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ABSTRACT

This paper presents a study of differ-
ent methods of using incremental evolu-
tion with genetic programming.
Incremental evolution begins with a
population already trained for a simpler
but related task. No other systematic
study of this method seems to be avail-
able. Experimental evidence shows the
technique provides a dependable means

Incremental evolutiortermed by Harvey et al. (1994), has
been used with various evolutionary learning methods to
solve complicated problems which may have intrinsic chick-
en and egg dilemmas. Rather than using a randomly-created
initial population, incremental evolution begins with a popu-
lation already trained for a simpler but related task. A compli-
cated problem is attacked by first training for a simplified
version of the problem. Then the difficulty of the problem is
incrementally increased by modifications of the fitness func-
tion or the training parameters and training continues.

The contributions of this paper are three-fold:

e The existing evolutionary learning technique of incre-

of speeding up the solution of complex
problems with genetic programming. A
novel approach that protects against
poor choices of problem simplifications

mental evolution is applied to GP. This is shown to
increase performance at complicated tasks.

This paper presents a systematic study of incremental
evolution, in particular for a target tracking task. No

such study of the technique currently exists.

A new method for organizing the population when
incrementally evolving a problem solution is proposed.
This method ofmixed incrementslecreases the user's

effort in applying incremental evolution without hurting

performance.

Incremental evolution is used to discover strategies for
tracking a moving object with a camera mounted on a pan-tilt
unit. Performance at the tracking task is measured based on
tracking error, the average distance of the object from the
center of the field of view over a period of time. In one exam-

dilemmas A chicken and egg dilemma occurs when theple, ten runs wi_th standard GP achieves an average tracking
interaction of multiple behaviors aids in the performance of€/T0r of 9.690 pixels. After the same number of program eval-
the task despite the fact that none of the behaviors individu4@tions, ten runs with mixed increments and incremental evo-
ally increase performance. For instance, no performanc'uuon achlevgs an average Fracklng error ofO.C_)?S plxelg. T_he
advantage exists for a program which writes to memor&performa‘nce improvement is shown to pe statistically S|gn_|f—
without a later memory read. Likewise, no advantage idcant. This paper proposes the use of incremental evolution

gained by reading from memory unless something useful haWith the novel modlflcat_lon of mixed increments when at-
been written there. Yet the two behaviors interact to makd€MPting to solve complicated problems.

time-varying actions or responses to time-varying inputs ~ 1he rest of the paper is organized as follows. Section 2
possible. Experience shows that GP can learn memorPrésents previous work with incremental evolution. Section 3
usage, but what about more complicated activities? Whadetails the use of incremental evolution and presents a num-
about problems where the chicken and egg dilemmas hawPer of possible configurations. Section 4 explains the general
more depth or multiple dilemmas exist? Chance rather thaParameters for the experiments and how the results are ana-

problems, and chance can be fickle. the target tracking task and Section 6 presents the experimen-

tal results. Finally, Section 7 concludes the paper.

is proposed, improving performance.
Testing performed on tracking problems
of multiple stages is analyzed.

1. Introduction

Some researchers in the field of computer learning haw
expressed skepticism that genetic programming (GP) wil
scale up from toy problems. This concern comes in part fron
the difficulty of solving problems witkchicken and egg



2. Previous Work simpler but related task. A complicated problem is attacked
by first training for a simplified version of the problem. Then
While a number of researchers have used incremental evolyne difficulty of the problem is incrementally increased by
tion with various evolutionary learning methods, there seems,qifications of the fitness function or the training parame-
to be no general comparison of different implementations ofers The advantages of this method are as follows.
the technique. (1) Chicken-and-egg dilemmas may be reduced by
Harvey et al. (1994) use incremental evolution to train ro-directly solving portions of the problem along the way.
bots to move towards a white triangle on a dark background, (2) The fitness function for the final problem may be
but not towards a similarly-sized white rectangle. The robotseduced in complexity. Or if the complexity is not reduced,
are first trained to orient themselves to face a large white recthe progression of training makes it less likely that any
angle. Then the target is changed to a smaller white rectanglgeaknesses in the final fithess function will be exploited.
and robot pursuit is tested as this target is moved. Finally, (3) Fewer evaluations may be required when training for
training focuses on the actual task of interest, which includeshe simplified problem, making it less costly to reach a given
not moving towards the very rectangles the robots have akeve| of performance on the complete problem.
ready been trained to pursue. Comparisons made to those (4) The programs evolved by incremental evolution do
trained from scratch find incremental evolution providesnot perform worse than those found by training from scratch.
more robust solutions. (5) In many cases, the performance for programs trained
Nolfi et al. (1994) use incremental evolution to train con- with incremental evolution is statistically superior to those
trollers for robots. Maneuvering physical hardware in realtrained with standard GP.

