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Abstract

This paper analyses the behavior of a hardware implementafi Ge-
netic Programming using Field Programmable Gate Arraysedlkrossover
operators that limit the lengths of programs are analyzedtuAcating op-
erator, a limiting operator that constrains the lengthsaihtoffspring and a
limiting operator that only constrains the length of onespfing. The latter
has some interesting properties that suggest a new methoditig code
growth in the presence of fitness.



1 Introduction

Previous work has described an implementation of Genetig®mming using

Field Programmable Arrays and a high level language to harewompilation

system called Handel-C [6]. This was tested using the XORsgntbolic regres-

sion problems. Further work described a pipelined impleit#on that improved

the performance and demonstrated that the technique ceulddd to solve the ar-
tificial ant problem [7]. In both cases the work concentraiadhe implementation
issues and increasing the clock speed of the implementdtignput to one side
the study of the behavior of the system with respect to stah@#®. Now that the
raw throughput issues have been considered it is time toabdte behavior, and
investigate and analyze some alternative implementasisueis.

Because of limited hardware resources in an FPGA and to Kezplésign
simple and therefore efficient, the maximum program sizexisdfi To ensure
that crossover always generate programs that are shogsrthie maximum, the
crossover operator limits the program size by truncatiregmms that exceed the
fixed maximum. The effect of this decision is investigatedhis paper and then
some other alternative methods of limiting program lengthexplored.

The paper begins with a brief description of the implemeéotedf a GP system
using FPGAs. This is followed by an analysis of the crossamgrator, with
comparisons to standard GP systems. We then consider teroative crossover
operators and analyze their behavior. The analysis is tieussed and finally
some further work is suggested and some conclusions are.give

2 A Hardware Implementation of GP using FPGAs

For a review of previous work using FPGAs in Evolutionary Qarting refer to

[6].

2.1 Description of Handel-C

Handel-C is a high level language that is at the heart of avee compilation

system known as Celoxica DK1 [1] which is designed to compitegrams writ-

ten in a C-like high level language into synchronous haréwdrhe output from
Handel-C is used to create the configuration data for the FRXGdescription of

the process used by Handel-C to transform a high level laygirdo hardware and
examples of the hardware generated can be found in [9]. Hi&hdHas its roots in
CSP and Occam.

The C-like syntax makes the tool appealing to software exgggwith little or
no experience of hardware. They can quickly translate aveoft algorithm into
hardware, without having to learn about VHDL or FPGAs in detdandel-C has
extended the C syntax to support the parallelization of code



2.2 Target Hardware

The target hardware for this work is a Celoxica RC1000 FPGAligpment board
fitted with a Xilinx XCV2000E Virtex-E FPGA [13] having 43,B0ogic cells and
655,360 bits of block RAM, a PCI bridge that communicatesveen the RC1000
board and the host computer’'s PCI bus, and four banks of St&M.

2.3 Program Representation

Handel-C does not support a stack, which means that a sthiréarbased repre-
sentation is not straightforward to implement becauserséou is not supported
by the language. An alternative to a tree representationlireear representation
which has been used by others to solve some hard GP probléndsi@g a linear
representation, a program consists of a sequence of woridb ate interpreted by
the problem specific fitness function.

3 Analysis of the Hardware Implementation

The hardware design uses a linear program representatibnaixed maximum
size. The choice of a fixed maximum size was made to make thagst®@f pro-
grams in on-chip RAM and off-chip RAM efficient and simple toplement. Con-
sequently a method of limiting the program size during aogss was needed. The
first implementation used a truncating crossover. This immared to a second
method of limiting lengths, called the limiting crossoverepator.

