is possibleto construct
di�erren t genotype spaceswhich map into the phenotype space,and even for one particular genotype
space,it is possibleto devisenumerousmappings from it to the phenotype space.Doesthe selectionof a
particular encoding have a signi�cant e�ect on the outcome of the evolutionary search? While it is hard
to devisean `ideal' encoding, it is certain that someencodings perform better than others. The issueof
genetic encodings has been�rst addressedin the context of GAs, with the binary vs. Gray coding being
onespeci�c example[17]. Thesestudiesestablishedthat the geneticencoding can have a noticeablee�ect
on the evolutionary search.

The task of evolution of physical agents is di�cult for several reasons.Singlepoints in the phenotype
spaceare complete creatures, with a structured morphology and control (each creature has a `body'
and `brain'). There is a variable amount of information required to describe such an organism. The
dimensionality of the search spaceis not �xed, and the spacedoes not lend itself to a straightforward
neighborhood de�nition. Somefeatures of the phenotypes change continuously (e.g., length of a body
part), while others changediscretely (e.g., number of body parts). Furthermore, the evaluation of a single
phenotype involvesa lengthy physical simulation, which can amplify small changesin the phenotype and
lead to large changesin �tness; the imposed�tness landscape is multi-p eaked; and evaluations contain
non-deterministic components. In order to deal with such a large and complex search space,adequate
genetic encodings are called for. The large number of CPU cyclesrequired for �tness evaluations poses
an additional technical di�cult y.

Let us considerthe implications of a chosengeneticencoding for a phenotypespace(which we consider
as given, determined by the chosen simulation rules). Typically an encoding maps only to a subsetof
the phenotype space.Valid phenotypesexist which cannot be expressedby the encoding. An examplein
the Framsticks systemis morphologiescontaining cycles: although they are valid phenotypes,the default
encoding (recur )2 cannot expressthem. The existenceof phenotypes which are impossible to encode

1Recently someresearchers expressedideas about using a common physics platform [21].
2The di�eren t encodings are presented in Section 4.
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meansthat entire portions of the search spaceare sealedo� from the search. This, nonetheless,might
bene�t the search, if the pruned spaceis smoother or denserin high-�tness points than the entire space.

More importantly, the encoding de�nes the topology of the phenotype space.Genetic operators (which
are encoding-speci�c) determine which genotypes| and the corresponding phenotypes| are neighbors.
The topology is encoding-speci�c: supposephenotypesF1 and F2 are encoded by neighboring genotypes
G1 and G2 under encoding S, and encoded by � 1 and � 2 under encoding �. Even if G1 and G2 are
neighboring (there is a mutation in S which turns G1 into G2), � 1 and � 2 can be distant in the genotype
spacein �. For example, the recur genotypes `XXXX' and `XLXXX' are separatedby one point mutation
(insert `L'), but the corresponding simul genotypes are separatedby three mutations (one for each of
the last three sticks). An encoding | together with its associated geneticoperators | determineswhich
phenotypes are neighboring, and also in
uences which phenotypes have a higher probabilit y of being
visited.

The phenotype spacetopology imposed by the encoding determines which parts of the spaceare
easily accessibleby the search. Although the evolutionary search operateson phenotypes, the genotype
encoding indirectly in
uences the outcome of the search. The bias imposed by an encoding becomes
evident in the caseof a random search: two random searches with di�eren t genotype encoding yield
di�eren t results, despite the identical phenotype space. A phenotype spacehas an inherent topology:
phenotypesof similar �tness are `close'to each other. The genotype encoding imposesanother topology,
by de�ning which phenotypes are close genetically (measured as the number of mutations separating
the corresponding genotypes). Under a good encoding, these two topologiesare more highly correlated
[9]. Unfortunately, this correlation is impossibleto directly measure,becausethe vast complexity of the
phenotype spaceand its �tness landscape. Our judgments of encodings are thus subjective, based on
various theoretical and experimental observations.

Di�eren t encodings have di�eren t characteristics, and someare better suited for sometypesof evolu-
tionary search. It is hard to objectively establish thesequalities of the encodings, and it is doubtful that
a singlebest oneexists. This perspective wasour motivation to expand the Framsticks systemto support
several encodings at the sametime.

3 The Framstic ks World

The following sectionscontain an overview of the Framsticks systemand its capabilities. The Framsticks
systemsimulates a three-dimensionalworld populated by agents. Agents are composedof an articulated
morphology (`body') and attached control system (`brain'), which are described in turn. For a more
detailed presentation, consult [1, 12, 16, 15].

3.1 Bo dy

The bodies of the agents are composedof a set of interconnected simple elements called sticks; a stick
consists of two material endpoints connected through a 
exible rod. Sticks have various physical and
biological properties (mass, stamina, assimilation, etc.). Articulations exist between sticks where they
sharean endpoint; the articulations are unrestricted in all three degreesof freedom(bending in two planes
plus twisting).

A wide range of physical interactions between sticks are simulated: static and dynamic friction,
damping, action and reaction forces,gravit y, buoyancy (uplift pressureunder water), and energy losses
from deformations; someof these forces are shown in Figure 1. The �nite element method is used for
step-by-step simulation. Collisions are simulated between stick of di�eren t agents, but not between the
sticks of a single agent (for e�ciency reasons).
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gravity

ground
reaction

friction

damping
elastic
reaction
of joints

Figure 1: Various kinds of forces consideredin
the physical simulator of the Framsticks system.