time makes training with robots prohibitively expensive. — .
However, any simulation of the robot uses an approximatg'l An alternative: Fitness-based shaping

model, which simplifies the noise and environment and carf\N alternative method of solving complicated problems con-
influence learning. This research finds significant degradaf@ining chicken-and-egg dilemmas is to guide or shape the
tion in performance when solutions trained in simulation ard€arning process through the fitness function. Any steps or
transferred to physical hardware. Training the simulation100Is considered necessary can be directly rewarded. How-
evolved controllers for a few generations with the actual ro-€Ver, this presents some major problems:
bots raises the real-world performance to simulation levels.*  The burden of effort is being shifted to the user who
Beer and Gallagher (1991) use a technique that may be mu§t design a compllca_ted fltn_ess function. One of the
confused with incremental evolution to evolve controllers for ~ Main advantages of GP is that it enables the computer to
locomotion in simulated hexapod robots. A controller trained ~ SC!ve problems without being explicitly told what to do.
from scratch is compared to a controller trained in two steps. When the user must specify steps along the way, this
In the latter case, the single leg controllers are first trained ~ &dvantage is diminished. _ _
and then complete motion is trainedth the single-leg pa- The user may incorrectly decide some behaviors are
rameters held constarithis alternative method results in so- necessary. In the worst case, the behaviors rewarded
lutions which are not as robust as those trained from scratch, May in fact make the problem more difficult. _
In true incremental evolution, the single-leg parameters ~COmplex fitness functions may result in interactions
would continue adapting during the second phase of training. ~ Which reward undesirable behavior. The exact effects of
This paper presents a study of the different methods of in- complicated fltne_ss functions are difficult to predict.
cremental evolution described in Nolfi et al. (1994) and Har- ~ D€generate solutions may result.
vey et al. (1994), as well as some alternative methods. Mixed For a complicated fitness functlt_)n, it may be necessary
incremental training, which is discussed more formally in the to evaluate th? program many times to_get an accurate
next section, differs significantly from the methods in these ~ measure of fitness. Program evaluations have been
previous works. Standard incremental evolution begins with shown to do_mmate_ the_ computational cost of GP, so
a population already trained on a single task that is simpler extra evaluations will raise the overall cost.
than, but related to, the task at hand. In mixed increments3.2 Incremental evolution for problem solving

multiple populations trained on a number of simplified tasks|ncremental evolution provides a means for solving compli-
are combined to create the starting point. This new techniqugated problems with evolutionary learning techniques. The
is shown to be robust against poor choices of simplified taskssomplicated problem is first divided into incremental pieces.
. For many problems, these divisions are intuitive. The pieces
3. Incremental evolution may be steps required along the way to completing the entire
Incremental evolution has been used with various evolutionsolution, relatively independent dimensions of the problem,
ary learning methods to solve complicated problems. Rathe®" merely various problem simplifications. The complete
than using a randomly-created initial population, incremenfroblem is solved by training the population of programs
tal evolution begins with a population already trained for aincrementally, as the problem definition is gradually altered.



From another point of view, the population for each trainingber of generations requires a good knowledge of the problem.
run is initialized with a population already trained on a sim-The user may have to observe some initial runs to formulate
pler, but related task. an intelligent choice of the generation parameter. In fact, a
Deciding how the problem should be divided or simplified single value may not be appropriate as some problems may
is an extra task the user has to perform with incremental evoexhibit wide variance in the number of generations required
lution. In exchange for this extra effort, the user receives a soto achieve comparable performance.
lution for a lower processing cost. In some cases, the extra Training until a performance score is reached is more in-
effort may even make an apparently unsolvable problentuitive than training for a fixed number of generations. This
solvable. approach ensures some desired level of performance in the
Consider a tracking problem where the goal is to keep #@opulation, while limiting the amount of training past that
moving object centered in the camera’s field of view. Maybepoint. Training for too long may lead to overfitting the incre-
10 different velocities and 20 different object positions arement or convergence of the population, either of which may
deemed necessary for a general solution. Solving this prollamage the population with respect to the complete problem.
lem with a complete fitness assessment (testing each of thEhe fitness score parameter in these performance-based in-
velocities and image positions) requires 200 evaluations petrements may be specified as a raw number. However, this
individual per generation. In incremental evolution, the ve-parameter is more naturally specified as a percentage of the
locity may first be held constant while only the initial position maximum score or a tolerance bound on the maximum score,
is varied. In this case, 20 evaluations per individual per genfor a “partial” or “complete” solution, respectively.
eration are required for the first increment. Tra_ining on t_he3_4 Population organization
complete problem from scratch for 100 generations require
20,000 evaluations per individual. Training with incremental

