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Abstract. Even though the Genetic Programming
(GP) mechanism is capable of evolving any
computable function, the means through which it
does so is inherently flawed: the user must pro-
vide the GP engine with an evolutionary path-
way toward a solution. Hence Genetic Pro-
gramming is problematic as a mechanism for
generating creative solutions to specific prob-
lems.
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I. INTRODUCTION
According to Koza [1],

Genetic programming starts from a high-
level statement of what needs to be done
and automatically creates a computer pro-
gram to solve the problem.

This is a bit of hyperbole from a couple of per-
spectives.

1. In most genetic programming applications,
no high-level problem statement is ever pro-
vided, at best, the problem may be expressed
informally in English; the problem to be
solved is characterized to the genetic pro-
gramming (GP) system in terms of a fitness
function, which itself is expressed as a rela-
tively low-level computer program.

2. More significantly, the range of computer
programs generated by GP systems has been
disappointingly limited. Kirshenbaum [3]
has written,

One of the main limitations of traditional ge-
netic programming ... is that the solutions
that are discoverable are limited to the class
of algorithms known as constant time or O(1)
algorithms, those that make a single pass
through the operators, with no loops or re-
cursion.

The remainder of this paper explores this and
related questions by examining the brief history
of attempts to generate a sort program. We then
describe how a genetic programming system
may be used to generate any computable func-
tion. Although surprisingly strong, this result is
disappointing in that the mechanism through
which the generation occurs casts doubt upon the
independent utility of the genetic programming
evolutionary engine: the system must be supplied
with an evolutionary path that leads to a problem
solution.

We then show that any fitness function that
provides warmer/colder information to a GP
evolutionary engine is of necessity a cheat in the
same way.

II. GENERATING A SORT PROGRAM

Sort is of complexity O(n x log(n)). Naive sort
programs are O(n?). Sort is a good test case for
genetic programming because like most real-life
computer programs, sort (especially naive sort)
combines some (but not too much) algorithmic
sophistication with simple arithmetic and data
structure operations.

A literature search revealed very few publicly
reported attempts to generate sort programs. The
most prominent are quite old.

A. O’Reilly and Oppacher

O’Reilly and Oppacher [4] report a failed at-
tempt to generate a sort program. They attempt
to generate a program that transforms an un-
sorted input array into a sorted array by moving
elements around in the array.

The program is provided with (integer) vari-
ables, which may be used as indices into the ar-
ray.

The allowed operations are: decrement a vari-
able, read an array location indexed by a vari-
able, and swap adjacent array locations.



The allowed control structures (expressed in C
notation) are:

if (Array[<i>] < Array[<j>]) <body>;
for (int i = <low>; i < <high>; i++) <body>;
for (int i = <high>-1; i >= <low >; i--) <body>;

O’Reilly and Oppacher report that using what
today would be considered relatively small popu-
lations, they were unable to generate a correct
sort program. Recently O’Reilly [5] wrote that in
her estimate a larger population size would have
been unlikely to have changed the outcome.

It is worth noting that the constrained for-loop
used by O’Reilly is quite similar to the Auto-
matically Defined Iteration construct described
by Koza [1]. The other operators and data struc-
tures are also quite similar to those reported in
that book. Unfortunately Koza does not report
whether attempts were made to generate a sort
program using his version of those constructs.

B. Kinnear

Kinnear [6] also reports on experiments to gen-
erate a sort program. Like O’Reilly and Op-
pacher, Kinnear attempted to generate a program
that, given an unsorted array terminates with the
array sorted. Kinnear experimented with a num-
ber of function sets. Overall, the functions were
similar to those used by O’Reilly and Oppacher.
When Kinnear replaced the swap operation with
what might be called an intelligent swap, one
that swapped adjacent elements but only if they
were out of order, it was relatively easy to gener-
ate a sort. Two nested loops with the intelligent
swap as the embedded body produces a bubble
sort.