3.2 Brain

A Framsticks agent is alsoequipped with a control system,which is implemented by a network of arti�cial
neurons. Someneuronsarespecializedinto sensorsand e�ectors, for interfacing with the mechanical body.

Generic neurons are simple processingunits, similar to the ones used in standard arti�cial neural
networks. Every neuron has a variable number of weighted connectionsfrom other neurons,and several
parameters which in
uence its function. A neuron output value is updated periodically. The updating
rule is basedon the standard sigmoid function:

o =
2

1 + e� i �� � 1 (1)

In this equation o is the activation value (output), i is the sum of weighted inputs, and � is the
steepnessparameter of the transfer function.

There are someextensionsemployed in the Framsticks neuron model, which allow for a wider variety
of neurons. Neuronspossessan internal state s, which is updated with a certain inertia: s follows i with
a speedof changev, which dependson the di�erence betweeni and s:

ot =
2

1 + e� st �� � 1 (2)

st = st � 1 + vt (3)

vt = vt � 1 � � + � � (i t � st � 1) (4)

The additional tunable parametersare � and � . For � = 0 and � = 1 we get (1). The parameters � ,
� and � can all be under genetic control.

The rules for computing neuron activation values are deterministic, however, initial activations are
set stochastically to small values. The reasonfor employing randomnessis to discredit neural networks
that rely extensively on speci�c initial patterns, and encouragethose which rely more on the information
present in the environment. The latter onestend to produce more robust solutions.

The special neurons include e�ectors (muscles)and various sensors. E�ectors are musclesthat can
exert modulated forcesat articulations they are attached to. Musclesexists in two varieties: bending and
rotating.
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(a) (b) (c) (d)

Figure 2: Visualisation of e�ectors: (a) bending and (b) rotating, and
receptors: (c) equilibrium and (d) touch. E�ectors are drawn on the
�rst of the two endpoints they in
uence.

Sensors,alsoattached to sticks, include orientation and touch sensors.3 An orientation sensor(denoted
`G', alsocalled a gyroscope) measuresthe orientation of the stick relative to the horizontal plane. A touch
sensor(denoted `T') reacts to a contact force at the end of the stick, and can detect contact with the
ground (or lack of it). Both orientation and touch sensorsare useful for building controls for locomotion
and other behaviors. SeeFigure 2. for an illustration of the Framsticks e�ectors and sensors.Additionally ,
seethe Appendix for more detail on the capabilities of the system.

4 Genetic Enco dings in Framstic ks

4.1 Supp ort for multiple encodings

There are multiple encodings supported by the Framsticks system, each with its own representation
and operators. The systemmanipulates and transforms genotype strings in various representations, and
ultimately decodesthem into the internal representation usedby the simulator.

Any creature can be completely described using a low-level representation, by listing all of its com-
ponents and attributes. This representation can be treated as a special genotype encoding | special
becauseit is a direct one-to-onemapping | which we call simul . Other higher-level encodings con-
vert their representation into the corresponding simul version (possibly through another intermediary
representation), as illustrated in Figure 3. The reversemapping of higher-level encodings is di�cult to
compute, which is also true for biological phenotype encodings. As a consequence,in the generalcaseit
is not possibleto convert a lower-level representation into a higher-level one (or a higher-level one into
another higher-level one). Nonetheless,an approximate transformation is possiblefrom devel genotypes
to recur genotypes,but not the other way around.

Each encoding has its associated genetic operators (mutation, crossover, and optional repair), and a
decoding procedurewhich translates a genotype into a simul (or another `lower') representation. A new
encoding can be added relatively easily, by implementing these components, without the need to work
with internal representations. The Framsticks system is accompaniedby the Genotype Development Kit
to simplify this process[15].

In this article we describe three encodings: the direct low-level, direct recurrent, and indirect develop-
mental. There are other encodings which are currently under development (similarit y-based,metabolism-
based,etc.). The direct low-level encoding (denoted simul , from `simulator', elsewherealso referred to
as `f0') is a universal encoding which directly describes any valid phenotype. The direct recurrent en-
coding (recur from `recurrent', `f1'), the original encoding in Framsticks, is signi�cantly more compact
than simul , but still preserves a one-to-onemapping between genotypic and phenotypic parts. It uses
higher-level rules to achieve compactnessand transparency. The indir ect developmentalencoding (devel
from `developmental', `f4') is similar to recur , but describesthe processof creation of a creature, rather

3There is also a smell sensor,not used in the present work.
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recur

Figure 3: The architecture for multiple encodings. Solid
arrows indicate decoding of one representation into an-
other. Dashedarrow indicates an approximate transforma-
tion (with potential lossof information).

than its �nal form. Consequently, it supports somefeatures that are results of interactions during the
developmental process:most importantly, modularit y.

4.2 Direct low-lev el

The direct low-level, or simul , encoding describesagents exactly asthey are represented in the simulator.
This encoding is more of a direct representation than a proper encoding, but it is possibleto useit assuch.
It does not use any higher-level features to make the genotype more compact or 
exible, and because
of this, it is expected that this encoding is not very well suited for evolution. Its useful characteristics
are that it has a minimal decoding cost and that it is universal: every possibleagent can be described
using this encoding. These properties make it possible to use the simul encoding as an intermediary
representation during the translation from other higher-level encodings.