evolution for 100 generations on the simplified problem re- . inais b h ht of and impl d
quires 2000 evaluations per individual, or 10 generations opemetic grouping is best thought of and implemented as a

training on the complete program. The population is nomﬂeneral'zat'on of the standard gnleldeq p_opulatlon.
partly tuned to the problem at a low computation cost. FoPeme“C grouping has been used with GP to limit premature

such multi-dimensional problems, incremental evolution carfONvVergence of a population and can easily be adapted for

save a lot of processing effort use with incremental evolution. In demetic grouping, demes
The incremental alterati0n§ to the problem can be imple2" islands’ of programs develop fairly independently of each
. : P P ther. Within each deme, the normal methods of selection

mented through the fithess function or the problem parame: : . .
; i . . are used with the standard genetic operations. However,

ters. A complicated fithess function representing the :
. S these operations are not performed across demes. One new

complete task may be progressively simplified to create theenetic operation is added when using demetic arouning:
initial problem increments. This should avoid some degener9 b 9 grouping:

ate exploitations of the complicated final fithess functionm'g’]r"’1t|0n In migration, an individual is directly copied from

: : . . .gne deme to another. Demetic grouping allows GP to search
since any weaknesses due to reward interactions will not exist . : ; )
. 0 : : : ) multiple areas of program space in unison, avoid premature
in the simplified versions of the fitness function. Or a simple

! : ) . . . convergence, and perform computations in parallel.

final fitness function, free of exploitable interactions, may A h ) fd i . be imol ted
have rewards progressively added to encourage specific be- rough version ol demetic grouping can be implemente
haviors in the initial training runs. In the tracking problem, as part of incremental evolution by completely restricting the

the fitness function remains unchanged throughout all of th@'grf”mon between .demes durlng_ the |r_1|t|.al mcrement of
training. In the later increments, this restriction is relaxed. In

training. The task is incremented by varying the problem paé_he extreme, the populations are completely combined. This
algorithm can be implemented with GP code that does not al-
o o low demetic grouping by initially training separate popula-
3.3 Termination criteria tions and then combining them when the problem definition
Without considering any particular problem or method ofis incremented.
dividing a complicated problem into pieces, there are a num- The major advantage of using demetic grouping with in-
ber of methods for performing incremental evolution. Termi-cremental evolution is that the population’s convergence to a
nation criteria and organization of the population aresingle area of program space during the initial increments of
controllable parameters which determine the various incretraining is limited. Variance in the population enables evolu-
mental methods. The expected trade-offs involved in differtionary learning to occur, as the differences in the population
ent termination criteria are described in this subsection.  are amplified by selection. However, the act of training itself
The initial increments of the training can be terminatedcan cause population convergence. Training with demetic
based on generation count or fitness measure. This differgrouping should counteract any convergence that may occur
from standard GP only in that training will then continue with during the initial training increments, and enable quicker
an updated version of the problem. Training for a fixed num-learning in the later increments.

?’he organization of the population falls into two major cate-
gories: standard undivided population atemetic grouping

mentation are the most amenable to incremental evolution.



Demetic grouping is normally performed with a single di- test can be performed at various significance levels, these lev-
vided population. The rough version of demetic groupingels indicating the probability that the null hypothesis is reject-
previously described enables some interesting options to bed in error. The test assumes the samples being compared are
examined. For instance, two demes can each include as madyawn from Gaussian distributions, and the significance level
individuals as the final population, if some sort of selection isindicates the amount of overlap in the tails of the density
used to draw individuals from these demes. This methodunctions. This paper performs tests at both the 0.05 and 0.01
combines the better performance of a large initial populatiorsignificance levels to obtain accurate assessments. The as-
with the lower computation cost of a small population as thesumption of Gaussian distributions for these results may not
programs later grow longer. be completely valid, for most ten-sample sets appear vaguely

