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Abstract.  In evolutionary algorithms a common method for encading
neural networks is to use a tree-structured assenbly procedure for con-
structing them. Since node operators have di culties in specifying edge
weights and these operators are execution-order dependert, an alterna-
tive is to use edgeoperators. Here we identify three problems with edge
operators: in the initialization phase most randomly created genotypes
produce an incorrect number of inputs and outputs; variation operators
can easily changethe number of input/output  (1/O) units; and units have
a connectivity bias based on their order of creation. Instead of creating
I/O nodesas part of the construction processwe propose using param-
eterized operators to connect to pre-existing 1/0 units. Results from
experiments show that these parameterized operators greatly improve
the probability of creating and maintaining networks with the correct
number of I/O units, remove the connectivity bias with /O units and
produce better cortrollers for a goal-scoring task.

1 Intro duction

Neural networks are one of the more common typesof controllers usedfor arti-
cial creaturesand ewlutionary robotics [1]. Sincerepresertations that directly
encale the weights and connectionsof a network have scalability problems in-
direct represenations must be used for larger networks { although to achieve
better scalability the indirect represeration must allow for reuseof the genotype
in creating the phenotype [2]. One type of indirect represetation that is becom-
ing increasingly popular for encaling neural networks is to usea tree-structured
genotype which speci es how to construct them. Advantages of indirect, tree-
structured represertations are that they better allow for variable sized networks
than directly using a weight matrix, and Genetic Programming style reconbi-
nation between two trees is easierand more meaningful than trying to swap
sub-networks with a graph-structured represenation.

One of the original systemsfor encading neural networks in tree-structured
assenbly proceduresis cellular encading [3]. Yet cellular encading has been
found to have shortcomingsdue to its use of node operators; subtreesswapped
through recombination do not produce the samesubgraphsbecausenode oper-
ators are execution-order dependert and specifying connection weights is prob-



lematic since node operators can create an arbitrary number of edges[4]. Con-
sequettly, of growing interest is the use of edge-encding commandsin which
operators act on edgesinstead of nodes[5{7].

In this paper we point out three di erent shortcomingsof edge-encding lan-
guages.First, regardlessof whether the rst N nodesare taken asinput/output
(I/0) units or if special node-construction commandsare usedfor creating 1/0
units, when creating an initial population it is di cult to ensurethat randomly
createdgenotypeshave the correct number of them. A secondproblem is that as
ewlution proceedsthe variation operators have a high probability of changing
the genotype sothat it producesnetworks with incorrect numbers of I/O units.
Finally, a more seriousproblem with tree-structured assenbly proceduresis the
node creation-order connectivity bias (NCOCB). The NCOCB problem is that
nodescreated from edgeoperators at the bottom of the genotype will have only
a single input and output, whereasnodes created from operators higher up in
the genotype will have a connectivity proportional to 2h¢i9nt

One way to addressthe problems of producing the correct number of I/O
nodes and the NCOCB with I/O nodesis by changing the construction lan-
guage. Rather than having commandsin the languagefor creating a new 1/O
unit, or assigningthe Nth created unit asthe ith 1/O unit, we propose start-
ing network construction with the desired number of I/O units and then using
parameterized-connectionoperators for adding edgesto theseunits. Problemsin
creating and maintaining networks with the correct number of /O units are re-
duced sinceall networks start with the desired number and no commandsexist
for creating/removing them. Also, parameterized connection commands mean
that the expected number of connectionsfor all I/0 units is equal for randomly
created genotypesand doesnot su er from the NCOCB.

In the following sectionswe rst describe a canonical method for using edge
encaling operators to represert neural networks as well as our parameterized
operators for connecting to 1/0 units. Next we presen our experiments which
show the dierent biaseswith standard edge-encding operators and demon-
strate that ewolution with the parameterized operators for connecting to I/O
units producesbetter controllers on a goal-scoringtask. Finally we closewith a
discussionon the underlying problem with edge operators and tree-structured
represertations and a conclusionin which we restate our ndings.