A simul genotype consistsof a list of descriptions of all the objects the agent is composedof: parts,
joints, neurons, and neuron items (connections, sensors,e�ectors). Every description speci�es all the
attributes of the object explicitly (except thosewhich are equal to their default value). A samplegenotype
is provided in Figure 4. All objects are implicitly numberedby their position in the list, and theseabsolute
order numbers are used for later reference(e.g., each neuron has a referenceto the part it is attached
to). The absolute referencenumbersare global properties, and are a�ected by a changein the number or
order of the objects. Generally the simul encoding doesnot imposeany restriction on the phenotypes4,
and it even allows morphologieswith cycles(such as the one illustrated in Figure 5.a). This is not true
of the other two encodings. Further details of this format can be found in [13].

In order to usesimul as a true encoding, both geneticoperators are implemented. Point mutation of
a genotype is straightforward: it either changesone attribute of one object, or (less frequently) removes
an existing object or adds a new one. In either case,mutation a�ects exactly one element of the agent.
The simul encoding does not o�er a straightforward method for crossover. Thus we based crossover
on phenotypic geometry: both morphologiesare cut in two parts using a plane randomly positioned in
space,and the two halvesfrom each of the agents are grafted together. Neurons follow the part they are
attached to, and broken links are reconnectedto recover lost functionalit y. Such an example is shown in

4There is one small restriction present, however: the orientation of parts is always zero. The orientation of a part
in
uences both how receptors (`T') and muscleswork. Touch sensorsalways `look' in one direction, and muscleswork along
the same axis. This is not a serious restriction, as musclescan still produce various movements. In other representations,
the orientation of a part is determined by a `growing axis'.
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p:D=0
p:1, m=2, vol=2, D=0
p:2, m=3, vol=3, D=3
p:2.50017, -0.000170005, -0.865927, D=5
p:2.50017, 0.000170005, 0.865927, 3, vol=3, D=7
p:3.50017, 0.000170005, 0.865927, D=9
p:2.00051, 0.000340067, 1.73215, D=11
j:0, 1, dx=1, D=0
j:1, 2, 1.5706, dx=1, D=3
j:2, 3, rz=-1.047, 1, D=5
j:2, 4, rz=1.047, 1, D=7
j:4, 5, rz=-1.047, 1, D=9
j:4, 6, rz=1.047, 1, D=11

Figure 4: A sample simul genotype. This genotype corre-
spondsto the phenotypeshown in Figure 7.b | recur geno-
type `XRRX(X,X(X,X))'. Lines starting with a `p:' represent
material endpoints, while lines starting with a `j:' represent
rods joining two endpoints. The �rst two numbers after `j:'
are the referencesfor the two endpoints.

Figure 5. In a special case,when two identical parents are crossedover, the resulting o�spring is identical
to the parents.

4.3 Direct recurren t

The direct recurrent, or recur , encoding was the �rst one employed in the Framsticks system. This
higher-level encoding wasdesignedsothat genotypesare compact and robust in faceof geneticoperators.
Being easily understood and manipulated by humans was also a consideration.

The details of the recur encoding had beencovered in [12, 14, 16], so only a brief overview is given
here. In a recur genotype, the component sticks of a morphology are described using a string as follows:
each stick is represented by a letter `X', and two consecutive `X's represent two sticks joined together.
If there is a stick joined to several other sticks, they are represented using the structure `X(X ... , X
... , X ... ) '. This is su�cien t to represent any cycle-freestick topology, seeFigure 6. for some
examples.

Symbol Meaning

R Rotation of branching plane by 45�

Q Skew of branching plane
C Curvedness
L Length
F Friction
M Muscle strength

Table 1: Modi�er symbols in recur . `RRR' rotates the current branching plane by 3 � 45� = 135� ; r̀r ' by
� 90� , etc.

Various attributes of sticks are speci�ed using modi�er letters. Modi�ers changethe value of a certain
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(a) (b) (c)

Figure 5: A simul crossover example. (a) The two parent structures; shown with
their cutting planes. (b) The separatedparents; dashedlines are joints which are
broken, and the two halves shaded in black are used in the child. (c) The child
structure; dotted lines are newly created joints.

`X' `XX(X,X)'
(a) (b)

`XXX(XX,X(X,X)) ' `XXX(,,,XX(X(X,X),X(X,X,, ))) '
(c) (d)

Figure 6: Examples of genotypes describing bodies of increasing com-
plexity. (a) Singlestick, (b) two joined sticks branching into singlesticks,
(c) recurrent branching, (d) recurrent branching with some branches
missing.
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property in a relative manner, starting with an implicit default value. Lowercaseletters denotemodi�ers
which decrease,and capital letters denote modi�ers which increasethe value of an attribute by a �xed
factor. Repeated letters achieve a compound e�ect, for example, l̀X ' represents a short stick, while
`LLLX' a very long one. Furthermore, modi�ers are `fuzzy' and do not only a�ect the �rst following stick,
but later onesas well, with a decreasingweight. For example, the lengths of the sticks in the genotype
`XLLXXX' are 1.00, 2.00, 1.51, and 1.255 respectively. There are modi�ers for basic attributes (present
also in the simul encoding), and somerecur -speci�c ones,such as the curving anglebetweentwo sticks.
Modi�ers and their meaningsare listed in Table 1. Related examplesof genotype-phenotype pairs are
presented in Figure 7.

`CXlXlXlX ' `XRRX(X,X(X,X))' `CCXXX(XXX,XXX)'
(a) (b) (c)

Figure 7: Examples of recur modi�ers. (a) Shortening and curvedness,
(b) rotation of branching plane by 90� , (c) tendency for curving.