Another technique unigue to incremental evolution with Gaussian.
th?s for_m of demetic grouping i_s _cgllerdixed incrementdn 4.2 General GP parameters
mixed increments, each deme initially attempts to solve a dif- .
ferent piece of the problem. This allows multiple portions ofTable 1 shows the complete tableau for the experiments.

the problem to be trained at the same time. In the training thaMSlt"ltree mO(J(Ijlf:c_(:a:jt!()tr;]mean_s that all the troelzes ";] thetlnd|-t_
follows, the two populations with different training back- V/C4&! aré modiii€éd: tnhé main program and each automatl-
grounds not only compete for supremacy, but adopt and ada 9lly-deflned function (ADF). In crossover, this is performed

each other’s strategies. The hybrids which result are likely t y select!ng a single ‘mother program. A different ‘father
perform better than either of the populations on their ownProgram is selected for each of the trees, and the subtree cut

The user is no longer required to order the increments of th om the father replaces the subtree cut from the mother. In

problem for training; only problem division is needed. How-t € gl:ernr?tlve, sw;}gleh-iree mO(iltlﬁca;IOﬂ, random selection is
ever, this method may be inappropriate for some methods gfSed o choose which tree 1S altered.

dividing the problem. Table 1 Tableau for all experiments
Objective Center an object in the image
4. MethOdOIOgy Function set NEGATE + ,— , x , + |
This section presents the methodology used for the experi- MIN, MAXMIN3, MAX3 ADD3
ments. The baseline training methods of standard GP are MULT3 IF_POSITIVE_ELSE
briefly explained, followed by the test of statistical signifi- Terminal set constant€, 0.1 , ..., 1.9 and
cance used for comparing the baseline methods to those pro- 10,20, ...,100 .
posed. Subsection 4.2 explains the parameters used for X, the input variable.
genetic programming. The final subsection presents the con- - -
figuratioﬁs of incremental evolution tested ir? this study. Memory 2 vana_bles, with rea®(, R1)
) o and write (WQ W1 access.
4.1 _Base“ne training methqu_ ] ADFs One with one argument and
The different methods of performing incremental evolution one with two arguments.
discussed in Section 3 are systematically compared to the — -
more standardraining from scratch In training from Fitness See section 5.
scratch, the population is trained for the entire complex |Parameters Population: 5 demes of 100 ingi-
problem starting from a random initialization. This method viduals each.
is expected to achieve adequate solutions and is used as a Tournaments of size 5.
baseline for comparison. 10% Mutation rate.
Since the population is initially trained on pieces of a larg- 2% Migration rate.
er problem, testing should be performed on the programs re- 30% Terminal selection rate.
sulting from this initial training. If programs evolved on a 90% multi-tree selection rate.

piece of the problem solve the entire problem, then continued The experiments are performed with a GP tool which runs
training is unnecessary. The strategy of training on only ongteady-state genetic programming. Steady-state GP is a mem-
portion of the problem is tested aaive dimension reduction  ory-saving method of performing GP. Standard GP requires
This method is expected to quickly achieve solutions whichthe storage of two populations: the current population upon
perform well on the simplified problem, but do not transfer which the genetic operations are being performed, and the
well to the complete problem. next generation into which new individuals are being written.
Due to the small number of samples availal8&jdent's  Steady-state GP uses only one population. After a new indi-
one-tail t tes{Naiman, 1972) is used in the comparison of re-vidual is created, the selection technique is used to find a
sults. The null hypothesis that the performance is the same fqoorly performing program in the current deme or popula-
any two methods is rejected only if there exists sufficient station. The poorly performing program is replaced by the new
tistical evidence that one method outperforms the other. Thindividual. The genetic operation of reproduction is implicit-



ly carried out, so only crossover, mutation, and migrationthe scene and locates the center of mass of the object. Seg-
have to be explicitly performed. mentation is simplified by using a black rectangular object set
4.3 Incremental evolution parameters ona wh|t_e ba_cl_<ground. The image position of center pf mass

. ) of the object is input to the learning system. The learning sys-
The following methods and parameters are used in the eXpefa gytput is then issued as a maneuver command to the pan-
imental study. The results are compared based not on thg: it The tracking cycle repeats with the next image grab.

generations of training, but on the number of résponse-propring training, only a small number of image grabs and as-
ducing evaluations per individual. This comparison does Notiated camera movements are tested.

account for the re-use of pre-trained populations, but is a fair

companson.for the first attempt at §9Ivmg a problem. proximately 3 to 30 feet. In both training and testing, the ob-
Problem incrementsThese simplified problems represent ject is constrained to move in the plane of the image. The

only one dimension of the complete problem. These dimeng,cking problem is simplified so that only horizontal (pan)
sions are tested with a tighter sampling than the completgi action tracking is trained.

problem requires in the hopes of achieving a more robust so-
lution. Since only one dimension is being tested, this sam

The distance from the camera to the object ranges from ap-

Goal Output the command which, when issued to the
. g ) . pan-tilt unit, centers the object in the image. The first move is
pling represents negligible extra effort in terms of solving '[henot scored, so the camera can use this move to estimate the
complete problem. depth or velocity of the object without incurring a penalty.