3.1 Artificial Ant

This popular test problem was originally described by Jstia [2] and in the con-
text of GP is described by Koza [3]. It involves finding a piangrfor an ant-like
machine that enables it to navigate its way round a trail ofifon a 32x32 toroidal
grid of cells within a fixed number of time steps. In the hardaimplementation
the function setf = {IF_FOOD, PROGN2} wherelF_FOOQODis a two argument
function that looks at the cell ahead and if it contains foeal@ate the first termi-
nal, otherwise evaluate the second termirRROGN evaluates its first and sec-
ond terminals in sequence. The terminal$et {LEFT, RIGHT, MOV E, NOF},
whereLEFT andRIGHT change the direction the ant is facidg©OV E moves the
ant one space forwards to a new cell, and if the new cell costfaod, the food is
eaten.NOPIis a no-operation terminal and has no effect on the ant bucisded
to make the number of terminals a power of 2, which simplifiesiardware logic.
Each timeLEFT, RIGHT or MOV E is executed, the ant consumes one time step.
The run stops when either all the time steps have been us#t ant has eaten all
the food. This test problem was chosen because it is knowe tohard problem
for GP to solve [4].



All the results in this section use the Santa Fe trail, whiak B9 pellets of
food. Each experiment was run 500 times and the average thfeatlins taken. In
all cases, unless stated otherwise, the population siz@24, the maximum pro-
gram length is 31 and all experiments were run for 32 gerarati The maximum
number of time steps for the ant to complete its trail is 10®4aad of the usual 600
time steps. This is because in order to make the logic asesffieis possible, loop
iterators in the design are required to be a power of two. Th#® that by testing
the carry bit, loop termination can be detected without thedito implement wide
comparators which can introduce significant delays intadingn.

3.2 Behavior Analysis

The measurement of overall GP behavior is frequently lichiteplotting the aver-
age population fitness vs. generation. This is shown for tticél ant problem
using the original hardware implementation in Figure 1. sTwill be used as a
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Figure 1: GP Performance of the original design

baseline when looking at changes to the original design. év¥ew when look-
ing for the reasons to explain why a feature of an operatoeprasentation has
an effect, raw performance gives us a very restricted viewvlodt is happening,
and more analytical methods are needed. One such methodamsider one or
more aspects of the internal population dynamics duringna Recently a lot of
work has been done to develop exact schema theories for iGé&tregramming
[11][12], which, among other things, give us a descriptibthe expected changes
in the program length distribution during a GP run. The asitip distribution of
program lengths is important to us because it is a way of coimgpghe sampling
behavior (search bias) of different crossover operatodsraplacement strategies.

Two separate implementations were used during the analysgly, a simple
one that simulated the effects of crossover was used to dimexpected program
length distributions in the absence of fithess. We call thés@P simulator in this
paper. Secondly, the hardware implementation was usedainaiesults both with
and without fitness.

Starting with the GP simulator with a uniform initial lengthistribution and
ignoring the effects of fitness, Figure 2 shows the expeardth distribution for
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generations 0,1,10 and 31. In this case there is no maximogramn size. This
agrees with the results in [12] where the distribution astatigally converges to a
discrete Gamma distribution.
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Figure 2. Program length distribution for standard GP avess using a linear
program representation, a global replacement strategysteady state and a flat
fithess landscape.

3.3 Truncating Crossover Operator

This crossover operator ensures programs do not exceed dkenom program
length by selecting crossover points in two individuals aridom and exchang-
ing the tail portions up to the maximum program length. Cowsss that result
in programs exceeding the maximum length are truncateceandximum length.
This crossover operator was chosen to minimize the amouogaf required and
the number of clock cycles needed. This is illustrated iruFég3. For two pro-
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Figure 3: Truncating crossover operator

gramsa and b that have lengths$, andly,, two crossover pointx, and x, are
chosen at random so that<Oxy < I and 0< x, < l,. The program size limit
iS Lmax After crossover the new lengths ae= min((xa + lp — Xp), Lmax) and
I, = min((Xo +la — Xa), Lmax)-



When the GP simulator is modified to implement the truncatiragsover, the
result is shown in Figure 4 for the flat fithess landscape c@ke.behavior of the
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Figure 4: Program length distribution with truncating oger for standard GP on
a flat fithess landscape.

hardware implementation using the truncating crossoveraipr is shown in Fig-
ure 5. Afeature of these results is that there is initiallgrgé peak at the maximum
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Figure 5. Program length distribution using truncatingss@ver using a linear

program representation on a flat fitness landscape. Fromatialevare implemen-
tation.

program size of 31, but in subsequent generations thelmi§on tends to resem-
ble a Gamma distribution like the one in Figure 2. Howevds itmportant to note

that it not the same Gamma distribution, because the meagomolength tends
to decrease with this crossover operator. The reason isvittathe truncation the
amount of genetic material removed from the parents wheatiag the offspring

may be bigger than the amount of genetic material replatirithie differences be-
tween Figures 4 and 5 are believed to arise because the simu$zs generational
GP, while the hardware implementation uses steady state GP.