Neurons are represented by the symbols [̀ ... ] ', inserted after the stick they are attached to.
There are various parametersspeci�ed for a neuron: type (`| ' for bending muscle,`@' for rotating muscle,
etc.), a comma-separatedlist of connectionsin the format `<input>:<weight> ', where input is either an
integer, in which caseit denotesanother neuron using relative numbering (-1 meansthe previous, +2 the
secondnext one, etc.), or a sensor(`T', `G', etc.). Figure 8. presents three exampleswith explanations:
`X[0:5] ' is a stick with a neuron which has a single recurrent link from itself, `X[@1:3]X[G:-2] ' is two
sticks, both with one neuron, the secondconnectedto a gyroscope sensor,and the �rst connectedto the
second,and driving a bending muscle.

The recur encoding has specializedgenetic operators. Mutation either adds a new modi�er, a new
stick or neuron, or deletesan existing modi�er, stick, or neuron, or changesthe parametersof an existing
neuron. Crossover operateson the genotype strings in a straightforward way: it swaps randomly isolated
substrings among two strings. However, cut points are restricted to logical positions (i.e., the multiple
characters describing a single neuron are never separated).

The recur encoding has several properties resulting from its design features. Important properties
are:

{ Linkage between body parts is done implicitly , rather than using explicit referencesto parts (eg.,
`XX' implicitly createsa link betweenthe two sticks).

{ Linkagebetweenneuronsis doneusing relative rather than absolutenumbering. Relative numbering
is susceptible to disruptions only if the added (removed) neuron is between the two ends of the
link, but resistant otherwise. The latter casesare more frequent, and links speci�ed by absolute
numbering would be broken in such cases.

{ Attribute changespropagate along the body structure.
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0 1
0 2

`X[0:5] ' `X[@1:3]X[G:-2] ' `XX[@0:0][|1:1,-1:2]X[-2:3 ] '

(a) (b) (c)

Figure 8: Examplesof describing linkagebetweenbody and control. (a)
Single stick and neuron, not connectedfunctionally, (b) two sticks: one
with a rotating muscle, the other with a G receptor, (c) example of
a more complex NN and two kinds of neurons for the samejoint. The
body shape, the neural network, and the genotype is shown in each case.
Note that the neural networks are shown with inputs arranged to the
left and outputs to the right, which results in a di�eren t ordering of the
neuronsthan in the genotypes.

{ Implicit default valuesand automatic constraints are usedextensively (e.g., if there is a link from
a sensor,there must be a sensor).

{ Control elements (sensors,e�ectors) are described near the elements controlled.

Now we can list the characteristics of the recur encoding:

1. Non disruptiv e. Small changesto the genotype generally causesmall changesto the phenotype.
The changescan propagate to multiple sites, but in a continuous and structured manner.

2. Crossover-friendly. Substrings retain at least part of their meaning when isolated and inserted into
another context. Disrupted referencesare �xed by automatic constraints and implicit rules.

3. Human-friendly. The relationship between a genotype and its phenotype is relatively easy to un-
derstand by a human user, so genotypescan be be analyzedand modi�ed by hand.

4. Complete. The genotype speci�es every aspect of the phenotype completely (albeit not all directly).

5. Minimal redundancy. There are no genotype parts with no in
uence over the genotype.

In summary, the direct recurrent encoding useshigher-level constraints, and is potentially more e�ec-
tiv e in an evolutionary search than the direct low-level encoding. However, this conjecture needsto be
tested empirically.

4.4 Indirect developmen tal

The indirect developmental encoding describes an agent by specifying its developmental processrather
than its �nal form. A preliminary description of this encoding has been included in [14]. The encoding
models a set of interacting phenotypic parts which execute actions speci�ed by the genotype. This
encoding is inspired by the cellular developmental encoding of Gruau [7], but is extended to include the
body aswell. Developmental encodingshave beenapplied to evolution of neural networks [11, 23,8, 4, 19],
and more recently to both neural networks and morphologies[5, 6, 2, 3, 10], and have beenfound to be
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superior to direct encodings, by producing more structured and modular phenotypes. Extra complexity
and unnecessarilylarge phenotypesare reported as disadvantages.

Using the devel encoding, creaturesare built by passingthrough a developmental phase.A developing
creature consistsof a set of interconnectedcells, which can be undi�er entiated or di�er entiated (sticks or
neurons). Cells executegenetic codes which alter their properties, or create new cells through division.
After a division the newly created cells execute di�eren t codes (they di�er entiate). At this point the
genetic codes fork, which is why the entire genotype is organized as a tree. Development of a creature
starts out as a single undi�eren tiated cell. As new cells are created, they follow their instruction in
parallel. Undi�eren tiated cells can mature into sticks (`X') or neurons (`N'). Development halts when all
cells mature [7, 19].

Devel is similar to recur insofar as it usessimilar genetic symbols (`X', [̀ ... ] ', etc.). In recur
the genotype is traversed, and the codes are interpreted by an external builder process,which creates
the parts of the creature. In devel the codesare interpreted by the developing parts themselves. Recur
codesconsist of onesthat generatenew parts, and modi�ers that changeproperties of parts that are to
be created. Devel also has analogousmodi�ers, but thesea�ect existing parts.

Figure 9: A sample devel genotype represented as a tree.
The genotype is `<X>RR<<X><<X>X>X>X', equivalent to the
recur genotype presented in Figure 7.b.

