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Abstract

An essential component of an intelligent agent is the
ability to notice, encode, store, and utilize information
about its envionment.  Traditional approaches to
program induction have focused on evolving functional
or reaclive programs. This paper presents
MAPMAKER, a method for the automatic generation of
agents that discover infomation about their
envionment, encode this information for later use, and
aegte simple plans utilizing the stored mental models.
In this method, agents are multi-part programs
that communicate through a shared memory. Both the
programs and the representation scheme are evolved
using genetic programming. An illustrative problem of
'gold" collection is used to demonstrate the method in
which one part of a program makes a mgp of the world
and stores it in memory, and the other part uses this
mep to find the gold The results indicate that the
method can evolve programs that store simple
representations of their environments and use these
representations to produce simple plans.

1 Introduction

The ability to notice, encode, store, and utilize information
about the envionment is an essential of

intelligent behavior. Storing a model or megp of the

environment increases the problem solving capadity of an

intelligent agent However, much of the reseach on the

artificial induction of computer programs has focused on

reactive programs with no use or only a minimal use of state.
These programs, although generated by an artificial process,

do not themselves leam or produce plans of action.

Genetic programming (Koza 1992) is a variant of the
genetic algorithm in which the genefic population consists
of com programs rather than of fixed length bitstrings
or other fixed data structures. The initial population of
progams consists of randomly generated  programs
represented as parse frees that are composed of the available
simple programmatic ingredients. Genefic programming then
breeds these programs using the Darwinian principle of
survival of the fittest and the crossover operation, which is
similar to sexual recombination in nature. Tackett (1994)
provides analysis that genetic programming can be viewed as
a method of stochastic beam search.

This paper presents MAPMAKER, a method for the
automated generation of computer programs that discover
information about their envionment, encode this
information, store it, and then utilize this information to
produce plans of action. These programs are evolved using
genetic programming and the structures of the evolving

programs are constrained so as to facilitate the development
of leaming and the use of memory. The method evolves
solutions to the gold collection problem, where the

must leam the positions of gold in each of several worlds,
store this information in a usable fashion, and then later
utilize this information to produce simple plans to collect
the gold. Several evolved solutions to the problem ae
discussed that lize perf to worlds on which they
have not been trained. In addition, the mental models
aeated by these successful individuals are understandable
and clearly represent models of the world. Also, evidence is
presented that random search could not find even partial
solutions to the problem in any reasonable time.

2 Background on Genetic Programming

As desaribed in John Koza's seminal work (1992), genetic

programming is a method that populations  of

computer programs (such as those shown in Fig. 1). The

genefic programming performed in this research employs

steady-state selection (Syswerda 1989), a minor variant on

Koza's methods (Koza 1992). Genefic programming with
~state selection consists of the following steps:

1) an initial population by randomly generating
programs com of the primitive functions.
(2) Exeaute each program in the population and determine

its fitness based on its ability to solve the problem.

(3) Loop over the following until either a complete
solution or a safisfactory result is found, or a limit on
the number of reproductions is exceeded.

(@) Create two new offspring by applylng the crossover
operation. Crossover creates twi by
swapping randomly chosen subﬁe&s of two existing
programs (the parents - Fig. 1). The parents ae
selected probabilistically based on high finess.
Programs with high fitness will be selected often,
programs with low fitness will seldom be selected.

(b) Kill two membes of the population to provide
space for the two new children. Choose tese
individuals probabilistically based on poor fitness.

(c) Evaluate both children and determine their fitness.

Although the programs expressed in Fig. 1 ae simple,
genetic programming can evolve much moe  complex
programs, utilizing complicated programmatic - structures.

Genetic programming can evolve programs utilizing iteration

and subroutine calls, as discussed in Koza (1994).