Generation incremental trainingTraining on one prob- Anytime the object moves out of the image window, howev-
lem increment for 50 generations before training on the comg, "0 position is reported as zero.

plete problem.
Performance incremental training raining on one prob-

Performance is measured as

lem increment until some performance measure is reached 1 oMon M
and then training on the complete problem for 50 generations. m(n=1)= > 0> f(M-dj )% )
The performance measure is either seven-eighths of the max- q =1H=2

imum fitness score, or a score within 5 points tolerance of thevherem is the complete number of different initial condi-
maximum score. These are considered “partially” and “com+jons as starting position, distance from camera to object, and

pletely” solved, respectively. object velocity are variedy  is the number of camera move-

Demetic incremental trainingTraining on one problem : o ) : :
increment with two independent populations for either 50ments over which the tracking is performed; ahd is the dis-

generations or until a specified performance level is reached@Ce (in pixels) from the object's position in the image to
Each of the two populations trained on the first incrementhe center point of the camera’s field of view. The function
contains 500 individuals. After the initial increment, two pop- is defined as

ulations containing a total of ten demes of 100 individuals W2 x>0
f(x) = { ’

each have to be reduced to five demes of 100. In these exper- i
0, otherwise

. s )
iments a new 5 deme population is created by randomly se-

lecting two demes from one of the populations and threeaynd M is some maximum distance from the center of the
demes from the other. A performance-based selection woulge|q of view (in pixels), beyond which the reward is zero.
result in a more fit initial population, but at the cost of extra This formulation allows fitness scores to fall in the same

evell\l/lgatlcc;r_]s. al trainingTraini o ind dent range for all values afh  and
ixed incremental trainingTraining on two independen For these experiments] = 50 amd= 4 . The value of

populations for the two different problem increments. This o :

" o : . e m depends on the specific problem increment. The complete

initial training lasts for 50 generations or until a specified per- S . . L e
oblem is divided into three increments: object position in

. . . r
formance I.EVEI IS _reached._The population |s_re_zduced from teﬁw image, object depth, and object velocity. This divides the
demes to five as in demetic incremental training.

problem into three relatively independent dimensions.
5. Target tracking task Incremental evolution uses multiple training runs to dis-
cover strategies for the complete problem. For instance, the
The previous section defined the genetic programmingnitial population may be trained to position the camera when
parameters for solving a general problem. Except for the fityelocity and object depth are held constant. Then the result-
ness measure and the function and terminal sets, all of thgg population may be trained for various initial positions and
parameters discussed do not depend on the task itself. Thiject depths while velocity remains constant. Finally, the re-
section presents the details of the target tracking task. sulting population may be trained on the complete problem.
The target tracking task attempts to keep a moving object These experiments are performed with three different
centered in the field of view of a camera mounted on a pan«complete” tracking tasks. Three different problem incre-
tilt unit. The camera grabs a 120 by 160 pixel binary image ofments, defined below, are used for the initial training. In these



experiments, the tracking task is simulated, using parametever ten runs, and the minimum and maximum bounds are
obtained from the physical pan-tilt unit. also displayed. The x’s show the positions where the training
All of the complete problems examined require some sorteaches seven-eights of the maximum score and the o’s show
of memory usage for a perfect solution. The differences bewhere the score breaks the tolerance range of 5 points of the
tween inputs at different time steps contain the informationmaximum score. The evaluation count is the number of eval-
necessary to track objects at different depths or velocitiegiations per individual in the population, and represents 50
The calculation of these differences requires memory, s@enerations of training in all cases.
these tasks have at least one chicken-and-egg problem
Complete problem Position_Deptbnsiders initial image
positions{—75, -65 ..., 75} for an image that is 160 pixels
in width. The depth of the object is characterized as
{15 2 2.5...,9} . The object is stationary throughout

3000

= N
o =]
S S
S S

Best fithess

training, som = 256 for the complete problem. 3002" looo 2000 g‘;ﬁ’uaﬁon é‘ﬁ? so00  eoo0 (@
Complete problem Position_Velocitgnsiders initial im- p

age positions{—75,—65, ..., 75}  for an image that is 160 £2**%} - === e B

pixels in width. The depth of the object is characterize®as . §100p

The VeIOCity Of the image Of the ObjeCt iS 00 2060 40‘00 60‘00 80‘00 10(;00 12600 (b

{-60,-5Q ...,60} and is held constant over every four- 5, ‘ ‘ Evaluation count

move training. San = 208 for the complete problem.

