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Abstract. This paper argues that genetic programming has not made good on its promise to
generate computer programs automatically. It then describes an approach that would allow that
promise to be fulfilled by running a genetic programming engine under human guidance. Key-
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1. Introduction

Genetic programming (GP) (Koza 1990) is
the use of a genetic algorithm (Holland
1975) to generate computer programs.

In his www.genetic-programming.org
web page, Koza writes,

Genetic programming is an automated me-
thod for creating a working computer pro-
gram from a high-level problem statement of
a problem.

This is a bit of hyperbole from a couple of
perspectives.

In most genetic programming applications,
no high-level problem statement is ever pro-
vided—at least not to the genetic program-
ming system and typically not in any formal
language. At best, the problem may be ex-
pressed informally in English.

Typically, the problem to be solved is char-
acterized to the genetic programming sys-
tem in terms of a fitness function, which it-
self is expressed as a relatively low-level
computer program.

More significantly, the range of computer
programs generated by GP systems has
been disappointingly limited. After approxi-
mately a decade and a half, one might have
hoped that by now a broad range of compu-
tational problems would be subject to solu-
tion by a genetic programming engine. But
that is not the case.

Just 5 years ago in his enthusiastically enti-
tled book Genetic Programming and Data
Structures: Genetic Programming + Data
Structures = Automatic Programming!,
Langdon wrote,

Computers that ‘program themselves’ [have]
long been an aim of computer scientists.

The book promises to be a step in that direc-
tion. Yet the goal of computers that program
themselves seems to be as far beyond our
grasp as ever.

In a recent paper, Kirshenbaum [Kirshen-
baum] wrote,

One of the main limitations of traditional
genetic programming (Koza 1990, Banzhaf,
et al. 1998) is that the solutions that are dis-
coverable are limited to the class of algo-
rithms known as constant time or O(1) algo-
rithms, those that make a single pass through
the operators, with no loops or recursion.
This is an especially severe limitation when
the problem naturally presents its inputs in
terms of complex data structures such as
lists, sets, vectors, or arrays.

This is a bit of hyperbole as well. Langdon
claims to evolve list, stack, and queue data
structures and programs that manipulate
them. And as we shall discuss below, Kin-
near generated an O(n®) sort program even
earlier. In fact, Kirshenbaum’s claim isn’t
quite as strong as the above extract sug-
gests. He continues,

When attacking a problem known to require
[programs of] more [than O(1)] computational
complexity, the typical approach is for the ex-
perimenter to handcraft a “harness” which, for
example, evaluates the candidate programs
once for each element of an input data se-
quence and averages the result. ... In other
work, the higher complexity is encapsulated in
special purpose operators [that] perform spe-
cific operations such as summing or finding
the mean of a vector of numbers.



Kirshenbaum’s paper then goes on to de-
scribe a collection of iterative operator
schemata. He writes,

In this paper, we present bounded iteration
operators that allow the discovery of pro-
grams with arbitrary polynomial-time com-
plexity.

So what’s the story? Are GP systems able to
generate programs of greater than O(1)
complexity or not? The answer seems to be
both yes and no.

The remainder of this paper explores this
question by examining the brief history of
attempts to generate a sort program. We
then describe how a genetic programming
system with user guidance may be the best
approach to generating more difficult pro-
grams.

2. Generating a sort program

Sort is of complexity O(n*lo%(n)). Simple
naive sort programs are O(n%). Sort is a
good test case for genetic programming be-
cause like most real-life computer programs,
sort (especially naive sort) combines some
(but not too much) algorithmic sophistication
with simple arithmetic and data structure op-
erations.

A literature search revealed very few pub-
licly reported attempts to generate sort pro-
grams. The two most prominent are quite
old.

O’Reilly and Oppacher

In [O'Reilly 1992], O’Reilly and Oppacher
report a failed attempt. They attempt to gen-
erate a program that transforms an unsorted
input array into a sorted array by moving
element around in the array.

The program is provided with variables,
which may be used as indices into the array.

The allowed operations are: decrement a
variable, read an array location by indexed
by a variable, and swap adjacent array loca-
tions.

The allowed control structures (expressed in
C notation) are:
if (Array[<i>] < ArrayI[<j>])

<body>;

for (int i1 = <low>; i < <high>; i++)
<body>;

for (int i1 = <low>; 1 < <high>; i--)
<body>;

The elements within angle brackets are pa-
rameters to the construct that the GP engine
generates.

