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Abstract. In this article we introduce a general framework for con-

structing an adaptive genotype-to-phenotype mapping, and apply it to

developmental genetic programming. In this preliminary investigation,

we run a series of comparative experiments on a simple test problem.

Our results show that the adaptive algorithm is able to outperform its

non-adaptive counterpart.

1 Introduction

Genetic programming can be thought of as the construction of programs guided

by evolutionary search. The �tness of a program is measured by executing it,

and the aim of the system is to �nd a program with some desired functionality.

In the case of traditional genetic programming, programs are represented by

LISP S-expressions [5]. New programs are created from old by the application

of various genetic operators acting directly on the LISP expressions themselves.

There is therefore no distinction between the structures that undergo evolution-

ary modi�cation (the genotypes) and the structures that are used to calculate

�tness (the phenotypes).

This does not have to be the case: we could use binary strings [1], or even

executable graphs [13] as our genotypes. The study of genetic programming with

alternative genotype structures is known as developmental genetic programming

[3] [11].

One of the advantages of separating the genotype G from the phenotype P is

that the genetic operators used by the system can be simpler, and better suited

to the structures on which they act. The general scheme is given in �gure 1,

where the mapping from genotype to phenotype is represented by the function

grow. The dotted circle represents the genotypes in the current population.

One way to do this is to specify a �xed mapping from the genotype to the

phenotype. But as each problem is di�erent and requires a di�erent problem-

speci�c function set, we must �nd a new mapping for each. Unfortunately, there

are often many di�erent ways to convert a particular type of genotype into a

program, and not all of these are equal [4]. Given that we want to obtain the



Fig. 1. An illustration of a genotype to phenotype mapping. The symbols G , P and

F denote the set of genotypes, phenotypes and �tness values respectively (we usually

take F to be the positive real numbers). The function grow converts a given genotype

into its corresponding phenotype, which can then be assessed using the �tness function

fitness.
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best possible performance from our genetic programming systems, selecting the

best genotype-to-phenotype mapping is a critical but diÆcult task.

In this article we present an adaptive genotype-to-phenotype mapping for ge-

netic programming. This mapping is able to adjust itself in response to feedback

on its progress, and thus side-steps many of the problems of a �xed mapping.

We will start by outlining the nature of the genetic programming system we are

interested in. After describing our adaptive mapping, we will then compare it

with a �xed mapping on a simple test problem.

2 Stack-Based Genetic Programming

One of the simplest abstract computing devices is a stack machine. The �eld of

genetic programming with such a machines is termed stack-based genetic pro-

gramming, and has been shown to be at least as e�ective as traditional genetic

programming [8] [12]. A program for a stack-machine is simply a list of instruc-

tions, each of which alters the state of the machine. In this respect, a program

can be thought of as a type of \machine-code". If we regard each machine in-

struction as an element of a function set F, then the phenotype for our system

is F�, the set of all possible strings drawn from F.

The machine we will use here consists of a general-purpose stack combined

with an output register, and a schematic is shown in �gure 2. We can broadly

classify the instruction set for this machine into the following: constants, vari-

ables, problem-speci�c functions, and general-purpose functions that a�ect the

stack directly.

Given a program in the form of a list of instructions, we process each one in

turn. If we encounter a constant or a variable we push its associated value onto

the stack. If we encounter a function, we take the required number of arguments

from the stack, present them to the function, and push any return value back

onto the stack. (If there are insuÆcient arguments on the stack, then the function

simply does nothing.)



Fig. 2. A schematic of the virtual stack machine used in our developmental genetic

programming system. The value in the register at the end of the run is used as the

program's output.
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To evaluate the �tness of a program, the genetic programming system sets

the values of any variables, sets the output register to zero, and submits the

program to the stack-machine. The output of the program is taken to be the

value in the register at the end of the program. Coupled with the fact that

functions with insuÆcient arguments are ignored, this means that any sequence

of instructions forms a valid program.

Stack-based genetic programming provides a natural distinction between

genotype and phenotype. Having speci�ed the computational engine and the

phenotype we hope to use, we must now turn our attention to the genotype.

Following the work of [1], we will choose �xed-length binary strings. This means

that we can use a standard genetic algorithm [2] as our genetic programming

system.

3 An Adaptive Genotype to Phenotype Mapping

We now need some way to generate an instruction sequence (the phenotype)

from a �xed-length binary string (the genotype). One possible way to do this is

to associate each instruction in the function set F with a unique binary sequence.

We would like the number of binary digits representing each instruction to be

as small as possible, as this will ensure that the system can make the best use

it can from the �xed-length binary string. However, if F has n elements, we will

need at least dlog
2
ne digits to represent each instruction.

