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Abstract. A review is given o approaches to growing reural networks and
eledronic drcuits. A new methodfor growing gaphs and circuits using a de-
velopmental processis discussed. The methodis inspired by the view that the
cdl is the basic unit of biology. Programs that construct circuits are evolved
to buld a sequence of digita circuits at user spedfied iterations. The pro-
grams can be runfor an arbitrary number of iterations < circuits of huge size
could be aeded that could na be evolved. It is shown that the drcuit build-
ing programs are caable of corredly predicting the next circuit in a sequence
of larger even perity functions. The new method havever finds buil ding spe-
cific drcuits more difficult than a nondevel opmental method

1 Introduction

Natural evolution bulds organisms using a process of biologicd development. In
this a fertilized cdl begins a process of replicaion and dfferentiation that culmi-
natesin an arganism made of a huge number of spedalist cdls. Eac cdl cariesthe
same genetic information yet somehow this decentrali zed, distributed community of
cdl's builds a whae organism. Human beings design things in a top-down manner.
Eledronic drcuits are built from high-level spedficaion, to synthesis of symbadlic
comporents. These ae then converted into transistor-level designs and finally wa-
fers of silicon and wires are aeded. This method d design will become increas-
ingly untenable asthe size of eledronic comporents continues to shrink.

In evolutionary computing a problem of scdability has become evident. The
word scdability has a number of meanings: the evolution time increases markedly
with problem size, the genotype length is propational to problem size the density
of solutions in the search space asciated with larger problems is a sharply de-
creasing function, and the time for fitnessevaluation increases rapidly with problem
size The problem is particularly evident in the evolution d neural networks, where
ead link requires a floating-point weight that must be determined. In Genetic Pro-
gramming reseachers have generally concentrated on relatively small and smple



problem such as parity functions and the Santa Fe Ant Trail. This has partly been
motivated by scientific reasons in that these, thoughsmall are sufficiently difficult
benchmarks for the evaluation o new tedchniques. Koza has been able to produce
large and complex, human competitive analog circuit designs, but only by providing
enormous computational power [19]. The problems of scdability have partly moti-
vated a number of attempts to consider the use of a developmental approach to
evolutionary design. In the field of evolvable hardware researchers have dso tended
to concentrate on relatively small circuit design poblems. In dgital circuit design
the scdahility problem is particularly aaute [26].

2 Lindenmeyer systems, graph re-writing and developmental
approaches

A number of reseachers have studied the patential of Lindenmeyer systems [20]
for developing artificial neural networks (ANNSs) and generative design. Boers and
Kuiper have adapted L-systems to develop the achitedure of artificial neural net-
works (ANNSs) (numbers of neurons and their conredions) [3]. They used an evolu-
tionary algorithm to evolve the rules of a L-system that generated feed-forward
neural networks. Badkpropagation was used, and the acoracy of the neural net-
works on test data was assgned to the fitnessof the encoded rules. They foundthat
this method poduced more moduar neural networks that performed better than
networks with a predefined structure. Kitano had developed ancther method for
evolving the achitecture of an artificial neural network [17] using a matrix re-
writing system that manipulated adjacency matrices. AlthoughKitano claimed that
his method poduced superior results to drea methods (i.e. a fixed architecure,
direaly encoded and evolved), it was later shown in a more caeful study that the
two approaches were of equal quality [23]. Gruau devised an elegant graph re-
writing method cdled cdlular encoding [10]. Cellular encoding is a language for
locd graph transformations that controls the division d cdlsthat grow into artificial
neural networks. This method was $own to be dfedive a optimizing bdh the
architedure and weights at the same time, and they foundthat, to achieve & good
performance with direa encoding, required the testing & many candidate achitec-
tures [11]. Others have succesfully employed this approach in the evolution o
reaurrent neural networks that control the behaviour of smulated inseds [18]. Koza
has siccesully employed a modified cdlular encoding technique to allow the
evolution d programs that produce human-competitive designs, espedally in analog
circuit design[19]. Recently Hornby and Polladk have dso evolved context freelL-
systems to define three dimensional objeds (table designs) [14]. They found that
their generative system could produce designs with higher fitness and faster, than
dired methods.

Jamhi creaed an impressve atificia genomic regulatory network, where genes
code for proteins and proteins adivate (or suppress genes [16]. He used the proteins
to define neurons with excitatory or inhibitory dendrites. This allowed him to define



a reaurrent ANN that was used to control a simulated Khepera roba for obstade
avoidance and corridor following. Nolfi and Parisi evolved encoded neuron pgsition
and lranching properties of axonal trees that would spread ou from the neurons and
conred to aher neurons [22] and in later work introduwced cdl division wsing a
grammar [5]. Astor and Adami have aeded a developmental model of the evolution
of ANN that utili zes an artificial chemistry [1].