Automatically defined functions (ADFs) are subroutines

that are co-evolved with the main program, and can increase

the power of genetic programming (Koza 1994). For moe

information on genetic programming, see Kinnear (1994),

which reviews advances in genetic programming.
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3 Related Work

The acquisition of mental models and the automatic
synthesis of agents that leam are not new aresas for the field
of evolutionary computation. Neural network leaming
methods have often been combined with genetic algorithms
that specify the layout of the network andor the initial
weights (Belew et. aI 1991; Ackley and Littman 1991).
However, these methods do not use explicit

of state - the 'memories’ leamed are stored in the weights
and are thus closed both to introspection and to humen
understanding. Additionally, the role that the neural net
plays in the individual is often pre-specified, and thus the
leamed tations can only be used in limited ways. In
genetic programming, the use of branching operators that
depend upon the state of the envionment is common
(Kinnear 1994). When an evolved program combines
several actions and branching statements through the use of
progn statements it incorporates an implicit use of state.
However, this state at best only an implicit
representaton of the world, is not available for
infrospection, and often can be difficult to comprehend.
Occasionally, GP applications allow the evolving pm%;

to use a few variables of state (Andre 1994b; Koza 1994),
but this is hardly representational memory.

One successful use of evolved representational structures
is Teller's (1994a) on work on using indexed memary in
genetic programming. Teller evolved programs that could
solve a simple problem - that of pushing blocks up against
the boundaries of a world. Teller used an interesting
strategy to facilitate the use of in his evolving
programs; he strictly limited the function sefs so that the
evolved programs could move only once per evaluation and
receive only limited sensory feedback.  Without using
memory, only minimal fitness was possible.  In addition,
Teller has proved that his indexed memory paradigm is
Turing complete (Teller 1994b).  Although it is valuable
work, Teller's indexed memory scheme several flaws
for the study of the evolution of agents utilizing mental
models. First, the evolved representations developed by his
progams are difficult to interpret.  Second, Teller's
representation allows individuals to perform well using only
indirect models of their world, such as simple counters.

In some preliminary work with the MAPMAKER method,
we demonstrated that agents could evolve to solve the gold
collection problem when programs had access to only one
memary cell for each world location (Andre 1994a). This
previous work used the same mult-module MAPMAKER
architecture used in the current work, but the evolved agents
utiized a two-dimensional memay that simplified the

computation. The function set was too complex: movement
in memay was hard-coded to movement in the world to
reduce the demands on evolution. The evolving
representations were consfrained so that they exacty
matched the structure of the world.

The present research addresses these issues by extending
Teller's (1994a) indexed memory scheme. Indexed memary
allows for a wide variety of representations. In addition,
because the system uses a multi-module architecture for the
evolving programs and a multi-phasic fitness environment in
which the input and output processes of the individual

programs are kept separate, the evolved representations of
the world are easily available and comprehensible.

4 The MAPMAKER Architecture

Ore problem inherent in investigating the use of
and intemal representation in program induction is that
mary problems can be solved without state. Solutions
using memory may be less complex than those not using
memory, but may be harder to evolve. Genetic programming
is known for exploiting loopholes, and thus to evolve the
use of , one must constrain the fitness envionment
in order to promote its evolution. Teller (1994a) required
the use of memary by restricting the building blocks and
the sensory inputs. The MAPMAKER architecture, (Fig.
2a), depends on multi-modularity and sensory deprivation
to force the evolution of memory. Each individual consists
of two modules, each of which is executed with
different inputs and outputs. The first module, the map-
maker, can examine sensory information and may store and
read information in memory, but may not act in the world.
The second module, the map-user; is blind with respedt to
the world; it must use only its stored representation to
produce a plan. The plan is then evaluated and its finess
deterrnlned Assuming that the task requires specific
knowledge about the current world, memory representations
of the world are requwed to achieve goad fitness, because of
lr?f)d separation of perception and action into the two
ules
The MAPMAKER  architecture  facilitates in
understanding the used by the evolving
agents because it provides an opportunity to examine the
eXxact intemal state that represents the world:  the
information contained in memary at the moment after the
mepimeker is executed is all the information the mepuser
may use in creating a plan, and thus the entire
of the world. Another of the
MAPMAKER approach is that it parallels the stages often
used in psychological studies of memoary - stimulus, delay,
and retrieval.