2 Encoding Neural-Net works

In this section after describing the type of neural networks that we want to
ewlve we then describe a tree-structured represenation for encaling them, fol-
lowed by two di erent methods for handling input and output (1/O) units. The
rst method for handling /O units usesa standard edge-encding language
(SEEL) and has special commandsfor creating I/O nodes. Since this method
has problems in creating the correct number of I/O nodesand also has a node
creation-order connectivity bias (NCOCB) we then describe a secondmethod
for handling /0O units. In this secondmethod the initial network starts with



the desirednumber of I/O units and operators in the languageconnectto them
using operator parametersto specify which unit to connectto (PEEL, for pa-
rameterized edge-encding language).

2.1 Neural Network Arc hitecture

The neural networks usedin these experimerts are contin uous-time, recurrent
networks similar to those of Beer and Gallagher [8], and of our previous work
[9,10]. Each non-input neuron hasan input bias, , and atime constart, . The
activation value of a non-input neuron g at time t is:

X
agx = jax 1+ (1 Htanh Wjigje 1+ (1)
j

For input neurons,their activation valueis the value of the corresponding sensor.

2.2 Creating a Network from a Tree

The dierent methods for encaling neural networks or graphs with a tree-
structured assenbly procedure all start with a single node and edgeand then
new nodes/edgesare added by executing the operators in the assenbly proce-
dure. Using an edge-encding languagein which graph-construction operators
act on the edge connecting from unit A to unit B, a typical set of commands
are as follows.

{ add.reverse createsa link from B to A.

{ add.split (n) createsa new neuron, C, with a bias of = n, and adds a
new link from A to C and createsa new edgeconnecting from neuron C to
neuron B. The bias of this nodeis setto = n, and the time constart is set
to zero.

{ add_split _cont(m;n) actsthe sameasadd_split() , only it createsa con-
tinuoustime neuronwith a biasof = m and atime constart of = n.

{ connect createsa new link from neuron A to neuronB.

{ dest _to _next changesthe to-neuron in the current link to its next sibling.

{ loop createsa new link from neuron B to itself. The no-op command per-
forms no operation.

{ set _weight (n) setsthe weight of the current link to n.

{ source _to _next changesthe from-neuron in the current link to its next
sibling.

{ source _to parent changesthe from-neuron in the current link to the input-
neuron of the current from-neuron.

Of these commandsadd_split (n) and add_split _cont(m;n) have exactly
three children commandssinceafter their executionthe edgethey act on becomes
three edges.The set _weight (n) command has no children, consequetly it is
always a leaf node and the no-op has either zero or one children soit can be
either a leaf node and halt the dewelopmert of the graph on the current edge,



or it can be usedto delay execution on the current edgefor a round allowing
time for the rest of the graph to develop more. The rest of the commandsresult
in the addition of a single new edgeto the graph so they have exactly two
children commands:oneto continue graph construction along the original edge
one commandto construction along the new edge.

Using the commandsdescribed above the sequenceof graphsfrom gure 1b-i
shows the construction of a network from the genotypein gure 1.a.Graphs are
constructed from this genotype by starting with a single neuron linked to itself,
gure 1.b, and executing the commandsin the assenbly procedurein breadth-

rst order. First, executing split(0.01)  adds node b with a bias of 0.01 and
pair of links, gure 1.c. The command set-weight(0.1)  setsthe weight of the
link ha to 0.1, no-op performs no operation, and then split(0.02)  results in
the creation of neuron ¢ with a bias of 0,02 and two more links, gure 1.d.
Source-to-parent | creates a secondlink ab, and set-weight(0.2)  sets the
weight of the link bato 0.2, gure 1.e.The secondsource-to-parent command
createsthe link éc, executing set-weight(0.3)  setsthe weight of the link ta
fo 0.3 and set-weight(-0.2) results in a weight of -0.2 assignedto the link
ab, gure 1.f. The source-to-next command results in the link bb being cre-
ated, gure 1.g. The command set-weight(0.4)  setsthe weight of link bc to
0.4 and then executing connect createsan additional link Ac, gure 1.h. Ex-
ecuting set-weight(0.5),  setsthe weight of link abto 0.5, set-weight(0.6)
sets the weight of link bbto 0.6, no-op setsthe weight of link ab to 0.0, and
set-weight(0.7)  setsthe weight of link hcto 0.7, gure 1.i. In addition, after
all tree-construction operators have beenexecuted,there is a pruning phasethat
consolidatesthe weights of links with the samesourceand destination neurons,
gure 1.j, and removes hidden neuronsthat are not on a directed path to an
output neuron.