If the number of instructions is an exact power of two, then there is no prob-

lem: we can easily assign one sequence to each symbol. If not, then we will have

some \spare" sequences, and we must decide how to deal with these. We believe

that what we do with these spare sequences in the decoding process is critical to

the performance of the algorithm as a whole. If we encounter an unrecognised

binary sequence when decoding a particular binary string, our options are:

{ Ignore it, i.e. skip over a entire block of bits

{ Skip single bits until we come to a sequence we recognise

{ Encode one or more functions multiple times



All of these options have disadvantages. Skipping over unassigned blocks or

enough bits until we reach a valid code is wasteful in that we are not using

the binary string to its fullest. And encoding one or more functions multiple

times necessarily biases the system towards these functions as multiply-encoded

symbols are more likely to appear in a binary string drawn at random.

In e�ect, encoding a symbol multiple times increases its relative importance,

and imposes a ranking upon the function set. This is not necessarily a bad thing:

if we could arrange the ranking in such a way as to emphasis those functions that

are \important" for a given problem, we may be able to improve the performance

of our algorithm. Of course, the diÆculty here is in choosing an appropriate

ranking. The \best" ranking of the functions in the function set is likely to be

problem dependent, and may even change during the execution of the algorithm.

The function set could also contain elements that are of little or no use for

the problem being tackled. This situation is particularly relevant to symbolic

regression problems, as we often do not know which inputs are important in

terms of accurately modelling the training data. Each \useless" function makes

the problem harder, as not only must the algorithm learn to solve the problem,

it must also learn to avoid using these functions.

3.1 Using a Hu�man-Decoding Mapping

The solution is to allow the algorithm to choose its own assignment of binary

sequences to function symbols. One way we can do this is by Hu�man encoding

(e.g. [10]), which works in the following manner. Imagine for a moment that we

have a message consisting of a sequence of symbols that we wish to send over an

error-free communication channel. Suppose also that the channel can only send

binary signals, and that we require the transmission time to be minimised. The

problem is then to represent the message eÆciently as a binary string.

The simplest solution is to assign each symbol in the message a unique binary

sequence. To create the message we simply convert each symbol into its binary

sequence and transmit it. Provided the receiver has a copy of the encoding table

used, it is easy to decode the message. However, this message is unlikely to be

the shortest possible.

A better solution is to take account of the composition of the message. One

approach is to note that the frequencies of symbols in any \typical" message

are likely to be non-uniform. That is, we expect certain symbols to occur more

often than others (for example, the most common letter in a typical piece of

English prose is `e'). If we can arrange for these frequently-used symbols to be

transmitted using a small number of bits, we will reduce the overall message

length. The idea of Hu�man encoding is a simple extension of this: we aim to

transmit each symbol with a number of bits that is proportional to its frequency

in the message. Again, once we have decided on an encoding, the message can

easily be converted into a binary string and transmitted.

Using this scheme, each symbol may now be represented using a di�erent

number of bits. To decode a symbol we can use a decoding tree, which has as its

branches the values `0' and `1', and symbols at its leaves. To decode a binary



Fig. 3. An illustration of an adaptive genotype to phenotype mapping. The symbols

G , M , G � , P and F denote the set of genotypes, mappings, intermediate genotypes,

phenotypes and �tness values respectively. An intermediate genotype is constructed by

combining an element of G (a \solution") with an element of M (a mapping). This is

then converted into a phenotype by the function grow, and can then be assessed by

the �tness function fitness.
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sequence we follow the path through the tree until we reach a leaf node, where

we return the associated symbol. Provided the receiver has the encoding we used

to create the transmission, it is a simple matter to recover the original message.

The shape of the decoding tree, and thus the binary sequence for each symbol,

is controlled entirely by the frequency information used to construct it. Hence

we can adjust the encoding simply by adjusting these frequencies. However, we

are not actually interested in encoding a sequence of symbols, but in decoding the

binary string, so the frequencies here refer to the average number of occurrences

of a symbol in a program generated from a random binary string, rather than

the frequency of a symbol in a message.

To recap, what we have here is a way of representing the encoding of a set of

function symbols into binary strings as a real-valued vector. Our overall aim is

to let the algorithm control this vector, so that it can choose which mapping it

should use on a per-problem basis. To do this, we turn to the idea of an adaptive

mapping.

3.2 A Coevolutionary Model for Adaptive Mappings

Our basic idea is very simple: we use coevolution (in the sense of [9]) to search

for a useful mapping at the same time as searching for a solution to the prob-

lem. To do this , we therefore establish two populations: one to represent the

possible solutions (i.e. what would be the set of genotypes in a standard genetic

programming system), and the other to represent the possible mappings.

A general framework for this scheme is given in �gure 3. Here, the sets of

possible solutions and mappings are denoted by G and M respectively, and the

dotted circles within each set represent the individuals of the current population.