O'Reilly and Oppacher report that using
what today would be considered relatively
small populations, they were unable to gen-
erate a correct sort program. Recently
O'Reilly [O’'Reilly email] 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
Automatically Defined Iteration construct
described in [Koza 1999]. The other opera-
tors and data structures are also quite simi-
lar to those reported in that book. Unfortu-
nately, [Koza 1999] does not report whether
attempts were made to generate a sort pro-
gram using his version of those constructs.

Kinnear

Kinnear [Kinnear] also reports on experi-
ments to generate a sort program. Like
O'Reilly and Oppacher, Kinnear attempted
to generate a program that, when given an
unsorted array will terminate with the array
sorted.

Kinnear experimented with a number of
function sets. Overall, the functions were
similar to those used by O’Reilly and Op-
pacher, but the differences made significant
differences in the outcomes.

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 rela-
tively easy to generate a sort. Two nested
loops with the intelligent swap as the em-
bedded body produces a bubble sort.

When Kinnear reinstated the simple (un-
intelligent) swap but added an operation that
returns the index of the smaller of two array
elements, it turned out to be somewhat less
easy but still not too difficult to generate a
sort.



Without either of these two problem-specific
operations, it turned out to be fairly difficult
to generate a sort.

Fitness functions

It is worth comparing Kinnear’s fithess func-
tion with that of O’'Reilly and Oppacher. Kin-
near’s fitness function counted the number
of swaps needed to convert the output of a
program run into a correctly sorted result.
O'Reilly and Oppacher’s counted the num-
ber of out-of-place elements.

This difference may have contributed to the
difference in the results of their experiments.
A program consisting solely of the inner loop
of bubble sort would have reduced the num-
ber of inversions needed to completely sort
the array. Such a program would have been
rewarded by Kinnear’s fitness function but
not by O’Reilly and Oppacher’s.

We suspect that a well-designed fitness
function, one that can guide a GP system
along a path to a solution can be a powerful
aid in getting to a solution. See further dis-
cussion below.

The results of Kinnear and Kirshenbaum
demonstrate that programs of complexity
greater than O(1) can be generated by GP
systems—but perhaps only if powerful (and
applicable) operations and/or control struc-
tures are provided as primitives.

3. Steps to a sort program

Oogp [Abbott] is an object-oriented genetic
programming system that operates within a
Java environment. In the next few sections
we discuss how we used oogp to generate a
sort program under user guidance.

The task given oogp was to generate a pro-
gram that accepted as input an unsorted
List (a subclass of Java's Arraylist,
see [Sun]) of Integer objects and re-
turned as output a new List with the Inte-
ger objects sorted.

' As explained in [Abbott] , the List elements
were really Int objects, which, like Integer’s
are wrapped primitive int’s. Unlike Inte-
ger’s, Int’s are mutable. For sort, mutability is
not an issue.

As an object-oriented system, oogp works
with methods rather than functions. The
equivalent of the traditional GP function set
is the collection of methods defined in the
classes that oogp is allowed to use.

For the sort problem, oogp had available to
it all the ArrayList methods, including
add(), get (), indexOf (), remove (),
etc.

The sort task given to oogp should be con-
trasted with the work cited in the previous
section in which the input was an array and
the job was to use a very restricted set of
operations to move elements around in that
array. Oogp was operating in a much more
general environment than that used by ei-
ther O’Reilly and Oppacher or Kinnear. As
[Koza 1999] points out, the more flexibility
available to a GP system, the harder it is to
find a solution. [Koza 1999] reports that his
Genetic Programming Problem Solver typi-
cally solved problems by using one to two
orders of magnitude more evaluations than
those used by a GP system tailored to the
specific problem.

Besides the standard ArrayList methods,
two additional List methods were provided.
Theyamjierate()zandinsertAsc(L

List iterate (Function start,
Function continue);

Iterate ()is a method of List objects.
Although it performs a loop-like function, it is
not built into oogp as a primitive control
structure. Iterate ()takes two arguments,
both of them executable functions, and it
returns a List object. Its two arguments are
as follows.

The start () function takes the List ob-
ject to which iterate () is applied as an
argument and returns a List. For the sort
problem the correct answer is for start ()
to return the empty list. (An empty-
List () method is available that does exact-
ly that.)

2 As explained in [Abbott] iterate () is more
general than shown here. See the appendix for
the iterate () code.



The continue () function also returns a
List. It takes two arguments. The first is an
element of the List to which iterate ()
is applied; the second is a List object.
Continue () is of the following form.