Complete problem Velocity Deptbnsiders initial image
positions{—75, 75 foranimage thatis 160 pixels in width.
The depth of the object is characterized as o 2000 4000  eoo0  sooo 10000 12000 (C
{1.5 2 2.5...,9} . The velocity of the image of the object Evaluation count

is {~60,~-50Q ..., 60} and is held constant over every four- £iq e 1 Average best-of-generation performance scores
move training. San = 416 for the complete problem. on (a) increment Position Only, (b) increment
~ Problem increment Position_Onlyhe initial image posi-  pepth_Only, and (c) increment Velocity_Only. The solid
tions in the range{ —75,~70, ..., 75} are trained, while the ¢yrye represents the average score, while the dashed lines

velocity is held constant at zero and the depth parameter i|%present the minimum and maximum over the ten runs.
held constant at 5. For problem increment Position_Only,

m = 31.
Problem increment Depth_Onlyhe object depthsinthe 6.1 Incremental training termination
range{1.5 1.75...9} aretrained. The velocity is held con- As discussed in section 3.3, the two main methods of speci-
stant at zero, and the initial positions ¢+75, 75} are usedfying the criterion for terminating a training increment are
For problem increment Depth_Oniy = 62 . generation count and performance threshold. The experi-
Problem increment Velocity_Onlyhe image-viewed ve- ments in this section compare the performance obtained
locity of the object in the range{-60,-55 ...,60} s using these two methods for a number of problems.
trained. The depth parameter is held constant at 5, and the ini- Figure 2 compares the results for training with demetic

tial positions of{ —75, 75} are used. For problem incrementgrouping on complete problem Position_Depth using differ-

Best fitness
= N
o o
o o
o o

o

Velocity_Only,m = 62. ent termination criteria for the initial training increment. In all
6. E . t three cases, the first increment of training is for problem in-
. xperiments crement Position_Only. The problem increment is considered

This section begins with a systematic study of the effects o§Ompletely solved as soon as any program in the population
final performance of two different parameters of incrementafchieves a performance score within 5 points of the maxi-
evolution: termination criterion for the initial increment and Mum score. A partial solution requires a score that is seven-
population organization. Training from scratch is compareceighths of the maximum. The maximum score in these exper-
to naive dimension reduction to show empirically that theiments is 2500, so a complete solution requires a score of
dimensions of the problem are not artificial constructs.2495 and a partial solution a score of 2187.
Finally, programs evolved with incremental evolution are  Training with a performance-based termination criterion
compared to those evolved with standard GP. results in programs that visibly outperform those trained with
The initial training increments are always one of the three2 generation-count termination criterion. A statistical test re-
described in the previous section. Figure 1 shows the averad@cts the hypothesis of equal performance at the 0.01 signifi-
best-of-generation performance scores for training probler§ance level. The same rejection rate results when a standard
increments Position_Only, Depth_Only and Velocity_Only Undivided population is used instead of demetic grouping.
over the period of training. The average score is compute&Or this problem, terminating the initial increment when a



specific level of performance is reached improves the perforthat is tested here completely separates the two populations
mance of the resulting programs. during the first increment of training and then uses a 2% mi-
An examination of Figure 1 can show why this is the casegration rate when the complete problem is being trained.