To evaluate the �tness of a candidate genotype g, we must �rst select a

member of the mapping population m. In our implementation, we have chosen

to select the m with the current highest �tness, although other schemes are

possible. However we choose m, the result is g
�
, a member of the \intermediate"

genotype space, to which we can apply the (�xed) mapping function grow. This

yields the phenotype p, to which the �tness measure is applied.

The intermediate genotype space G �
is intended to separate the actual geno-

type from the phenotype. The reason for this is that in many cases, the set of

valid phenotypes is a subset of all possible phenotypes. In such cases it would be

rather diÆcult to constrain each possible mapping the algorithm might generate

to produce only valid phenotypes. We can then implement any restrictions on

the allowable phenotypes in grow, the mapping between G �
and P. Note that in

most cases, we can take G = G �
.

While we can see how to �nd the �tness of a member of G , it is less clear how

we can evaluate the �tness of a candidate mapping m. Perhaps the best method

is to evaluate the �tnesses of the entire population of solutions in the context of

m, and take the average �tness of these as the �tness of m. Unfortunately, this

is too computationally expensive to be practical.

Instead, we will evaluate the �tness of the member of G �
created by applying

the current best member of the solution population to m. Although this does

not return as much information about the mapping as an exhaustive evaluation

of the entire population of solutions, it does mean that the best mapping will

match itself to the best solution and vice-versa. The resulting algorithm is also

pleasantly symmetric.

In summary, the use of coevolution in this scheme naturally breaks the prob-

lem into two symbiotic parts: one being the search for a mapping and the other

being the search for the solution.

4 Experimental Setup

To evaluate this idea, we will use the maximum output problem (e.g. [6]). The

task here is to produce a program that takes no arguments but which outputs a

numeric value that is as large as possible, using just simple arithmetic operators

and constants. The function set for our version of this problem is listed in table 1.

We ran a set of comparative experiments between a non-adaptive algorithm

and our adaptive algorithm on this domain. For the non-adaptive algorithm,

we generated a random encoding of binary strings to the function set, as given

in table 1. The adaptive algorithm was free to evolve its own encoding in the

manner outlined above.

In using �xed-length binary strings as genotypes we are e�ectively constrain-

ing the maximum size of the programs the system can produce. To investigate

the e�ects of this we ran experiments using genotypes with 50, 100, 150, 200 and

250 bits. The binary strings used for the population of adaptive mappings were

�xed at 70 bits, using 10 bits for each of the 7 frequencies in the mapping. All



Table 1. The function set and default encoding used by the non-adaptive algorithm

on the maximum output problem.

Function Symbol Encoding Description

plus 011 Addition: pop two items from stack,

add and push result onto stack

times 00 Multiplication: pop two items from

stack, multiply and push result onto

stack

const 110 Constant: interpret next N bits as

number and push value onto stack

dup 100 Duplicate item at top of stack

pop 111 Remove item at top of stack

s2r 101 Copy item at top of stack into out-

put register (does not a�ect stack)

r2s 010 Push output register onto stack

Table 2. The results of the non-adaptive algorithm on the maximum output problem.

The mean and best outputs were calculated over the 10 independent runs for each geno-

type size, each run being 5000 function evaluations. The mean number of instructions

used were calculated from best programs produced at the end of each run.

No. Mean Best Mean number of

Bits Value Value Instructions

50 19797 65536 13.4

100 515367 2:0� 106 25.7

150 2:0 � 107 8:4� 107 40.9

200 3:3 � 107 1:9� 108 56.3

250 6:5 � 107 3:4� 108 67.9

real values were generated in the interval [0; 1], using the counting-ones mapping

described in [7].

To ensure a fair comparison all experiments used a population of 200 indi-

viduals in total (i.e. the adaptive algorithm used two populations of 100 individ-

uals). We ran each experiment for a total of 5000 function evaluations, repeating

each one 10 times. The best and average value of the output at the end of each

experiment was recorded.

5 Results

The results for the non-adaptive algorithm are shown in table 2. This table

gives the mean and best output values achieved, along with the mean number

of instructions used by the best programs in each case.



Table 3. The results of the adaptive algorithm on the maximum output problem. The

mean and best outputs were calculated over the 10 independent runs for each genotype

size, each run being 5000 function evaluations. The mean number of instructions and

the mean function frequencies were both calculated from the best programs produced

at the end of each run.

No. Mean Best Mean Mean Frequencies

Bits Value Value Inst. const pop dup s2r r2s plus times

50 5953 59049 12.9 0.48 0.37 0.50 0.50 0.40 0.44 0.35

100 2:5� 106 8:0� 106 29.5 0.39 0.29 0.51 0.54 0.30 0.43 0.34

150 1:7� 107 7:2� 107 43.2 0.30 0.23 0.52 0.46 0.38 0.42 0.26

200 2:2� 108 1:1� 109 59.3 0.39 0.42 0.56 0.66 0.54 0.68 0.45

250 6:8� 109 4:3� 1010 85.1 0.34 0.28 0.39 0.51 0.38 0.56 0.38

The results for the adaptive algorithm are shown in table 3. This table gives

the mean and best output values achieved, and the mean number of instructions

used by the best programs as before. It also gives the mean frequency of each

symbol in the mappings used by the best programs at the end of the run.