List
continue (Int currentElement,
List previousResult) {
<Compute and return a new List
result based on the
previousResult and the
currentElement.>

}

Iterate () executes by examining in se-
quence the elements of the List on which it
is called. It repeatedly calls continue (),
passing to it the current List element (as
currentElement) and the result of the
previous call to continue() (as previ-
ousResult).

The first argument to iterate () is called
once and provides a value for previous-
Result when continue () is called the
first time.

void insertAsc(Int I);

The insertAsc () method is also a method
of List objects. It takes one argument,
which it inserts into the List object to which
it is applied. In particular, it inserts its argu-
ment in front of the first element of the List
that is greater than or equal to the argument.
In other words, if the list on which inser-
tAsc () is called is ordered, it inserts its
argument into that list in the correct position.

Given iterate () and insertAsc () oogp
produced the following sort method.

void sort () {
iterate (
emptyList (),
previousResult
.insertAsc (currentElement) ;)

}

This sort program implements an insertion
sort by calling insertAsc () to insert ele-
ments from the input list one at a time into
an originally empty list. This simple insertion
sort is of complexity O(n®). Like Kinnear's
first solution, it is a relatively trivial solution
to the problem of generating a sort program.

Perhaps a word should be added here about
fitness functions and randomly generated
programs. In our experiments we found that
most results arose in later generations. But
we also found that the pedigree of most cor-
rect programs was quite short.

Often the system discovered that the only
way to return an output list of the appropri-
ate length was to use iterate () starting
with an emptyList (). Our fitness function
rewarded programs for generating output
lists that were as long as but different from
(not the same object as) the input list.

From there it's a small (random) step to find
that insertAsc() as configured above
produces the correct result.

4. A less trivial solution

Rather than try to generate a less trivial sort
by using lower-level methods as Kinnear
did, we took an alternate approach. We
asked whether oogp was capable of gener-
ating the (building block) methods that it
used.

This approach suggests a remedy to
O’Reilly and Oppacher’s critique that GP is
not organized to generate solutions in a hier-
archical manner. They wrote,

GP's process of putting a solution together is
not ... hierarchical. Hierarchical solution con-
struction is a process of top-down and bot-
tom-up, level by level, construction of increas-
ingly more efficient pieces of a solution. ... In
this way, a hierarchy of function specialization
and generalization is built.

Proceeding hierarchically, one may ask
whether oogp is capable of generating the
insertAsc () method. The answer, of
course, is that it is: as a method of the two
methods: add () and findPos ().

The standard ArrayList method
add (Int i, Int element) inserts ele-
ment into the List to which it is applied at
position i. The element previously at i and
all elements at higher positions are pushed
up by one position. This method is available
to List objects since List is a subclass of
ArrayList.



Define findPos () to be a List method
that when given an element, returns the po-
sition within the List where that element
would be inserted by insertAsc().

If such a method existed, could oogp gener-
ate insertAsc () ? The answer, of course,
is that it can quite easily.

void insertAsc(Int int_0) {
Int int_1;
int_1 = findPos (int_0);
add(int_1, int_0);

What about findPos (), can oogp generate
that? Again, the answer is yes.

Int findPos (Int int_0)) {
iterate (0,
{if (int_0 > currentElement)
previousResult.incr();
previousResult;
} )i
}

These results show that starting with iter-

ate(), emptyList(), and add() as

methods in the List class, oogp (and pre-

sumably any other GP system) can generate

findPos (), insertAsc(), and sort ()

fairly easily—

¢ if asked to do so one method at a time,

e inthat order, and

e if once generated, the building-block
functions are made available as List
methods.

5. Guided GP

Is it possible to generate findPos (), in-
sertAsc (), and sort () simultaneously?

In oogp we can generate all three methods
at the same time by running the three evolu-
tions in parallel.

To do so we create a separate population
(and separate threads) for each of the three
methods. In addition, we define findpos ()
and insertAsc () as method stubs in the
List class.

In general, when oogp generates a candi-
date program, the function set available to it
consists of the methods in the classes that it
can see. In this case, we allow oogp to use
findPos () when attempting to generate
insertAsc () and to use both findPos ()

and insertAsc () when attempting to gen-
erate sort ().

When executing a program that contains
findPos () Or insertAsc (), 00Ogp uses
the current best element that had been gen-
erated to that point for that method.