% (And)
And) (or)
1X3] [X2]
{And (Not x1) (OrX1 (And X2 X3y | (And{And X2 X3) | (Or X1 (Not X1))
{Or X2 X3)} {Or X2 X3))
Figure 1. An example of crossaver with programsy for a Boolean regression problem. The programs in parts a and b are the

parents for the crossaver operation. The crossover aperation exchanges a subtree from one parent with a subitree from the other
purent o create the two affspring (parts ¢ end d). The heavy lines indicate the subtrees that were exchanged.
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Figure 2 a) The MAPMAKER architecture, b) Toroidal worlds for the gold collection problem

In this architecture, the fitnesses for both modules of the
individual are determined only by the output of the mep-
user. This is an extension of the credit assignment problem
inherent in program induction - which part of the program
caused the high or low fimess? Although this sort of
indirect fitness is nomally encountered when muilti-part
programs are evolved, it is especially salient in this approad1
because the two modules are execued
behavior of the mapmaker only affects fitness i the rmp-
user utilizes information from memory.

5 The Gold Collection Problem

The goal in the gold collection problem is to dig up all the
gold, without digging on squares that have no gold. The
agent operates in an NxN toroidal world (Fig. 2b). The
squares in the world can be identified by the vector of
integers modulo (7V-1) of the form (i,j) where 0 < ij < M.
These can be stored and manipulated as a single i
when N < 10. Thus, 11 is the square (1,1), and 43 is the
square (4,3). This representation wes used to allow the
programs access to their position and still allow the
functions to always retum integers. The agent initially
starts off in square 11. An individual interacts with the
world as follows (Fig. 2a) . First the module of
the individual is iteratively allowed to observe the positions
of each gold in the world, one gold at a time. This module
can store this information in memory. Then, the mapuser
module is allowed to examine the contents of memary, and
to output actions into the plan This plan is then executed,
and the numbers of golds collected and emoneous digs
performed are calculated and used to determine the fitness of
the individual. Each evolving individual is evaluated on
several worlds with different amangements of gold to
promote solutions that will generaize well to worlds not
used in evolution.

Though many world sizes and gold densities are possible,
we used world sizes of 2x2, 4x4, and 8x8. The number of
gold in the worlds is approximately half the number of
squares in the world, with the exception that in the 8x8
world, gold denstties of 1, 2, and 3 golds per world were
also |nvesﬂgated AIthough it may seem that these world
sizes are trivial to map, such is not the case. In order to
suoceed, the and the must evolve to
agree on a representation. The must evolve to
store all gold positions in memory in some fashion, and the
map-user must evolve to use this information to constrain
and guide its digging and movement actions.  Although in
the 2x2 world with 1 gold there ae only 4 possible
configurations of gold, there ae infinitely many ways to

encode this information and the map-user and the mepmaker
must evolve a shared representation. Evolving a map-user to
select what the plan for gold collection should be is not
trivial because there are infinitely many plans that atiempt to
dig only once, infinitely many that dig N times on the same
square, etc. The map-user must also evolve the code to move
around the world to the squares with gold. If the mapuser
takes the simplest option and avoids path planning by
visiting every square, then it must solve Koza's Lawnmower
problem (Koza 1994). Koza found this problem to be
difficult when no ADFs were used, and straightforward,
although not trivial, when ADFs were used. Solutions ae
thus not easily , even for the tiniest worlds. The
2x2 world is also similar to Square World, a problem in the
Al literature used to llustrate planning strategies
(Genesereth and Nourbakhsh 1993).