Eggenberger suggests that the complex genctype-phenctype mappings typicaly
employed in developmental models allow the reduction d genetic information
withou losing the complex behaviour. He stresses the importance of the faa that the
genoatype will nat necessarily grow as the number of cdls, thus he feds that devel-
opmental approaches will scde better on complex problems [8]. Sims evolved the
morphdogy and bkehaviour of smulated agents [24]. Bongard and Pfeifer have
evolved genotypes that encode agene expresson methodto develop the morphdogy
and reural control of multi-articulated simulated agents[4].

Bentley and Kumar examined a number of genotype-phenctype mappings on a
problem of creding a tessellating tile pattern [2]. They foundthat the indired de-
velopmental mapping (that they referred to as an implicit embryogeny) could evolve
the tiling patterns much quicker, and further, that they could be subsequently grown
(iterated) to much larger sized patterns. One drawbadk that they reported, was that
the impli cit embryogeny tended to produce the same types of patterns.

Hemmi, Mizoguchi and Shimohara evolved the rules of a rewriting system to de-
fine HDL programs [12]. Recently interest in developmental approaches in Evolv-
able Hardware has begun to increase. Haddow, Tufte and van Remortel have wn-
sidered the use of Lindenmeyer systems for digital circuit design[13]. Their "cdls"
are like configurable logic blocks in FPGAs and cdl interadions are defined by
neighbouing cdlsin atwo-dimensional grid system. They nate that there ae many
epigtatic efeds that make evolution d the genctype difficult. Gordon and Bentley
have compared a developmental evolutionary approach with a nondevelopmental
encoding. They foundthat the muld evolve these dired mappings more eaily [9].
Edwards also examined developmental genatypes and passble physicd implemen-
tations[7].

3 Cartesian Genetic Programming for circuits

Cartesian Genetic Programming was developed from methods developed for the
automatic evolution o digital circuits [21]. Since dedronic drcuits can be repre-
sented by gaphs (often referred to as netlists) it was natural to generalize it to the
general problem of evolving computer programs. CGP represents a program or Cir-
cuit as a list of integers that encode the mnredions and functions. The representa-
tion is readily understood from a small example. Consider a one hit binary adder
circuit. This hasthreeinpus that represent the two hitsto be summed and the cary-
in ht. It has two ouputs: sum and cary-out. A possble implementation d thisis
shown below:
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Fig. 3.1. One-hit adder circuit.

CGP employs an indexed list of functions that represent in this example various
two input logic gates and also threeinput multi plexers. Suppae that XOR is func-
tion 10and MUX isfunction 16 Thethreeinpus A, B, Cin are labeled 0, 1, 2. The
output of the left (right) XOR gate is labeled 3 (5). The output of the MUX gate is
labeled 6. In CGP, this circuit could have the foll owing genatype representation:

0100 2026 02316 32210

The integersin bdd represent the functions, and the others represent the mnrec-
tions between gates, however, if it happens to be atwo inpu gate then the third
inpu isignared. It is assumed that the drcuit outputs are taken from the last two
nodes. The second goup d four integers (shown in grey) represent an AND gate
that is not part of the drcuit phenatype (hence doesn't appea in Fig 3.1). Since we
are only interested in feedforward circuits here, it isimportant to nde that the on-
nedionsto any gate can ony refer to gates that appea onits left. Typicdly in CGP
we use point mutation (that is constrained to resped the feedforward nature of the
circuit). Suppacse that the first input of the MUX gate (0) was changed to 4. This
would conred the AND gate into the drcuit. Similarly, a point mutation might
disconred gates. Thus it is clea that in CGP we use a many to ore genatype-
phenaotype mapping, as redundant nodes may be dchanged in any way and the geno-
types would still be decoded to the same phenatype. We use an (1+4)-ES evolution-
ary algorithm that uses charaderistics of this genotype-phenatype mapping to grea
advantage (i.e. genetic drift). Thisis given below:

Generate 5 chromosomes randamly to form the popuation

Evaluate the fitnessof all the chromosomes in the popuation
Determine the best chromosome (cal ed it current_best)

Generate 4 more chromosomes (off spring) by mutating the current_best
The current_best and the four off spring kecome the new popuation
Unless sopping criterion readed return to 2

ouhkwbdpE

Step 3isa aucial step in this algorithm: if more than ore chromosome is equally
goodthen the dgorithm always choases the chromosome that is not the current_best
(i.e. equally fit but geneticdly different). In a number of studies this 2ep has been
proved to all ow a genetic drift processthat turns out be of grea benefit [25][29]. In



later sedions we refer to the mutation rate, this is the percentage of ead chromo-
some that is mutated in step 4.