A devel genetic code tree is represented as a string, generatedby traversing the tree pre-order (for
each node, �rst the node is described, then its subtrees). A division `<' is followed by the codesexecuted
by the parent cell, until the corresponding stop code `>', then by the codesexecutedby the daughter cell.
If either of the codesis itself a tree, the samerule is applied recursively. This way the `<' and `>' codesalso
act like nested parentheses. An example is presented in Figure 9: the genotype `<X>RR<<X><<X>X>X>X'
is shown as parsedinto a tree structure. The resulting genotype (Figure 7.b) consistsof six sticks, easily
seenfrom the fact that the tree contains six terminal nodes(and �v e branching nodes).

The devel encoding supports repetition of the samecodeportion more than once. This is implemented
by the repetition code `#', which has two subtrees(lik e `<'): the �rst is the code which is repeated, and
the secondis the rest, executedafter the repetitions. The `#' code alsospeci�es the number of repetitions.
The repeated subtree can contain an arbitrary number of codes, including divisions. In this caseonly
daughter cells will continue the repetition, not both of them.

The repeated genotype portion can consist of a single node or a subtree of arbitrary size. If the
repeated subtree includes only a modi�er, the e�ect of the modi�er will be enhanced,but no new parts
will be created. If it includesa division (`<'), multiple copiesof the element will be created. The simplest
caseis the repetition of a single stick or neuron. The repeated portion can contain multiple division
codes, and even nested repetition codes. For example, the genotype presented in Figure 10. features a
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repeated body segment consisting of three sticks.
Phenotypemodularit y producedthrough developmental repetitions canbecontrasted with modularit y

produced through phylogenic gene duplication. During evolution a genotype portion encoding body
substructures can be duplicated (especially by crossover). However, even if the resulting duplicated
phenotypic structures are identical, they are no longer encoded by the same genetic codes, and thus
will evolve independently. In the caseof devel encoding, repeated identical body parts are encoded by
shared genetic codes. This opens up the possibility of mutations which a�ect all copiessimultaneously
[19]. Modularit y is argued to be a useful property when evolving complex entities [7, 2]. However, the
modularit y in devel encoding is somewhat limited in that modules are identical, and cannot diverge or
di�eren tiate.

The devel encoding is accompaniedby specializedgenetic operators: mutation a�ects a single node
in the genotype tree (it is similar to the recur mutation). Crossover isolates and swaps subtrees from
the genotype trees, which is the standard method used in genetic programming.

The devel encoding is similar to the recur encoding in that it usesanalogousgeneticcodes,and every
devel genotype can be translated into an approximate recur genotype. Di�erences include support for
modularit y and the mechanism for propagating attribute values from one element to another. In devel,
when a cell divides, the new cell inherits the attributes of the old cell. The e�ect is similar to how modi�er
e�ects are propagated in recur . But the propagation-by-division is more 
exible: for example, dividing
neuronscan duplicate their existing connections(seeFigure 11. for an example). This provides one way
to compressinformation neededto describe a neural network.

Figure 10: Example of the repetition operator in genotype
r̀r<X>#5<,<X>RR<<llX>LX>LX>>X'.

Figure 11: Example of multiplication of neural
links when a cell is divided. The devel genotype
is `<X>N<[*:0]>[-1:10]<><> ' (the correspond-
ing recur is `X[*:0][-1:10][-2:10][-3: 10] ').

In conclusion, the devel encoding is similar to the recur encoding, but uses some features of a
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developmental encoding. It supports segmentation and modular body layouts, features which are not
supported by recur . However, devel is not a full-
edged developmental encoding, becauseits support
for modularit y is limited: repeated modules are always identical. (This is also true of the encoding used
in [10], but not of the one usedin [3].)

4.5 Characteristics of the Three Enco dings

In this section we attempt to summarize the characteristics of the three encodings, and chart the di�er-
encesin Table 2. We include the following characteristics in the comparison. Genotype complexity refers
to the internal structural complexity of genotypes,and the degreeof dependenciesbetweengenes5. The
simul and recur encodings have medium complexity, while the devel encoding has somewhat higher
complexity, due to the repetition structures.

Characteristic Simul Recur Devel

Genotype complexity Medium Medium High
Interpretation complexity Low Medium Medium

Body constraints None High High
Brain constraints None Low Low

Modularit y None None High
Compression None None Variable
Redundancy None Low Low

Table 2: Characteristics of the presented genetic encodings.

Interpretation complexity refers to the algorithmic complexity of the processof interpretation of a
genotype. Simul direct encoding requiresvery low overhead,while the two higher level encodings require
extra memory. Body and brain constraints are present if the encoding inherently limits which phenotypes
are expressable. Simul has no such limitation, while both higher level encodings imposeat least one
major constraint (no cyclesallowed) and someminor ones(someattribute valuescan be set with limited
precision, etc.). Modularit y refers to the encoding's abilit y to produce identical or similar phenotypic
units encoded by shared genes. Only devel quali�es in this category. Compressionrefers to encodings
which can encode a number of phenotypic parts in a lessernumber of genotypic parts; this property is
related to modularit y. Finally, an encoding has redundancy if it permits genotypes with unexpressed
portions. This can happen under both recur and devel, but not extensively.

The three encodings di�er in several characteristics, which makes it impossibleto analyze the e�ect
of one particular feature in isolation. Constructing encodings which di�er in no more than one feature
would be possibleonly if theseencodings have much in common (e.g., a common meta-encoding). This
contradicts our purpose to test fundamentally di�eren t approaches to encode organisms. In di�eren t
encodings operators are inherently di�eren t in most cases.