6 Algorithmic Details

There ae four stps in preparing to use
programming on any problem, namely specifyi
architecture of the programs to be evolved, te set of
primitive programmatic ingredients, the fitness functlon and
the parameters for controlling the run.

The architecture of the evolving programs is shown in
Fig. 3. The mapimeker module has an easier task than the
map-user, because it is directly shown the positions of the
%altd it must only store the gold locations in some fashion

the mepuser can comprehend.  Therefore, ADFs
(subroutines) are not needed in the rnap-maker but are in the
mapuser.  The ADFs in the mapuser ae amanged
hierarchically; the Result Producing Branch for the map-
user (RPBU) can call both of the ADFs, and ADFU2 can calll
ADFU1. Both ADFs take a single argument.

ng the

Individual #N

Figure 3. The architecture of the evolving programs:
consisiing of & map-maker module with one result-producing
branch and a map-user module with twe automatically defined
Junctions and one result-producing branch.
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World | Num #FIL Population { Max Num
Size Gold Cases | Size Generation
Eguivalents

2x2 2 4 14,000 130

4xd 8 15 18,000 110

Bx& I 30 10,000 200

Bx8 2 30 12,000 165

Bx¥ 3 30 12,000 165

Bx# 20 30 15,600 130

Table 2,  Paramesers for several of the runs.

The set of primitive programmatic ingredients must be
specified prior to a run of genefic pm?rammlng These
ingredients are the basic building blocks for the programs to
be evolved. For the gold collection problem, we choose the
functions shown in Table 1.

Each module and ADF of the program haes a slightly
different function set to acoount for the varied behaviors
allowed in each. The hes no atess to functions
for motion, for example, but has actess to view the world
through the GoldPos function.  Additionally, some
functions are constrained to occur only in the ADFs to
engender their widespread, consistent use. Previous work
(Andre 199%4a) indicated that runs that had no such
restricions were largely unsuccessful.  Restricting key
functions to an ADF forces that ADF to be used when the
behavior produced by those functions is needed. When the
ADF is | the modiﬁcations occur in all places where
the functionality is used.

The function sefs for each of the different branches for the
gold collection problem are shown in Table 1 0, 01,10, and
11 are constants chosen for their usefulness in this problem
because, for example, 10 represents the vector (1,0) which is
one step in the x direction. R refers to the ephemed
random c-10 5 R < 10. Ephemeral random constants
provide a method for creating constants in GP (Koza 1992).
ADFU1 and ADFU2 are one-argument functions that call
the appronpjnate ADF (subroutine). Arg_| is a zero-

nction that contains the dummy variable (formal
parameter passed to an ADF.

The add and sub functions act on a pair of integer
vectors. These operations use digit by digit arithmetic
modulo the size of the world. For example, in a 4x4 world,
(add 33 12) = 01. Not retums a 1 if its argument
evaluates to 0, otherwise it retums a 0. Progn evaluates
both its ments and retums the value of the seocond
argument. Self retums the individual's cument location in
the world. Dignow outputs a 'Dig' command to the plan.

Jump (a) outputs a command to the plan that the
agents position by a displacement of a in the world. For
example, if an individual were at position 1,1 in the world,
(Jump 12) would move the individual to position (2,3)
in the world.

GoldPos (), used by the mapmaker, retums the

position of the gold that the map-maker is currently allowed
to view. Repeat(a,b) ftakes the result of its first
argument a, modulo the size of the world, and iteratively
executes the second argument b that many times. Repeat
reums the value of the last executon of the second
agument b. Repeati(a,b) is much like Repeat,
excepting that Repeat Index () is set within Repeat 1.
The Repeat_Index() is equal to the cument iteration
number. - PutMexn(a,b) puts b into cell a and
retums the previous value of cell a. ReadMem(a) retums
the value of cell a. IncMem(a) increases cell a by 1.
The fitness function in the gold collection problem is
straightforward. The goal is to collect all of the gold in
each of several worlds without making any incorrect digs.
Thus, to attain a score, the individual acting in the
2x2 world must collect all 4 golds - one from each of 4
worlds - without any false-digs, and the individual acting in
the 8x8 world with 20 golds per world must collect 600
golds - 20 from each of 30 worlds. The golds were
distributed randomly in each world. The fitness of an
individual is a weighted sum of the number of golds not
picked up and the number of false digs. In addition, there
is a large penalty for picking up no golds. Thus the fitness
function is equal to the following expression, where lower
fitness is better.