It is clear from these tables that increasing the string length allows the pro-

grams to output larger values. We can also see that in all but the �rst case,

the adaptive algorithm tends to produce longer programs than its non-adaptive

counterpart, particularly when using longer genotypes. Perhaps because of this,

the adaptive algorithm tends to produce greater output values for most of these

cases.

It is worth taking a quick look at the case where the adaptive algorithm was

outperformed by the standard one in more detail. The best result for the 50-bit

string is shown below. (Instructions in italic type do not contribute to the �nal

value returned by the program.)

const(1) dup dup plus dup plus s2r dup times dup times dup

times s2r

Note particularly the repeated \dup times" sequence, which squares the

value at the top of the stack. This short sequence is a good way to produce

a large number, and similar expressions were found in all the best programs.

The number of wasted instructions here is small: only the central s2r function

does not contribute to the overall value. By using only 50 bits to represent a

program, we appear to be forcing the system to be economical in its usage of

functions. With such short bit-strings, it is likely that any individuals which do

not maximise their use of their genotype will be out-evolved.

The corresponding program for the adaptive algorithm is given next, along

with the encoding used to construct this solution. It is clear that this program

is longer than the one above, even though it produces a smaller output.



dup const(1) dup dup dup plus plus dup times dup dup times dup

times times s2r

Encoding

const pop dup s2r r2s plus times

111 011 00 10 - 010 110

This program is longer because the mapping ignores the r2s function. As

this instruction pushes the contents of the output register onto the stack, it is of

little direct use in this problem. By ignoring this function, two of the remaining

symbols can be represented using only two bits. As one of these is the useful dup

function, this represents a substantial saving.

As a comparison, we can look at the best program generated by the non-

adaptive algorithm on a 250-bit genotype (below). We can see that this program

has a higher proportion of \useless code"; in one place it even calls the pop

function, which removes the item at the top of the stack.

times plus const(0.6) times plus const(1) times const(0.9)

plus times plus s2r r2s times r2s plus s2r dup r2s times dup

dup pop s2r dup times plus r2s times dup s2r times dup dup

s2r r2s times times dup plus r2s plus plus const(0.9) s2r s2r

plus dup s2r plus plus times r2s plus dup plus r2s plus times

times times s2r r2s plus dup plus s2r times times dup plus

r2s plus s2r r2s

To complete the set we have the best program and mapping found by the

adaptive algorithm when using 250 bits.

dup dup dup plus pop const(0.8) s2r plus dup plus dup plus

r2s plus s2r r2s times dup times dup times s2r s2r r2s times

dup times plus dup r2s plus plus dup s2r plus plus r2s r2s

plus s2r r2s dup plus plus dup dup plus plus dup plus s2r dup

plus r2s plus dup dup plus s2r s2r r2s dup plus plus dup plus

dup plus plus dup plus dup plus dup plus s2r r2s s2r r2s

Encoding

const pop dup s2r r2s plus times

0000 0001 111 01 001 10 110

The mapping found here is slightly di�erent to that found for the 50-bit

program above: instead of removing a symbol entirely, the mapping represents

both the const and the pop instructions using four bits. As the const symbol

is used only once in the program, and the pop symbol is not used at all, the

program does not need to worry too much about using four bits to represent

this symbol. However, doing so allows the remaining symbols to be represented

with only two or three bits. The resulting program is longer, and so returns a

larger value than its �xed-mapping counterpart.



6 Conclusions

The adaptive algorithm is able to outperform the non-adaptive algorithm as it

is able to maximise the length of the program that it can extract from a �xed-

length binary string. In addition, it is able to bias the function set to those

instructions that are best suited to the problem at hand.

7 Future Work

This work is perhaps best regarded as a preliminary study { it has always been

our intention to apply this idea to other genetic programming problems, for

example that of symbolic regression. The ability to remove functions from the

function set in this domain provides a form of feature-selection. This is because

we have instructions that represent the inputs from the dataset. It may be that

inputs that are not \important" in predicting the output will be dropped from

the function set.

In investigating this simple problem, we have noticed that the simple iterative

mapping from binary strings to instruction sequences is inherently brittle. By

this, we mean that making a small change near the beginning of the string can

cause a huge change in the functionality of the program, simply because each

instruction can a�ects all those that follow it. One idea that we are currently

considering is a way to use the idea of an adaptive mapping to evolve a more

robust encoding.
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