C. Fitness functions

The real key to Kinnear’s success, though, was
his fitness function, which counted the number
of swaps needed to convert the output of a pro-
gram into a correctly sorted result. (The fewer
the better.) In contrast, O’Reilly and Oppacher’s
fitness function counted the number of out-of-
place elements. (Again, the fewer the better.)
This difference appears to be the key to the dif-
ference in outcome.

Consider the following program fragment:

for (int i = <low>; i < <high>; i++)
intelligentSwap(i, i +1);

This fragment, the inner loop of bubble sort,
makes one pass through the array, swapping ad-
jacent out-of-order elements. Such a fragment is
trivially generated at random in Kinnear’s frame-

work—and with only a bit more work in
O’Reilly and Oppacher’s.

Since such a fragment would have reduced the
number of swaps required to put the array in
order, Kinnear’s system would have valued it
significantly more highly than a random program
fragment. Since for most inputs such a fragment
would not put elements into their correct posi-
tions, O’Reilly and Oppacher’s system would
not have valued it much more highly than a ran-
dom program fragment.

Moral: a well-designed fitness function can
guide a GP system along an evolutionary path-
way to a problem solution that it might not oth-
erwise find.

We emphasize evolutionary pathway because
that is what GP claims to find. Clearly if one
runs a random program generator long enough,
any program will eventually appear. The ques-
tion for GP is: what are the evolutionary path-
ways whose discoveries it facilitates?

III. ANY COMPUTABLE FUNCTION CAN
BE GENERATED BY A GP SYSTEM

It is important to acknowledge that the genetic
programming framework is theoretically capable
of generating all computable functions. On an
intuitive level, this may seem surprising since
traditionally, most of the functions that have
been generated within a GP framework have
been finite state machines. The amount of mem-
ory available for computation is generally fixed
in advance. GP generated programs are typically
limited to a fixed number of fixed size variables,
and they have no means to write to an external
store.

But as Teller showed early on [9], the genetic
programming framework need not be so con-
strained. The GP framework can be generalized
so that unlimited memory is available, allowing
such a system to generate any computable func-
tion.

Even so, the heading for this section doesn’t
really say much. After all, if a function is com-
putable, a system (like GP), if allowed to gener-
ate random computer programs and if run long
enough will, like the proverbial monkey at a key-
board, eventually generate it.

Here we wish to make a stronger claim. A GP
system can generate any computable function in
a manner consistent with the sort of evolutionary



efficiency typically associated with genetic pro-
gramming.

The following argument shows that a GP sys-
tem can generate any computable function by
following an evolutionarily efficient pathway.

Let F be some computable function. Since F is
computable, there must be a program that com-
putes it; hence there must be a parse tree for
such a program. Let P be a parse tree for a pro-
gram that computes F.

Let the fitness function Fit rank GP-generated
parse trees, ie., candidate population elements,
on the basis of how closely they resemble P.
(See, for example, Shasha [10] for a discussion
of tree matching.)

Clearly, a GP engine when running the fitness
function Fit will generate the parse tree P,
which, when executed, will compute F.

This, of course, is a disappointing result. For
one thing, if one already has a parse tree for pro-
gram that computes a desired function, there is
no point in using a GP system to generate that
program.

Secondly, even if one wants to use GP to gen-
erate a function that one already knows—
perhaps just to show that GP is capable of gener-
ating such a function—using a fitness function
that compares the GP generated candidates to the
desired parse tree seems like cheating. In tradi-
tional GP, one typically compares the output
produced by executing candidate parse trees to
the output produced by the desired parse tree
when it is executed.

But if a direct comparison of parse trees is
cheating, what of the sorts of implicit compari-
sons we have traditionally allowed? Consider the
fitness functions in the sort generations discussed
above.

The Kinnear fitness function (the number of
swaps needed to put the elements in order, lower
is better) was more helpful, and more impor-
tantly a better guide to the eventual parse tree,
than the O’Reilly and Oppacher fitness function
(the number of elements in their incorrect places,
again, lower is better). Was that cheating? It
doesn’t seem like cheating until one realizes that
Kinnear’s fitness function, unlike O’Reilly and
Oppacher’s, provided Kinnear’s GP system with
information about an evolutionary pathway that
leads to a sort, namely that the inner loop of
bubble sort is a good building block.