5*Gold_Remaining+2 0*Num_of_FalseDigs+
(10,000 if Gold=0).

The next step in preparing to run genefic programming is
to choose values for various paramelers of the run.
Toumament selection (Goldberg and Deb 1991) with a
toumament size of 8 was used to choose for
crossover.  To choose to be removed from the
population to make room for the newly created children,
toumament selection with a toumament of size 2 was used.
Larger toumament sizes for the removal operation result in
overly greedy evolution. The population sze and maximum
number of generation equivalents for the research
are shown in Table 2. Ore generation equivalent is defined
as the number of reproductions necessary fo create as mary
children as there are individuals in the population.

Module Branch Functions allowed
MapMaker: RPEM 0, 01, 16, 11, R add, sub, not, GoldPos, IfPairFEqual, progn, PutMem,
FeadMem, IncMem
MapUser: ADFUL 0, 01, 10, 11, R, add, sub, not, S5ELF, IfPairEgual, arg_l, prognm,
Jump, PutMem, ReadMem, IncMem, DIG
ADFU2 0, 01, 10, 11, R, ADPU1, add, sub, not, SELF, IfPairBEqual, arg_l,
progn, Jump, PutMem, ReadMem, IncMemn
RPEU 0, 01, 10, 11, ®, ADFUL, ADFU2, add, sub, not, progn, Repeat, Repeatil
Repeat Index, IfPairEgual
Argument Structure; O}, 0143, 10¢), 114), Ri), addta.b), subia,b}, not{a), Repeatia,b},
Repeatif(a,b), arg_l{), prognfa,b), SELF(), dignow(},
ItPairEqual{a,b,c,d4], Jumpi{al, ADFUl{a), ADFU2{a},
GoldPos (), Bepeat Index(), PutMemla, b}, ReadMem(a), ItcMem{z)

Table 1. Function sets for the branches of the evolving programs, and the argument structure for each of the functions.
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7 Reslults

The runs were performed on a variety of machines, including
Sun Sparc 2's, a DEC Alpha, and 486-66 machines. Runs
took an average of 2 days to complete. In all world sizes,
approximately 13 of the runs produced solutions. On the
non-su | runs, nearly correct individuals emerged that
collected most of the gold and dug on very few squares with
old. Successful results for each world size will be
brle y discussed. On the 2x2 world, four solutions emerged
out of ten runs. One such solution r processing
1,100,742 individuals. The behavior of this individual was
stralghtforward The would fill memory eements
directly comesponding to locations in the world with the
value 1, and then would reset these cells to O if a gold wes
found there. Additionally, the symbol 13 was also used to
S|gn|fy a non-gold Memory traces from four worlds after
has been exeouted are shown in Table 3.
\Nhen golds were at (0,0) and (0,1), for example, memary
cells 0 and 1 are set to 0, whereas cells 10 and 11 are set to
1. The mapmaker also stores some redundant information
that is not used by the mapuser. For example, whenever
there is a gold in position (1,0), memary cell 19 is filled
with a 12, It sears that the of might
be that the first evolves to store information
about the world in many redundant ways, and then the mep-
user leams enough of one of these representations to be able
to achieve a better filness.
On other successful runs on the 2x2 world, representation
schemes were similar, although different symbols were used.
In one scheme, the stored the representation for

locations in the memory cell comesponding to the square one
square to the left of the location. This offset was leamed by

both the and the and

notion of what oorre7(x)ndenoe to the world meant
Ore of the 100% oomect solutions to the 4x4 world

evolved after 487,068 individuals had been processed. The
program code for this individual is shown below:

Waplaker BRPB: (not {(ReadMem (ReadMem {PutMem
(GoldPas) {PutMem {GoldPos) {IncMem [progn
(progn 30 1) (GoldPos}iliibil

HapUssr RPA: [ADFUl {ADFU2 [Hepeati {Repeat
{sub {add 10 {g_repeat_index}] {ADFUL
{Repeati (not 11 (Repeatl [Repeatl {ifpaireq
{ADFU2 {progn 4] 1) [ADFU1 {progn
[g_repeat_index) 11)} 1 (progn (ifpaireg [Repeat
ig_repeat_index) [add 1 [(ADFUL 1}¥) 1 1 ({ADFUL
{ADFU2 (sub 1 10))}} {Repeati ({ifpaireg {ADFU2
{Repeati {ADFIT1 {ADFD2 {Repealti {ifpaireq
{Repeat {g_repeat_index) {Repesti 1 111}
{g_repeat_index} 1 {ADFUI {ADFDZ {Repeati
{ADFUL {RDFO2 {Repeati (ifpaireq [Repeat
(g _repeat_index) {ADFUL [ADFU2 {Repeati
{ifpaireg {Repeat {Repeati i ISl

{g_repeat_index) 1 {add 1 (aADFUl (ADFU2 (Repeati

tg_repeat_index) 1 {add 1 (ADFUL {ARDFU2
{Rapeati {ifpairegq {Repeat {g_repeat_indax}
{ifpaireq (Repeat (g_repeat_index) {Rapeakti 1
111 {g_repeat_index) 1 f{add 1 ({(anfyl (ADFU2
{Repeati {add (not g_repeat_index)] (sub 10
(g _rapeat_index)}) 1))11)1) {g_repeat_jindex) 1
fadd 1 (ADFUL (g_repeat_index))}) 1)3}i4}
lg_repeat_index) 1 {add 1 {ADFUL
(g_repeat _index}!}) 1133)) 1004) 0 1 [add 1 (add
1 [(ADFUl (g_repeat_index}})}) 1131 1333} 131}
1)} (g_repeat_index) 1 (ADFUl (ADFU2 {Repeati

{g_repeat_index) (Repeati 1
lifpaireq 10 (g_repeat_index)
lg_repeat_indexi}i) 1)) 11
[ADFUl (ADFU2Z (Repeati {Repaat
{g_repeat_index} (ifpairegq 1 1 0 22}) 1)31)) 113}
MapUasr ADF #0: (PutMem 11 [(ifpaireq (ifpaireq
(PutMem (SELF! 1}) 1 (Dig) 21} 1 {Dig) 21})
MapUsar ADF #1: (Jump (Jump {Jump {(Jump {Jump
tsub {Jump (ifpairegq (sub 11 1) 1 (progn 12
thrg_l}y 1133 1103130 ))

tifpairegq (Repeat
11}) 0 1 ({Repeati
1 tadd t (ADFUL
11y 10y 111139

Although this individual looks complicated, its behavior
is actually quite simple to understand, because of the
MAPMAKER architecture. Not only can the behavior be
largely understood from the output plan and the state of
memory between the execution of the modules, the code can
also be understood through analysis. This individual stores
a 1 in the memary cells comesponding to gold positions in
the world, a scheme similar to that shown in the 2x2
solution. However, the map-user in this world shows some
other interesting uses of . The in this case
leamed a single route over the 4x4 world and chedked its
memory at each square to see if it should dig. However, the
route it leamed overlapped, so it would pass over some
squares more than once. To avoid digging on squares that
had already been dug, the storeda 11in at
each cell after having been there. In addition, it stored a "21'
in the memory cell comesponding to the initial square.