2.3 Standard Edge Encoding Language

The graph-construction language of the previous sub-section can be used to
create neural networks either by assigningthe rst n units as /O units or by
adding commandsspeci cally for creating I/0O units. Assigning arbitrary units
to be I/O units hasthe drawbadk that changesin the genotype can add/delete
units in the network sothat units shift position and what wasathe ith input unit
in the parent becomesthe i + 1 input unit in the child. To avoid this disruption
the SEEL we use has specialized commandsfor creating I/O units.

I/O units are createdthrough the useof the add_input and output _split (n)
commands.Sincetheseare edgeoperators, we label the edgethey are assaiated
with to be from the vertex Ato the vertex B. Executing the add_input command
createsa new input unit and an edge connecting from this unit to A Output
units are createdwith the output _split (n) command, which performs a split
on the existing edgeand the newly created neuron is setas an output unit with
a biasof = n.
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Fig. 1. A tree-structured encading of a network (a), with dashed-linesto separate the
layers, and (b-j) construction of the network it encodes.



2.4 Parametric Edge Encoding Language

A method to remove the connectivity bias with 1/O nodesis by having these
nodes exist in the initial graph and then adding connectionsto them, sudc as
with the commands connect _input( i) and connect _output( i). Labeling the
current edgeas connecting from unit A to unit B, connect _input (i) createsa
link from the ith input neuronto B and connect _output (i) createsa link from
B to the ith output neuron. Sinceead of these commandscreatesa new edge,
both commands have exactly two children operators: one to continue network
construction along the original edgeand oneto construct along the new edge.

3 Experiments

In this section we preseri our experiments comparing SEEL with PEEL. First
we shaw that randomly created genotypesusing SEEL have problems producing
networks with the desirednumber of I/O neuronswhereasthis problem is greatly
reducedwhen using PEEL. Next we show that networks encaded with PEEL are
more robust to maintaining the correct number of I/O units under mutation and
recombination than are networks encaded with SEEL. In our third set of experi-
mernts we demonstratethe existenceof the node creation-order connectivity bias.
Finally, we demonstratethat using PEEL results in better neural-cortrollers for
the ewolution of a goal-scoringbehavior.

3.1 Initialization = Comparison

Onebenet of starting with the desirednumber of I/O neuronsis that randomly
created, network-constructing, assenbly proceduresare more likely to have the
correct number of I/O neurons. This can be shovn by comparing the number of
valid networks created using both network construction languages.A network is
consideredvalid if it hasfour input neuronsand four output neurons (arbitrary

valuesselectedfor this experimert) and for ead input neuronthere is a path to
at least one output neuron and ead output neuron is on a path from at least
oneinput neuron. Table 1 shows the number of valid networks created from ten
thousand randomly created assenbly proceduresfor various tree depths. From
this table it can be seenthat valid networks are signi cantly more likely to be
created with PEEL than with SEEL. The reason PEEL does not score 100%
even though it starts with the correct number of /O neuronsis becausesome
input neuronsmay not be on a path to an output neuron.

3.2 Variation Comparison

In addition to the problem of creating initial individuals with the correct number
of /0 units, SEELs have di cult y maintaining these numbers under mutation
and reconbination. To shov that PEELs better maintain valid networks we
compare the number of networks that still have four inputs and four outputs
after mutation and reconmbination from valid parents.
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Table 1. Number of valid networks generated out of ten thousand randomly created
tree-structured assenbly procedures.