The result is a collaborative effort that com-
bines a genetic programming engine (run-
ning thee evolutions in parallel) with human
intuition.

e The goal is to generate a sort program.

e The user contributes what in this case
turns out to be (although need not be) a
top-down analysis, offering the suggestion
that findPos() and insertAsc()
might be useful functions to have on hand
when generating a sort.

e Oogp then sets to work generating a sort
using the originally available List opera-
tions along with increasingly good imple-
mentations® of findPos() and inser-
tAsc ().

Clearly such an approach is not as desirable
as having oogp generate building blocks all
by itself. But to date, no GP system seems
capable of doing that. Allowing a user to
suggest building blocks may be a reason-
able compromise.

We did not attempt to have oogp generate
the iterate () method. The computational
intricacies required for iterate () seem to
be beyond the capabilities of current genetic
programming systems.

The fact that we feel obliged to make that
statement suggests that GP is still gravely
limited in what it can do. After all, our hand-
made implementation of iterate () is only
10 lines of Java code. (See the appendix for
the actual code.) Yet it is difficult to imagine
an evolutionary path that would produce this
code.

We emphasize evolutionary path because
that is what GP claims to provide. Clearly if
one runs a random program generator long
enough, any program will eventually appear.

’ Note that running three generations in parallel
can be quite inefficient. The fitness of higher-
level elements changes as the fitness of lower-
level elements improves.



The question for GP is: what are the evolu-
tionary pathways whose discoveries it facili-
tates?

In answering this question, it is important not
to be fooled by when in a run a solution ap-
pears. There is significant evidence that GP
often functions just as well when using mu-
tation instead of crossover. (See Luke Chap-
ter 7 for a brief discussion and additional
references.) This makes GP a parallel, itera-
tive hill-climbing algorithm, where the fitness
function defines the path up the hill and a
large population increases the chances of
finding the right hill. From that perspective, a
good fitness function, one that identifies use-
ful stepping-stones along the way, is critical.

6. Comparison with other work

The notion of generating multiple functions
simultaneously was employed by Langdon
[Langdon] in his generation of List opera-
tions. In that work, a predefined suite of
List primitives was evolved simultane-
ously.

Langdon’s intent was to evolve the entire
suite in one genetic programming run, even
though the separate operations were not
defined in terms of each other. It isn’t clear
why it was important to Langdon’s work to
evolve the functions in the same run. His
primary objective seemed to be simply to
demonstrate that these functions could be
evolved. But the fact is, he did evolve them
together. Langdon’s work can be seen as a
precursor to the evolution of new Class
definitions that we are anticipating in exten-
sions to oogp.

In Koza’s [Koza 1999] automatically defined
function (ADF) architecture the (building
block) functions are not specified in ad-
vance. The GP system is allowed to define
whatever functions seem most effective.

Although Koza reports the generation of GP-
generated programs that make use of ADF’s
it is not clear whether any functions
emerged that would be considered useful
building blocks on their own, i.e., functions
of the general utility of findPos () or in-
sertAsc().

7. Conclusions and comments

Through a user-computer collaborative ef-
fort, a genetic programming system is able
to generate a sort program from the opera-
tions available in a standard List class.

Heretofore, the human contributions to the
success or failure of a genetic programming
attempt to solve a problem have been
somewhat disguised: (a) in the functions and
terminals provided to the system and (b) in
the fitness function used to evaluate gener-
ated programs.

The work reported here suggests that in-
stead of hiding the human contribution we
might profit by encouraging it. In particular, it
seems worthwhile for the user explicitly to
invite the GP system to generate building-
block functions that the user thinks might be
useful.

We also believe that a user can profitably
provide guidance by defining fitness func-
tions that map a path through the evolution-
ary landscape toward problem solutions.
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public Object iterate(Function start, Function continue) throws Exception {

Iterator it = underlyinglterator();

Object[] args = new Object[l{null, start.applyTo(new Object[l{this}};

while (it.hasNext()) {
args[0] = it.next();

args[1] = continue.applyTo(args);

}

return args[1];

}

Oogp uses java.lang.reflect.Method.invoke() to execute its code. Invoke () requires
that arguments be passed as Object arrays. Our applyTo () method eventually calls in-
voke (). The Object [] args contains currentElement and previousResult as args[0]
and args[1] respectively. Iterate () is declared to throw an exception because its function
arguments may throw an exception. If a program throws an exception, execution is terminated
and the program is given the worst possible fitness value. The underlyingIterator () func-
tion returns an iterator for the List object to which iterate () is applied. This allows iter-
ate () to be used for other than List objects.