The leamed world representation not only allowed
communication between mapmaker and mapuser, but
allowed the o use to avoid redigging at
any locations. This individual's solution to the 4x4 world
with 8 golds was completely general as well; although only
trained on 15 different combinations of 8 golds per world,
the individual collects without error any and all gold that is
given to it in the 4x4 world. The ability of this individual
to collect gold on all 4x4 worlds is shown in two ways: 1)
it was tested experimentally on 100 worlds not included in
the original evolution, and 2) is also a provable consequence
of the code.

Successful individuals ememed at all four gold
concentrations examined in the 8x8 world. When there wes
only one gold per world, one evolved individual - found
after processing 840,296 individuals - utilized a quite
different representation scheme than did the solutions to the
2x2 and 4x4 worlds. The individual stored the position of
the gold in a hard coded memary location, cell O, and then

1

ER:S::EGQ :éf?é’:ift_i‘ﬁaéi‘? Eﬂt{_;g:::t]i 1{”9“{?? used this information to choose where to dig.
Goldl Gold2z |Memory: ¢ 1 2 3 4.8 9 10 11 12 i3 14-18. 19 20 21
Pos Pos Cells:

World 0 0,00 [(6.1) 0 Jo [1 [2 Jo JZ T I Jo Jo To 0 Jo Jo

World | oD [Jg.n 1 Jo [0 2 Jo Fe Ji13 Jo Jiuifitfo 0 jo Jo

World 2 (1.0) 0,0} 0 11 |0 [0 |0 2 101i0]0 JO 1211 0

World 3 c.1) o, I Je JtL J2 [0 D 10 lojlofo [O 12{0 fI

Table 3.

Memory traces from o successful individual on the 2x2 world. The bold cells are those  that correspond

directly to positions in the world. The memory cells contain the values that were in memory after the map-maker had

finished execution.
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The actual code that evolved contained a great deal of code
that was never executed, and the actual executed ocode is
quite simple to understand; such a simplified version is
shown in Fig. 4. The individual stores the comect gold
position in cell 0, calculates the di from the
starting position to the gold's location, jumps to that square,
and digs.Thus, the individual evolved to be a planner that
produces optimal plans for a single gold. Although the
output behavior is simple, evolving such a behavior in the
space of all possible plans is not.In addition, this individual
was only trained on 30 worlds, with a gold at a different
space in each world. This evolved individual generalized
correctly to all 64 possible 8x8 worlds with 1 gold.

Suocessful individuals evolved for the 8x8 worlds with 2,
3, and 20 golds that used schemes similar to those
used by the solutions to the 2x2 worlds. Andre (1994c)
contains more detailed analysis of these results. Ore
successful individual on the 8x8 worlds with 20 golds
evolved to use a memory scheme similar to that used by the
solution discussed for the 4x4 worldslt uses a T to

a gold, and a '0' to represent a non-gold.After
digging each gold, the comesponding cell is reset to
a'0', so no multiple digs occur. The individual is provably
a comect solution for all 8x8 worlds, with any gold
distribution, even though it had been trained on only 30
worlds with 20 golds in each.

Overall, the experiments indicate that the MAPMAKER
method can successfully evolve individuals to solve the
gold collection problem. Many of the solutions were
completely general - they extended perfectly to any number
and amangements of gold in their world, even though they
were trained on a small subset of the possible worlds. In the
case of the 8x8 world with 1 gold per world, an individual
evolved that produced optimal plans of action for obtaining
the gold. Many different representation systems emerged;
these are shown in Table 4. All of these
schemes are evolved models of the world; importantly, these
models differ from the models evolved in the previous work
with the MAPMAKER architecture (Andre 19%4a) in that
the exact mapping between and the world is
evolved, rather than forced by the function set. Many of the
solutions involve a direct mapping, but several utilize
offsets, translations, or of cells that ae more

general solutions will evolve even if the direct mapping is
prohibited by limited memory damage (Andre 1995).