Intentionally or not, Kinnear’s fitness function
helped his GP system find its way to a solution.
Is there a GP experimenter alive who has not
constructed a fitness function that was intended
to help his or her GP system find an answer?

IV.IS IT POSSIBLE NOT TO CHEAT?

Consider the fitness function in a traditional
run of a GP system. As long as the fitness func-
tion is not binary (correct vs. not correct), it will
rank the generated candidate functions on a scale
that indicates how close the function is to being
correct. Let’s call any such non-binary fitness
function a warmer/colder fitness function.

Now consider a second function that provides
a similarity ranking between the parse tree of
candidate functions and the parse tree of a pro-
gram that computes the target function cor-
rectly—and assume for the time being that there
is only one such program; we deal with the more
general case in the next section.

Let’s ask how well these two functions corre-
late with each other. Clearly, if there is a perfect
correlation, the GP system will quickly find a
parse tree that generates the target function. In
effect, we are in the same situation as we were
when generating the parse tree for the arbitrary
computable function in the previous section by
matching parse trees.

Clearly also, any fitness function that corre-
lates positively with a parse tree similarity func-
tion defines, perhaps unintentionally, a similarity
measure for parse trees. In doing so, it thereby
provides the GP system with a clearly defined
evolutionary path to the correct result.

On the other hand, imagine that there is no
positive correlation between a functionally de-
fined (i.e., results-oriented) fitness function and a
parse tree similarity function. Could any GP sys-
tem generate a correct result if the fitness func-
tion it is using does not help it retain in its popu-
lation increasingly good approximations of a
parse tree for a correct function? Clearly not—
except by generating parse trees at random.
Since it is a particular parse tree that we want to
generate, a fitness function that is not correlated
to a similarity function for that parse tree will
provide no useful guidance to a GP engine.

The key point is the following. Although the
implied intent of the fitness function in GP is to
measure how close the output of a candidate
function is to the output of a target function, the
GP engine, simply by virtue of how it is defined,



actually uses the fitness function as a measure of
how close a candidate parse tree is to an intended
parse tree: the better the fitness, the higher the
parse tree is ranked. Thus the degree to which a
GP fitness function correlates with a parse tree
similarity function will determine the success of
a GP run.

A direct correlation of this observation is that
any time one provides a warmer/colder-style
fitness function, one is either (a) implicitly pro-
viding an evolutionary path for the GP system, if
the fitness function correlates positively with a
parse tree similarity function, or (b) misleading
the GP system, if the fitness function does not
correlate positively with a parse tree similarity
function.

Population and algorithmic parameters (such
as population size, mutation rate, etc.) that con-
strain or encourage diversity cannot alter that
fact.

In an earlier paper [8], we suggested an ap-
proach to genetic programming called Guided
Genetic Programming in which the user suggests
intermediate goals for the GP system. It is now
clear that intended or not, every GP run that in-
cludes a positively correlated warmer/colder
fitness function is a guided GP run. Since it is
impossible for such a fitness function not to pro-
vide guidance toward an evolutionary path, one
might as well explicitly design fitness functions
that are useful guides.

The previous discussion was expressed in
terms of problems for which there were unique
solutions. The same argument holds for prob-
lems that can be solved in multiple ways, i.e.,
problems for which there are multiple parse trees
that produce correct results.

V. CONCLUDING THOUGHTS:
FUNCTION MUST MIRROR FORM

In his most recent book, Koza [11] describes
results produced through the use of genetic pro-
gramming. Even though the results are not com-
puter programs as traditionally understood, it
seems clear that every evolutionary engine is
subject to the evolutionary pathway constraint: to
be evolutionarily effective, a fitness function that
measures the functionality of a result must corre-
late positively with a similarity measure compar-
ing the generated form with a fully effective
form. Otherwise the fitness function will not be a
useful guide for traversing an evolutionary path-
way.
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