Training on problem increment Position_Only results in a 2600
quick solution, well before 50 generations of training. The
subsequent training overfits the programs to the initial train- ;.|
ing increment and reduces the variance in the population. The
choice of 50 generations of training in this case is too large, a0l
and the results are obvious. ~ - 50 Generations

— Partially solved

2200
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Figure 3 Comparison of termination criteria with com-
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o
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1950

_ 50 Generations plete problem Position_\Velocity.
1900} | - s:::l:{tiloyl\f:‘:ved 8 The first test compares the results of training with 2 differ-
ent methods of organizing the population: standard undivided
1850 1 2 Ea‘l . Al 5 6 7 population and demetic grouping. In both cases, problem in-
vestomconm x1o' crement Depth_Only is trained for 50 generations before the
Figure 2 Comparison of termination criteria with com- task is incremented to complete problem Position_Depth. In
plete problem Position_Depth. demetic grouping, both demes train on the same problem in-

Trainina on broblem increment Velocity Onlv. on the crement. No statistically significant difference exists between
other rllalné3 resuFI)ts ina alrtial solution in orl1ly_one )c/:else beforthe two organization schemes. The demetic grouping resuts
' P y to not lie far enough above the standard undivided population

the 50th generation. In the other 9 cases, more trainingisr esults to reject the equal performance hypothesis.

quired to achieve even a partial solution. Figure 3 shows the Training on problem increment Position Onlv with either
results for training with a standard undivided population on ingonp Ny )
complete problem Position_Velocity when the first incre- generation-count or performance-based termination gives the
L — . . same results. The demetic curve lies above the single popula-
ment of training is on problem increment Velocity_Only. . . . :
g P Y_ENY- tion curve, but not with enough difference to reject the hy-

For this _prok_)Iem as yvell, training with a perfor_mance- othesis that the same performance is being observed from
based termination criterion outperforms a generatlon—courﬁoth methods

termination criterion. As before, the statistical test rejects the ~ _. - .
) Figure 4 compares the results for training with a standard

equal performance hypothesis at the 0.01 significance Ievel'ndivided opulation and mixed aroupina. In the latter case

Using the performance-based termination criteria improveﬁ1e WO zefnes are trained gon pdif?érent increments:

the performance of the resulting programs, this time muc - : L
P uiting prog S u kfi’osmon_OnIy and Velocity_Only. In all cases, the initial

more dramatically. - : - . .
. . . . aining is terminated at partial solution (when a fithess score
Figure 2 might seem to suggest that a population traine f 2187 or higher is reached). Then the two populations are

02rﬁger’gsltf;rf;?;ntﬁglt';a (;?tr;qa?lse;?u?i()()lztig?()ﬁ:\?jurllr? % Létt'combined, using the algorithm explained in section 4, for
P P : ‘training on the complete problem.

after about 15,000 evaluations have been performed, there - . .
. - . The curves in Figure 4 show the main advantage of mixed
exists no statistical evidence to choose one before the other.

. L . ) : rouping: the user does not have to select which problem in-
Only in the initial generations is the advantage of using th S : . :
: - o . . crement to train first. In this case, the choice between incre-
complete solution statistically significant. This result, which

- . ments Position_Only and Velocity Only as the initial
holds for a standard undivided population as well, may be .~ " o L .
. training increment makes a statistically significant differ-

task and increment dependent. L o . S
ence. Training with increment Velocity Only significantly

6.2 Population organization outperforms training with increment Position_Only. Mixed
As discussed in section 3, the two main methods of orgagrouping performs as well as the better of the two alterna-

nizing the population are a standard undivided population antives, but does not require the user to select which training in-

demetic grouping. The rough version of demetic groupingcrement to use. Mixed grouping is the safest population



organization, even if the user is familiar with the problem.tion column, “std” refers to a standard undivided population.
The solutions evolved with GP can sometimes be surprisingThe relationship column specifies whether incremental evo-
making it difficult to accurately predict what will act effec- lution performs better than (>), worse than (<), or equal to (=)
tively as an related task. training from scratch. The final column indicates the range
(in thousands of evaluations per individual) over which the
inequality holds before dropping to equality.
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Figure 4 Comparison of population organization with

complete problem Position_\Velocity.
6.3 Naive dimension reduction training from scratch for complete problem
| Position_Depth.

Naive dimension reduction assumes that training for one )
dimension or increment of the problem will produce a solu- " the two cases where standard GP outperforms incre-
tion to the complete problem. If naive dimension reductionMental evolution, the first increment is trained far past the

performs well, no further training is necessary. Success witfpoint of solution. This has not just overfit the solution to the

this technique implies the intuitively-selected dimensions ofifaining increment. It has allowed the population to converge
this problem are not actually independent. to a small portion of program space, with devastating effects.