4 Developmental Cartesian Genetic Programming

The philosophicd standpant for the form of development described here is that
the cdl isthe basic unit of biology. We see &volution as a processof evolving a cedl.
The cdl isavery clever pieceof madinery that can in co-operation with an envi-
ronment self-replicae and dfferentiate to form a whole organism. Thus in devel-
opmental Cartesian GP (DCGP) we dtempt to evolve a cdl that can construct a
larger program by iteration d the cdl's program in its environment. To elaborate
this further, the ideais to define aprogram (encoded as a CGP graph) that is run
inside the nodes (cdls) of anather graph (that is the phenctype or organism, or in
this case the final digital circuit). It is important to nae that in the mntext of the
organism being a digital circuit, the cdl isidentified with alogic gate. All the gates
of the final circuit are produced by running the same program inside dl the nodes
(gates) of the drcuit graph for a given number of iterations. In the version o devel-
opmental CGP described here, we define the “environment” of a given cdl to be the
pasition d the cdl and the integer labels of the cdls that are conneded to that cel.
The analogues between the estrad graph re-writing rules and red biologicd enti-
ties are given below:

DNA bases. Cartesian Cell Genotype; Trandation: Genotype-Phenotype decod-
ing

Positiond information: Node position; Cell division: Node replication

Cell type: node function type (gate); Zygate: seed node

Neighbouingcdl signds: Node inputs (gate inputs)

Of course, this is a highly idedized environment and further investigations are
planned that will take into acourt the functions of the cdls that are mnreded to
the cdl in question (this will allow semantic information to affea cdl function).
Imagine that we start with a 'seed’ cdl, this can orly be mnreded to the program
inpus. Here is one passhle sead (and the one used for all the experiments described
in this paper):

1 The technique described here is much more biologicaly motivated than either L-systems or
cdlular encoding in addition the re-writing rules have the an enormously richer space of
transformations that are possble with either, and with a much simpler conceptual appara-
tus.



Fig. 4.1. Sed cdl with n, program inputs (0- n,), g, denates the first gate type in
alist of possble gates.

Now we want to run a program inside the cdl that uses information abou the cdl
and its environment to construct a new one, indeed, we dso want it to be aleto
replicate itself, so that we can grow alarger program. The cdl neeads four pieces of
information, itstwo connedions, its function and its position and the program inside
the cdl nealsto take thisinformation and creae anew node with conredions and a
function and whether the cdl shoud be dupicated. So the situationis now

Clock tick

Fig. 4.2. Cell with program inputs and ouputs.

The cdl program is a mapping from the integers that define the cdl's conrec-
tions, function and paition to a new set of integers defining its new conredions,
function and whether it will replicate itself. Sincewe ae using this program to con-
struct a drcuit that is feed-forward , the integers that come out of the node program
must take the corred values (i.e. the mnredions must be to nodes on the left of our
current position, the functions must be ones onthe list of valid functions, andfinally
the divide must be 0 or 1). Unfortunately it is very difficult to construct programs
that will automaticdly resped the feed-forward requirement. After we have runthe
cdl program we will need to carry out some sort of operationto kring the numbers
into the corred ranges. A simple way to dothisisto apply amoduo operation (note
for the new function F' we use the X mod N, as the addressin the function look up
table). Finally, we ae left with dedding haw to all ow the evolution d the program
inside the cdl. Thiscan be acomplished using CGP with primitive functions that
manipulate integers.



Cartesian genotype

Arithmetic function

Fig. 4.3. Inside a cd isa Cartesian program defined using arithmetic functions.
The phenatype nodes are valid feed-forward nodes due to the modu o operations.

To construct a drcuit we run a single Cartesan program in ead cdl of a
developing circuit (organism). Thisis cdled an iteration. Then at ead iteration, we
exeaute the same program. After a user defined number of iterations we test the
developed circuit againgt the spedfication for the drcuit (i.e. we court how many
bits are adorred). To clarify this gill further let us consider an example of an evolved
cdl program that constructs the even-parity function with four inpus. Suppase that
there ae two primitive aithmetic functions f, and f, of arity two, defined as foll ows:

1 x>y 4.1
fozfo(x,y):X+y s f5:f5(x,y):8) X<y. ( )
Consider the following genatype
nock labels 4 5 6 7 8 9 10 11

Cartesan genotype 125 440 325 205 210 870 430 155

There ae four inpus. conredionl (A), conredion2 (B), function (F), position (P)
with labels 0, 1, 2, 3. The outputs of the program are taken from nodes 8, 9, 10, 11
and these outputs are denated Z, Y, X, W (as ®e in Fig. 4.3). Note that in this
genotype node 6 is nat referenced by noabs on its right, so is redundant. We can
deaode the genatype into a set of arithmetic rules dependent on the four inpus.