For this comparisonthe mutation operator modi es an individual by chang-
ing one symbol with another, perturbing the parameter value of a symbol,
adding/deleting some symbols, or recombining an individual with itself. Two
types of recombination are used, with equal probability of using one or the
other. The rst recombination operator is the standard GP reconbination that
swaps random subtreesbetween parents [11]. The secondrecornbination opera-
tor is similar to one-point crosswer [12] and we call it matched recomnbination
(MR). MR works by lining up two trees and, starting at the root, matchesup
the children nodes by type and argumert values, nds the locations at which
subtreesdi er and then picks one of these placesat random to swap.

Since random trees of depth sewen produced the most valid networks with
SEEL, we comparedten thousand mutations and recormbinations betweenSEEL
and PEEL on valid, randomly created individuals. With  SEEL mutation had a
succesgate of 84.8% and recombination had a succesgate of 79.2%.In com-
parison, with PEEL mutation produced valid children 93.5% of the time and
recombination did so89.5%of them. Theseresults shaw that networks encaded
with a PEEL are more robust to variation operators.

3.3 Node Creation Order Connectivit y Bias

A more serious problem with tree-structured assenbly proceduresis the node
creation-order connectivity bias (NCOCB). Nodescreatedfrom commandsearly
in the construction processtend to have a greater number of edgesinto and out
of them then nodescreated later in the the process.One consequenc®f this bias
is that I/O neuronsthat are created early in the construction processwill have
a signi cantly higher number of outputs/inputs than thosel/O neuronscreated
at the end of the construction process.

The graph in gure 2.a shaws the average connectivity (sum of inputs and
outputs) of a node plotted againstits creation order. From this graph it can be
seenthat nodescreatedearlier in the construction processhave more connections
than those created later and most nodes only have two connections:one input
and oneoutput link. Thusif I/O nodesare createdby the tree-structured assem-
bly procedure,the rst 1/O nodeswill have signi cantly more inputs/outputs
from/to them than those created later in the construction process.For input
neurons, this suggeststhat the rst inputs are likely to have a greater in uence
on the behavior of the network than the latter inputs and for output neuronsthis
suggeststhat more processingof inputs is happening for the activation valuesof
the rst output neuronsthan for the latter output neurons.
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Fig. 2. Graphs of (a) the average node connectivity by order of creation, and (b) the
number of nodeswith a given connectivity for randomly created individuals.

Becausethe connectivity of a node is strongly biasedby its height in the tree-
structured assenbly procedureand since most commandsare near the leavesin
the tree this results in a bias in the distribution of the number of nodeswith a
given connectivity. Most nodesin the network will have a connectivity of two {
oneinput and one output { and the number of nodeswith a given connectivity
decreaseexponertially (gure 2.b).

3.4 Comparison on Evolving a Goal-Scoring Behavior

While PEEL has been shaovn to be better than SEEL for removing various
biases,of practical importance is whether ewolution with PEEL producesbetter
cortrollers than ewlution with SEEL. To test this we ewlve neural-cortrollers
for a goal-scoringtask.

Goal-scoring takes place in a computer-simulated, 275x152.5walled, soccer
eld with goalsat eadh end ( gure 3.a). Inside the soccer eld is a two-wheeled,
saccer player which has sewen sensorinputs (three sensorsto detect distance to
the wall (one pointing directly in front and the other two at 30 to the left and
right), and four sensorsthat return angleto the ball, distanceto the ball, angle
to the goal and distance to the goal) and two outputs (desired wheel-speed for
the left and right wheels) (gure 3.b).

Evaluating an individual consistsof summing the scorefrom eight trials, two
ead with the ball initially placed in ead of the four corners of the eld, and
the soccer-player placedin the middle of the eld. Initial locations for both the
player and ball are perturbed by a small random amourt and then the player
is given 60 seconds(at 30fps this results in 1800 network updates) to scoreas
many goalsasit can. For eat goal scoredthe distancefrom the vehicle'sstarting
position to the ball plus the distance from the ball's initial location to the goalis
addedto the network's score.After a goalis scoredthe ball is randomly located
at the certer of the eld ( 30, 30), the minimum distancesto the ball and to
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Fig. 3. (a) The soccer eld and (b) the soccer player and its sensors.

the goal are reset, and the network is allowed to try to scoreanother goal. Once
time runs out, a network's scoreis increasedby how much closerit moved the
player to the ball and how much closerit moved the ball to the goal. In addition,
if the player scoresan own-goal, its scoreis reduced by the distance it moved
the ball from its starting position to the goal.