Figure 5 compares naive dimension reduction to trainindn the cases cited as having equivalent performance, the fit-

from scratch for complete problem Position_Depth. Trainingness curve of the incrementally evolved solutiop Iie§ above
from scratch performs better than both cases of naive dime 'he.culrlve for fsf,jtandard GPH Howevelrl, the separation is not sta-
sion reduction before many generations of training havd'Stically significant over these small training sets.

elapsed. By the end of training with naive dimension reduc-Table 2 Comparison of incremental evolution and

Figure 5 Comparison of naive dimension reduction to

tion, the results are poor enough to require the rejection of thtraining  from  scratch for complete  problem
hypothesis of equal performance. In the training incremenPosition_Depth.
Depth_Only case, this rejection is made at the 0.01 signifi- Initial Term.| Pop. Relat Sig. Ranad
cance level. Similar results hold for complete problem Inc. crit. | org. | level 9
Position_Velocity. . _ Position_Only solve| demle >| 0.d1 [0,1F]
Training with naive dimension reduction does not work as — I 3

well as training on the complete problem. The conclusion can Position_Only part eme >/ 001 [03
be drawn that the dimensions along which these problems are |Position_Only solve| std >| 0.0p [0,10]
divided are actually independent. These three dimensions [pgsition Only part | st >| 0.06 [0,7]
hold different types of information and all need to be trained. —

) ) Depth_Only | gen50 deme = full
6.4 Incremental evolution experiments —

) _ i _ ) Depth_Only | gen50 std = full
Different configurations of incremental evolution are com- — I . T
pared in the previous subsections. These comparisons allow |Position_Only gen5p deme < 0.01 fu
the selection of higher performance algorithms for incremen- | Position_Only gen5p std <| 0.01 full

tal evqlution. T_his subsection compares these incremental Tgple 3 displays results in terms of tracking error (in pix-
evolution techniques to standard GP. els) for the complete problems. The training set and two dif-
Table 2 specifies the relationship between performancgerent interpolation sets are tested. “Int. A” denotes values
obtained by incremental evolution methods and performancgained in the initial increment but not in the complete prob-
obtained by training from scratch. In the population organizajem, while “Int. B” denotes values which have never been



trained. The letter in parentheses in the configuration columishould eventually be able to recover from a poor choice of in-
specifies the initial training increment. cremental training.

The solutions trained from scratch are shown to be so ro- In section 3, four problems were mentioned with using the
bust to interpolation values that no program can do betterfjtness function to reward specific steps considered neces-
only as good. Performance on interpolation values is actuallgary: additional user effort, poor decisions on reward, fithess
better than the performance on the training values. Most ofunction interactions, and more evaluations. Incremental evo-
the solutions trained with incremental evolution show a sim-ution does not solve these problems, but reduces them:
ilar trend. A few, such as the final entry of the table, howeveres  The user must do more work than with standard GP: the
do show a decrease in performance when working with un-  problem must be divided and the training increments
trained values. These less robust solutions do not occur in  implemented. However, mixed incremental training
most cases, and performance does remain above that evolved lessens the effort by reducing the cost of a poor choice
from scratch. of problem increment.

e The user can still make poor reward or problem division

Table 3 Comparison of tracking errors for the training e ) - "k
decisions, but mixed incremental training keeps these

set and two interpolation sets.

_ . Tracking error (pixels from affecting the_ entire result. _
Problem Configuration i i i * Incremental training can be formulated to avoid degen-
train | int. A| int. B erate solutions due to fitness interactions. Increments
Position_| from scratch 3.886| 3.171 3.18Y implemented in problem parameters do not require com-
Depth  [5en50 (Depth), denfe 3.83] 3.246  3.229 plicated fitness functions. .
n * Incremental training requires fewer costly evaluations to
part (Pos.), std 3.533 2936 2.920 achieve the same level of performance as standard GP.
Position_| from scratch 9.690| 9.166 9.566 The solutions found in this research have overcome at
Velocity part (Vel.), std 0075 0098 0.755 Ieast one (_:h_icken-and-egg diler_nr_na, memory usage, Without
. = being explicitly rewarded. For difficult problems where effi-
part (Pos.), std 9.839 9.154 9.831  (ientsolutions to chicken-and-egg problems are required, in-
Depth_ | from scratch 22.55[1 21.130 21.760 cremental evolution with mixed increments is worth using. In
Velocity part (Vel.), std 16.450 185492 192b2 the best cases, performance is dramatically increased.
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Mixed incremental training, introduced in this paper, is
the safest choice for any user, especially one unfamiliar with
GP and the particular problem being trained. For some prob-
lems, intuitive simplifications do not seem to capture the es-
sence of the problem well enough to act as ‘related’ tasks.

However, as long as the population retains some variance, it