5 Empirical Comparison

In order to analyze the di�eren t encodings, we compared their performance against the same tasks.
We kept the �tness function and other settings constant in all the runs, and changed only the genetic
encoding used. We present results in the caseof three optimization tasks: passive height maximization,
active height maximization, and locomotion velocity.

5We use the word `gene' loosely, referring to the smallest element of a genotype (a letter in the genotype string), or a set
of adjacent elements (a substring of the genotype string).
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The �rst two tasks required maximization of the average height of the agent, as measuredby the
geometric center of body parts. In order to limit evolution to static morphologies, in the �rst task we
turned o� the simulation of neural networks. This limitation was removed for the secondtask, which
opened up the possibility of movement to enhance�tness. The motion of a creature may increasethe
height on average, but morphology is still the dominant factor. The height maximization tasks are
relatively simple compared to the full potential of the Framsticks system, but enablesus to analyze
results easily, just by looking at static images.

The third task was maximization of locomotion speedon land. This task required a coordinated set
of body parts (limbs), and control structures (e�ectors, neurons,and usually sensors).Various results for
locomotion using Framsticks have beenreported previously in [16, 14].

5.1 System parameters

The evolutionary algorithm used was a steady-state GA, with the most important parameters listed
in Table 3. Genotypes were selectedusing tournament selection with size 2. When a genotype was
selectedfor reproduction, it was modi�ed in 80% of the cases.If it was modi�ed, it was mutated (80%
probabilit y) or crossedover. If a genotype was not modi�ed, it was cloned, which served to lengthen the
averagelifetime of genotypes, to get �tness valuessampledmore than once. This was neededbecauseof
the nondeterministic nature of the simulation (random initialization of neuron states). The �tness of a
genotype wasde�ned asthe averageof the �tness valuesof the multiple individuals sharing the genotype.

Thesesettings were a result of a tedious experimentation and adjustment process.For every combi-
nation of genetic encoding and task we executed10 �nal runs, for a total of 3 � 3 � 10 = 90 runs.

Setting Value

Population size 200
Cloning probabilit y 20%
Crossing-over probabilit y 16%
Point-mutation probabilit y 64%
Initial distance from the ground 0.1

Table 3: GA settings used in the experiments.

Setting Height (passive and active) Velocity

Performancemeasurement interval 50 500
Simulation time after stabilization 1000 5000
Number of evaluations in a single run 40,000 60,000

Table 4: Parametersof �tness formula and the number of evaluations in a single evolutionary run.

Further settings are detailed in Table 4. All values concerning time are in simulation steps, and
valuesconcerningdistance are in simulation units. For comparison,the default stick length is 1:0. Every
evaluation was started with a stabilization period, during which no performance measurements were
taken, and neuronswere kept inactive. This was done in order to prevent the useof the potential energy
resulting from the initial placement and position of the creatures.
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5.2 Results { Quan titativ e analysis

In a quantitativ e analysis the notion of best individual is important, but complicated by the fact that
�tness evaluations are non-deterministic. A �tness can depend on how many times a genotype had been
evaluated. The more evaluations, the more stable and reliable is a �tness estimate.
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Figure 12: Best, average,and worst �tness valuesduring an evolutionary run.

We reproduce a typical �tness pro�le from a velocity-oriented experiment. Figure 12. plots various
�tness values against time. The middle line is the mean �tness of the population. The lines above
(best(2)) and below (worst(2)) are the best and worst �tness valuesof genotypes evaluated at least two
times. Lines best(1) and worst(1) are the best and worst �tness valuesof all genotypes (including those
evaluated only once). As it can be seen,best(1) and worst(1) vary widely. Therefore we decidedto de�ne
the `best' genotype as the genotype with highest mean �tness, evaluated at least two times (best(2)).
Thus `best', `highest', etc., are usedwith such meaning in the forthcoming discussion.

Charts in Figure 13. summarize the �tness results for the three tasks and three genetic encodings.
The bars show averagesof best individuals taken from the 10 runs; standard deviations are also shown.
In all three tasks, the worst was the simul encoding. Recur and devel were comparable. Statistically,
the di�erence was important betweendevel and simul in task (a), and betweenrecur and simul , and
devel and simul in task (b). In task (c), no di�erences were statistically signi�cant 6.

It may seeminteresting that active height maximization did not yield better results than the passive
one. One explanation is that static constructs alone were su�cien t to produce solutions very close to
physical limits. The �tness result values, taken together with attempts to manually construct agents
(described in more detail below), indicate that the value of 2:50 for averageheight of the center is very
hard to exceed.This is due to somephysical limitations: the maximum stick length is 2:00, and the high
elasticity of sticks and joints makes them unable to bear large weights. The disadvantage of a moving
design (e.g., jumping) is instabilit y, and apparently, in this regime the disadvantage was stronger than

6Tests were conducted with the assumption of normal distribution of results and after testing the hypothesis of equal
variances. The signi�cance level was 0.01.
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Figure 13: Best �tness values found in the three tasks: (a) passive average
height, (b) active averageheight, (c) averagevelocity. Mean valuesare shown
with standard deviations.

the bene�t. Motion might be better, however, in increasing maximal height rather than averageheight
(as in the caseof a big leap followed by collapse).