Thus, MAPMAKER can evolve programs to control a
simple agent that uses indexed to store information
and then uses this information to create simple plans.

8 Comparison to Random Search

Many researchers, when first encountering [
algorithms, often wonder if the results are due to a modified
version of random search. Although Koza (1992) hes
shown that genetic programming much better than
random search for many problems, it is important to rule out
random search as a possibility for MAPMAKER's success.

To ftest this possibility, twenty million random
individuals that followed the MAPMAKER architecture
were created and evaluated on the 8x8 worlds with 20 golds
per world. This version of the gold collection problem wes
chosen because it required the least computational effort to
solve for MAPMAKER using genetic programming, and
was thus felt to be the easiest
19%c for more explanation).
million randomly individuals only collected 56
golds out of 600, and incurred 3 penalties for digging on
squares with no golds. The individual did store some
information about the world; an 11 was stored in some but
not all squares with gold. . Although the map-user looked
at several memary locations per world, the map-user used a
different 'language’ than the as to when it
expected a gold, and thus , failed to correctly plan its actions
even for the golds that were stored in its memory.

In comparison to the twenty million individuals that were
evaluated for random search, which found only a 9% oomect
solution, MAPMAKER required in than six
hundred thousand individuals to find a 100% ocomect
solution on the 8x8 worlds with 20 golds per world.
Random seach thus seems unable to discover, in any
reasonable amount of time, the cooperation between the
mapmeker and the map-user, the of a shared
representational system, and the programs to control both
moglul&s that are all required to solve the gold collection
problem.

complex. In addition, preliminary research indicates that
Memory Cell 40 : 35 Simplified Code:
Output Plan:
an : MapMaker:
1] {Jurp 24), D
L P 24, Dig {PutMem 0 (GoldPos))
N MapUser;
HEswunen: {RDFU2 1)
E_ Memoary Cell #0 - 47 ADFU #1:
Output Plan: {Dig)
(Jump 36), Dig ADFU #2 -
ThITH (ADFU1 {Jump {sub (ReadMem 0; 11}))

Figure 4. Behavior and simplified code for successful individua! on the 8x8 world with | gold.
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World 5&: Gold Per World | Representalion Method Symbols

2x2 2 Store symbol in Mem[Location] NoGold ="I'or '13", Gold = '¢"

2x2 2 Store symbol in Gold ="1"
Mem [Location-to-Leaft-of-Current]

4x4 g Store symbol in Gold =1, No Gold ='0', BeenHere ="11",
Mem|Location] Starting-Location = '21'.

8x8 1 Store Location in Mem[ 0 ] Gold's position is in Mem[0], No Gold = '¢*

8x8 2,3,20 Store symbol in Mem|Location] Gold ='l", No Gold =0’

Ex8 20 Store symbol in Mem|Location-1] Gold =14, No Goid = 0 or ‘4’

Table 4. Several representations that emerged

9 Conclusions

This paper has presented MAPMAKER, a method for the
automatic generaton of programs that obsenve their
envionment, store information, and then later use this
information to formulate simple plans of action. The
experiments with the gold collection problem indicated that
MAPMAKER with genefic programming could generate
solutions that were generalizable, robust, and in some cases
optimal solutions to the problem. Future work will examine
more complex representational schemes, more  difficult
problems, the possibility of memory structure that itself
evolves, and cooperation among multiple agents.

The gold collection problem is, of course, a toy problem,
and the solutions generated by MAPMAKER ae not
exemplary in and of themselves. However, what is
noteworthy is that the solutions were aeated automatically
through the artificial evolution of programs following the
MAPMAKER architecture. The MAPMAKER architecture
was successful at generating agents that discover information
about their envionment, encode this information for later
use, and create simple plans using the stored mental models.
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