To perform these experiments the EA was run on a Linux-PC with evalua-
tions farmed out to v e PlayStation R 2 developmert systems.Each experimert
consisted of ewlving ft y individuals for ft y generations. A generational EA
was usedand new individuals were created with equal probability of either mu-
tation or recombination and an elitism of three. Evaluating one generation of
ft y individuals took approximately four minutes. The results of experiments are
shown in gure 4 and shaw that ewlution with PEEL producessaoccer players
almost twice as t aswith SEEL.
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Fig. 4. Fitness of the best evolved goal-scoresaveraged over four trials.

! PlayStation is a registered trademark of Sory Computer Entertainment Inc.



The higher tness of networks encaded with PEEL is re ected in the be-
haviors produced by these networks. Networks encaded with  SEEL produced
soccer playersthat tended to spin in place and move awkwardly or in a looping
pattern. Thesenetworks only moved toward the ball somewhathaphazardly and
generally did not appear to be aiming their shots. In cortrast, networks encaled
with PEEL would move to position themselveson the other side of the ball from
the goal and then either push the ball toward the goal or spin to kick it toward
the goal. The best of these networks seldommissedin its shots and an example
of its behavior is shown in the sequenceof imagesin gure 5.

4 Discussion

While the results of the experiments section shaw that various biaseshold for

the edge-encding languagespreseried here, of interest is the degreeto which

thesebiasesexist in other edge-encding languages.The edge-encding language
of section2 di ers from Luke's[4] in that edgesare not explicitly deleted, rather

they disappear if they are not assigneda weight, and the split command does
not delete the link abwhen it createsthe new neuron ¢ and links hc and ch. A

command for explicitly deleting links would not necessarilychangethe biasesin

resulting networks sincethe no-op command with no children hasthe sameef-
fect. In contrast, sincethe split operator usedhereaddslinks to existing neurons
without removing any, it should producea larger biasthan Luke'ssplit operator.

Although the di erences in operators betweendi erent edgeencaling languages
a ect the degreeof connectivity bias that can be expected, the main causeof
the biasesis the tree-structure of the represenation. When a neuron is created
it hasa singleinput and output edge.Sinceedgeoperators can add oneinput or

output to an existing neuron (except for the loop command, which adds both

an input and an output) the expected connectivity of a neuron is on the order
of 2heig ht .

Since PEEL only addressesthe NCOCB for 1/O units and does not scale
for large networks the direction to go for addressingthe various shortcomings
of edge encdings is not clear. One way to remaove the NCOCB is to change
from tree-structured to graph-structured genotypes, but then there are di cul-
ties in creating meaningful reconbination operators. Another way is to switch
to operators in which the connectivity of a new node is not dependert on its
depth in the genotype; but thesewould be node operators which have their own
shortcomings[4].

5 Conclusion

In this paper we identied three shortcomings with typical edge encaling op-
erators for represerting neural networks: individuals created at random in the
initialization phasedo not usually have the correct number of inputs/outputs;

variation operators can easily changethe number input/output neurons;and the
node creation-order connectivity bias (NCOCB). To addressthese problems we
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Fig. 5. An ewolved goal-scorer in action: (a)-(c) the soccer-player circles around the
ball; (d) it pushesthe ball toward the goal; (e)-(f), while the ball is going into the goal
the player movesto the certer of the eld where the ball will re-appear after the goal
is scored.



proposed using parameterized operators for connecting to input/output units
and demonstrated that ewolution with these operators produces better neural
networks on a goal-scoring task. While these parameterized operators greatly
improve the probability of creating and maintaining networks with the correct
number of input/output units it doesnot addressthe NCOCB problem for hid-
den units. Consequetly the cortribution of this paper is more an obsenation
that these shortcomings exist. Future work with edge encading operators will
needto addressmore general solutions to these problems that scalewith the
size of the network and work for hidden units.
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