5.3 Results { Qualitativ e analysis

5.3.1 Heigh t, passiv e agents

In this task three kinds of construction were typical, with variable intensity of branching: from antenna-
like creaturesthrough tree- and bush-like creatures(Figure 14). Typical simul solutions had a triangular
base(90% of agents), which allowed for high stabilit y and sti�ness. This shows the importance of cycles
in the morphology. Using cycles it is possible to convert some of the compressingforces into pulling
forces, which are handled better by sticks. If cycles were not available, we would have expected even
lower maximum �tness values.

Using the simul encoding, oneof the observed kinds of solutions wasa number of sticks erectedfrom a
base. Such a structure allowed for a high position of the geometriccenter with high stabilit y and sti�ness
(Figure 14.d). With recur , in 50% of the agents basepoints were joined not at ground level, but above
(Figure 15.a, b, c). One of the exceptionswas the bush-like agent with 4353parts (Figure 15.d). In the
caseof the devel encoding, the in
uence of modularit y was observed in structures resembling a spiral, a
chain, or a segmented backbone (Figure 16).

Although evolved creatureswerestable during their normal evaluation period, in most casesthey were
knocked out of balancewith minimal e�ort. Someminimal motion could usually be observed even in the
caseof passive agents, due to elastic forcesand non-equilibrium initial conditions. In somecasesagents

ipp ed over spontaneously when simulated for times exceedingthe length used during the evolution.
This shows the extreme degreeof adaptation to the given environment and peculiarities of the �tness
evaluation.
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(a) (b) (c) (d)

Figure 14: Representativ e best agents in passive height maximization
task, simul encoding.

(a) (b)

(c) (d)

Figure 15: Representativ e best agents in passive height maximization
task, recur encoding.
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(a) (b) (c)

(d)

(e)

Figure 16: Representativ e best agents in passive height maximization
task, devel encoding.
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5.3.2 Heigh t, activ e agents

This task is similar to the passive height task, but with the possibility of using neural networks to generate
movement. Many resulting structures were similar to onesfrom the previous task. In simul and recur ,
about 40% of agents appeared to be moving purposefully; the rest were moving in a way that did not
deteriorate their �tness or did not move at all (Figure 17.a, b). A purposeful movement was usually
stretching and straightening (Figure 17.c), with an orientation sensoras the signal source. Among devel
agents no purposefulmovement was observed, but someinteresting constructions emerged(Figure 18).7

(a) (b) (c)

Figure 17: Representativ e best agents in active height maximization
task. Recur encoding.

(a) (b) (c) (d) (e)

Figure 18: Representativ e best agents in active height max-
imization task. Devel encoding.

5.3.3 Velocit y

In this task, evolved agents had small bodies (small weight), and usedneural networks with e�ectors and
receptors. This task is not so severely imitated by simple physical constraints as the height tasks, and
there was a higher variety among the observed strategies.

Among agents evolved for velocity the most frequently encountered structure consistedof a few sticks,
branched or bent (Figure 20.b). The last stick was moved by a bending muscle, and used as a limb for
pushing back. The branching on the other end stabilized the direction of the locomotion (if an agent

7Another peculiarit y of the height maximization task was noted while trying to design solutions by hand. In a simple
active setup, a vertical beam is balanced by a muscle at its base. The muscle needs to switch from pulling to pushing as
the beam passesthe vertical direction. However, an orientation receptor is most sensitive to the horizontal direction, so it
cannot be placed directly on the beam. In order to use an orientation sensor, it should reside on a horizontal stick, or large
neuron biasesneed to be used. These solutions are lessprobable, as they require the co-occurance of several changes.
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fell down after a jump, it turned over and got into the sameorientation, due to the stabilizing limbs).
Consecutive small jumps resulted in locomotion in one direction (Figure 19.a).

Another popular solution was a construction with two pushing limbs, with a body perpendicular to
the direction of the locomotion (Figure 20.a). Usually only one limb had a muscle,and the other served
as stabilization, moving passively, and helping sustain the direction of movement.

Apart from the common designs,many di�eren t strategies could be observed, someillustrated here.
The agent shown in Figure 19.b. had three limbs (two pushing back, onepulling), the one in Figure 19.c.
used a triangular structure for pushing, and the one in Figure 20.c. had a symmetrical body with two
pushing limbs.

Since solutions had small bodies, there were no evident generaldi�erences between morphologiesin
the caseof the three encodings. There was no room for segment repetitions and large scalemodularit y.
Subjectively, the movement of recur and devel solutions appearedas somewhatbiologically more plau-
sible than simul movements. Neural networks, receptors,and e�ectors were very precisely tuned to the
morphology, showing a tight coupling betweenmorphology and control.

(a)

(b)

(c)

Figure 19: Representativ e best agents in velocity maximization task.
Simul encoding.

5.4 Comparison to human-designed agents

Designingagents by hand is a very complex process,in professionalapplications it requiresplanning and
extensive knowledge about how the control system, receptors, and e�ectors work, as well as knowledge
about the simulator. Designingneural networks for control by hand is especially di�cult and tedious. For
this reason,human-built agents usually have lower �tness than agents produced by evolution. However,
human creations are often interesting qualitativ ely. Human designs have such properties as explicit
purpose,elegance,simplicit y (minimum of means),and often symmetry and modularit y. These features
are opposedto evolutionary results, which are characterized by hidden purpose,complexity, implicit and
very strong interdependenciesbetweenparts, as well as redundancy and randomness.