Z=F+B, Y=Z+f(F,A) , . (4.2)
X =P+ f5(B,F) , W= fg(B, 2f5(B,F))

To clarify the origin o these rules, consider the expresson for W, thisis the output
of node 11, the first inpu is 1 (B), the second input refers to noce 5. This is the
addition d itstwo inpus, bath of which refer to nock 4. Node 4 is function 5ading
onit twoinpus1and 2 that is, B and F (hence 2f,(B,F) is the second argument of f,
in W). Armed with the rules of equation 42 we can apply them to the seed cdl and
cary ou the firgt iteration. Note that in this example we ae using two functions in
the phenatype, XOR (labelled as dedmal 10) and XNOR (labelled as dedmal 11).
We ae wnsidering even-4 parity which has four inpus (labelled 0O, 1, 2, 3). We



foundthat the program worked much better when we dl owed the right daughter cell
to dfferentiate again (disallowing further replicaion)2. Thus, we define the word
"iteration " to mean running the cdl program in ead cdl and running the cdl
program (ignaring replicaion) in the right daughter cel. The reason why this helps
markedly is gill under investigation. The steps required for one iteration are shown
in table 4.1. In the first "interpretation" line in the table a 10 appeas (asterisk)
becaise the cdl program (after moduo ogeration) is 0O, this refers to the zeoth
function, which in this case is 10 denating the XOR operation. After one iteration
the drcuit is represented by the encoded prenotype: 2 310 3 411 which is the
circuit shownin Fig. 4.4.

Table 4.1. Applyingthe cel program to the seed cdl (first iteration)

Sedl cdl Cell program outputs (see @uation 42)
A|B| F |P]|f(FA) | f(BF z Y X w
0/0]10|4 1 0 10 11 4 1

Zmod 4| Ymod4 | Xmod2 | Wmod2
New left cel 2 3 0 1
I nter pretation 2 3 10* replicae
Right cdl
2|13]10|5 1 0 13 14 5 1
Zmod 5| Ymod5 | Xmod2 | Wmod2
New right cdl 3 4 1 1
I nter pretation 3 4 11 ighae

2 This gep was foundto alow more diversity in nodks in the phenotype, withou it there
tended to occur repea node groups.
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Fig. 4.4. The drcuit, after oneiteration.

In the next iteration the rules defined in equation 4.2 are then applied to each cdl of
the phenatype. Applying the rules to the cdl defined by 2 310 we obtain 1 210
that isreplicated (since D=1) giving 1 210 1 210 3 411 and when the program is
run with 1 2 10 (noce 5) we obtain 2 3 11 (note D is ignaed on the second
differentiating step - see edier). Finaly applying the rules to the cdl defined by 3 4
11 we find that if replicatesto 0 111 0 111 and on dfferentiating the last cdl we
ohtain the new encoded phenatype 1210 2311 0111 5 611. This
iseven-four parity circuit below

Fig. 4.5. Thefinal grown circuit

The ideaof growing gaphs or circuits leads to some very interesting consequences.
It ispossble for usto provide rewards during the growth process It also allows us to
consider trying to evolve programs that construct classes of circuits, by requiring
that at particular pointsin time the drcuit have aparticular behaviour. In the next
sedion we describe experiments and results for the problem of growing the dassof
even-parity functions.

5 Experimentsand results

In the experiments reported here we were éle to chocse from a set of seven primi-
tive aithmetic functions to buld the cdl program. It is extremely difficult to know
what would be agoodchoaice for such functions®. The functions chasen are listed
below:

3 Thisis akin to tryingto define asequence of DNA base pairs that will give rise to a spedfic
phenatypic trait. The function set in 5.2 was chasen so as to provide a"complete”’ set of
arithmetic operations with the aldition d comparisons (f;) and controlled swapping (f).



fo=fo(xy) =x+y ,

fi=fi(xy) =x-y

fa = fa(xy) =xmod(y +1) , f3=fa(x,y)=xy ,
(X z=0

fg5 = fs(x,y)=%) X<y

O x=y

, fe=fe(xy,2) =0

_ (5.2)
fa=fa(x,y)=xly

oy zz0

Where x, y, z are the integer-value inpus to any noce in the cdl program. Note that
in f, the operator is integer division. The drcuit phenotype is built from the two
binary inpu (a and b) functions p(a, b) that are defined in table 5.2:

Table5.2. Posshble drcuit functions

Integer code p(a b) Integer code p(a b)
0 0 8 AND(NOT(a),b)
1 1 9 NOR(a, b)
2 a 10 XOR(a, b)
3 b 11 XNOR(a, b)
4 NOT(a) 12 OR(a, b)
5 NOT(b) 13 OR(a, NOT(b))
6 AND(a, b) 14 OR(NOT(a), b)
7 AND(a, NOT(b)) 15 NAND(a, b)

In the first experiment we wanted to test the feasibility of the new approacd, so
we tried a simple problem of evolving the program that would construct a binary
adder with the function defined in sedion 3 The experimental parameters are seen
in table 5.3. We obtained three perfed adders designs. When olserving the runs we
observed that the dgorithm readied fitness 14 (two hits incorred) quite quickly but
was often urable to improve. The average fitnessobtained was 14.18. This does not
compare well with a diredly (non-developmental) evolved circuit (where the geno-
type diredly encoded the drcuit using the same representation as the phenotype)
with the same parameters. We obtained 100 mrfed adder circuits in that experi-
ment. In the second experiment we tried to evolve aprogram that would buld a
series of even parity functions. The experimental parameters are shown in table 5.4.




Table 5.3. Parameters for experiment 1

Parameter value
Popuationsize 5
Mutation rate 8%
Number of generations 20,000
Number of runs 100
Number of circuits 1
Desired circuit One-hit adder
Iteration at which circuit required 4
Maximum number of genotype nodes 20
Genatype node functions used 0-6
Phenatype node functions 6,7,10

Table 5.4 Parameters for experiment 2

Parameter value
Popuationsize 5
Mutation rate 3%
Number of generations 100,000
Number of runs 100
Number of circuits 3

Desired circuits

even-3, even-4, even5 parity

Iteration at which circuit required 1,2 3
Maximum number of genotype nodes 40
Genatype node functions used 0-6
Phenatype node functions 10,11

The drcuit functions (phenotype) chosen for this experiment allow even parity
functions to be built easily. The fitnessof the cdl program was defined as the sum
of the correa truth table bits for al the target functions. We obtained 60 cdl pro-
grams that could corredly buld the even parity functions at the desired iterations.
All these programs were subsequently tested at iteration four to see whether any of
them could corredly buld even-6 parity. One program was found that corredly
built this. Unfortunately it proved na to be ageneral solution to the even-parity
problem as it was foundthat it did na corredly buld even-7 parity at the fifth it-
eration. Other researchers have succesgully evolved completely general solutions to
even-parity problems. However they all provide bit strings srially and work at a
much higher level of abstradion.: machine code [15], reaursive functiong27], and

lambda abstractions [2§].




6 Conclusions

We have presented a new way to evolve digital circuits that uses a developmental
mapping that is based onthe ideaof evolving the program for a cdl. It is capable of
constructing a number of Bodean circuits at user spedfied pantsin time. The dr-
Cuit construction grogram can in principle build circuits of arbitrary size. However,
in pradice the genatypes are nat as evolvable & dired encodings. Designing an
effedive developmental mappingis a very difficult problem. The mapping we have
presented is very general and flexible. However there ae many aspeds that require
further investigation. In ou representation the "neighbouhood' of a cdl are the
pasitions of the cdls that are mnreded to it. Intuitively it seems more natural to
take into acmurt the functions of the neighbous. We have used a form of Cartesian
GPthat islinea in nature. In would be interesting to investigate the behaviour of the
developmental algorithm if the drcuit was defined in terms of a two-dimensional
grid. One auld evolve acircuit in which gates were aranged in columns and ore
could define the neighbous of a gate to be some gates that were physically close.

When the behaviour of the program that developed corred even parity functions
was examined it was foundthat the drcuits at successve iterations were generally
quite different. One muld paentialy inherit more structure from previous circuits if
the cdl program was naot runin every cdl but only in the last cdl. This of course,
would depart from the biologicd inspired form of development. The form of devel-
opment described here works at a quite astrad level in that the integers that form
the input to the cdl program are labels and addresses. It may be that a more dired
representation would be more dfedive, for instance, one in which wires are par-
ticular types of cdls. The problems we have studied here ae dl relatively smple
and it may be that developmental approaches are more valuable when the drcuits
being gown are enormous. Many authors tend to believe that the shorter develop-
mental genotypeswill be more evolvable, however, this work suggests that the issue
is much more complex.
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