The di�cult processof designingneural networks can be circumvented by a hybrid solution: bodies
can be hand-constructed, and control structures evolved for it. It is possible to turn o� evolution of
body parts (using simul or recur ). This approach can yield interesting creatures [1, 12, 14, 15], often
resembling creaturesfound in nature.

We tried to design agents by hand for the presented tasks, without much success.The locomotion
task is simply too complex for a new good solution to be designedby hand in a reasonableamount of
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(a)

(b)

(c)

Figure 20: Representativ e best agents in velocity maximization
task. (a, b) Recur encoding, (c) devel encoding.

time. We expectedto be more successfulin the simpler task of active height, but we managedto produce
higher scoresin only a single, extreme case. A simul structure in the form of the edgesof two cubes,
one on top of the other, with carefully designedstick lengths and coordinates, obtained a �tness (2.51)
above the best found in evolution. This solution is special becauseit had a clear overall design,and relied
on somecoordinates of di�eren t endpoints being precisely the same(`exact coordinates'), which rarely
happensduring evolution. Moreover, this structure employs cycles,so comparisonto results from recur
and devel is unfair, sincecyclesare not available in those encodings. The fact that a single hand-crafted
designscoredhigher doesnot diminish the results of the evolution but rather strengthensthem, because
of the peculiar circumstancesrequired.

6 Conclusions

Three di�eren t encodings were tested in the presented experiments, and the solutions produced are
consideredto be successfulfor the given tasks in all three cases. However, there were someimportant
di�erences in the degreeof success. The simul encoding performed worse than the two higher-level
encodings. The most important di�erences between these encodings are that simul has a minimal bias
and is unrestrictiv e, while the higher-level encodings (recur and devel) restrict the search space,and
introduce a strong bias towards structured phenotypes. Also, the genetic operators of the higher-level
encodings are generally lessdisruptiv e than the operators working on lower-level genotypes. Note that
the issuesof genetic operators and the imposedstructure of an encoding are strongly related. Based
on our results, we conclude that a more structured genotype encoding, with genetic operators working
on a higher level, is bene�cial in the evolution of 3D agents. The presenceof a bias towards structured
phenotypescan overcomethe apparent limitation that entire regionsof the search spaceare not accessible
by the search.

Comparing devel to recur , we found that the two performed similarly, although devel is somewhat
more complex than recur . In this casethe extra complexity of the encoding (support for modularit y) did
not result in better solutions. Modularit y in evolved agents was not very frequent (in the caseof velocity
task, very rare), which we attribute to the fact that the selectedtasks were not very complex.

Another conclusion supported by results presented in this article is that despite similar �tness val-
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ues, bias introduced by the encoding may be useful in someapplications (engineeringand robotics, for
example). Di�eren t structures yield di�eren t dynamics, energy consumption, durabilit y etc., although
thesecriteria were not consideredin the optimizations reported here. The signi�cant in
uence of a cho-
senencoding can be clearly seenin the agents we obtained: those with low-level direct encoding simul
displayed neither order nor structure. The two encodings restricting morphology to a tree producedmore
clear constructions, and for developmental encoding segmentation and modularit y could be observed.

Each higher-level encoding introducesa speci�c bias into solutions. Introducing a new, sophisticated
genotype encoding may be worthwhile even if it doesnot lead to higher �tness solutions, becauseit may
facilitate the emergenceof new evolutionary `ideas'. Evolutionary search biased towards di�eren t areas
of the search spaceusually results in qualitativ ely di�eren t solutions.

On a general note, it was found that the apparent redundancy in evolved individuals was often an
illusion, as any minor change proved deleterious. This shows the strength of implicit relations between
parts within the evolved agents. It wasusually impossibleto construct solutions by hand which exceeded
or matched the �tness of evolved individuals. These �ndings indicate that solutions found by evolution
were highly optimal and di�cult to improve upon.

Future work

Work is currently under way on the Framsticks systemto implement a universal environment for various
experiments. Many experiments could be performed in addition to the onespresented here, of which we
mention only a few. Estimates for the `ruggedness'of an imposed�tness landscape allows testing of the
conjecture about the `smoothness' of various encodings, without the bias of the evolutionary algorithm
[22]. Control experiments using devel with support for repetition turned o� can be used to isolate the
e�ect of this particular feature.

Similar experiments should be conducted with di�eren t, more complex tasks, and speci�cally , with
tasks that require multiple behaviors (e.g., locomotion and foraging). Numerous ideas exist regarding
new encodings, including a similarit y-based encoding, and an encoding basedon simple models of cell
metabolism, which allow for a gradual way of modeling interactions between body parts during devel-
opment. Finally, work is under way on applications of a phenotype similarit y measure,which allows for
speciation and automatic taxonomy analysis [13].

App endix

We include here a screenshotfrom the Framsticks simulator (Figure 21), showing a detailed view of an
agent. The picture shows the body and brain of a recur creature from a speed-oriented experiment. The
left paneshows a schematic view of the body (neural links are shown in blue, the body is shown in black).
The inset in the upper-left corner is the corresponding genotype. The inset in the lower-left corner is a
`solid' renderingof the samecreature. The right paneshows the neural network of the creature. Receptors
and e�ectors are shown as small icons, two touch sensorson the left, and four muscleson the right (three
rotating and onebending). Two smaller windows graph the current output signal of two chosenneurons.
The color of neural links re
ects the signal value. Note that one touch sensoris selected(white square);
its location is shown in body (white small �lled circle).
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