When fitness is used, the length distribution changes asrsholigure 6, but
it still retains some of the features of a Gamma distributibhe striking feature is
the large peak at the maximum program length limit which @gpnts 13% of the
total population.



Number of Programs

20 40 60 80 100 120 140

0

(0] 5 10 15 20 25 30
Program Length

Figure 6: Program length distribution using truncatingssmver using a linear
program representation with fitness. From the hardwareemphtation.

3.4 Limiting Crossover Operator

An alternative method of ensuring that programs do not ekdke fixed limit is
to choose crossover points that result in programs thatelmthe program size
limit Lmax FOr two programs andb, with lengthsl, andly, two crossover points
Xa andxy, are chosen so that9 x5 < I3 and 0< x, < |,. After crossover the new
lengths are simply; = Xa+ b — Xo @andlf, = Xp +la — Xa. If 13 > LmaxOr I{, > Lmax
the selection ok, andx, is repeated until; < LynaxAND I < Lmax

This is the approach taken in lilgp when tkeep_t ryi ng parameter is enabled
[14], and other tree based GP systems, to limit the tree depdtthe total number
of nodes in a program tree. When this crossover operatorpgeimented in the GP
simulator the program length distribution changes, as shiawWrigure 7. A feature
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Figure 7: Program length distribution using limiting crogsr operator and a
global replacement strategy on a flat fithess landscape.

of this result is that the mean program length moves towargsler values. After
31 generations, the population size distribution shapeméses the one produced
with standard GP.

When this method of limiting the program length was impletedrin the hard-
ware version, we obtained the distribution shown in Figurtn&ontrast to the GP
simulator the program length distribution remains reabbnatatic between gen-
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erations 1 and 31. In an effort to understand the differemiai®r between the
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Figure 8: Program length distribution using limiting croger on a flat fithess
landscape, from the hardware implementation.

results in Figures 7 and 8 it was noted that the hardware mmghtation required
both of the offspring programa’ AND b’ to be shorter thahmay but that the sim-
ulation only considered one offspring at a time, effectivequiringa’ ORb' to be

shorter. The latter case is referred to as the single-chilihut in the rest of this
paper, and the original the dual-child variant. In the cd¢besingle-child variant,
if one of the programs was larger than the maximum, it was kirdiscarded and
the parent substituted in its place, and if both childrenenlarger than the limit,
the two crossover points would be chosen again. If both whildvere smaller
than the limit, they would both be available as candidatethénnext generation.
When the hardware implementation was modified to incorpotia¢ single-child
variant limiting method, the result shown in Figure 9 wasaititd, closely match-
ing that from the simulation. Again, the difference betw&aégure 7 and Figure 9
is believed to be due to the use of steady-state GP in the haedmplementation.
When fitness is enabled using the dual-child variant, tresdarge bias in favor of
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Figure 9: Program length distribution using limiting crossr on a flat fitness
landscape and the single-child variant. From the hardwapiementation.

longer programs as shown in Figure 10. An interesting anttifdi this graph is the
sharp rise in program lengths for generations 10 and 31 aleongh 15, and the



plateau after length 15. This is likely to be due to the disttion of fitness in the
program search space and can be seen as a form of what is cdyrteramed bloat
[5]. However, when the program length distribution using #ingle-child variant
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Figure 10: Program length distribution using limiting csoser with fithess and
the dual-child variant. From the hardware implementation.

was plotted, shown in Figure 11, the length distributionkseat around the mean
of Lmax This unexpected behavior is interesting since it appeatatve avoided
the phenomenon commonly known as bloat.
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Figure 11: Program length distribution using limiting csoser with fithess and
the single-child variant. From the hardware implementatio

The effect of using the limiting crossover operator with avithout the single-
child variant on the behavior of the system is shown in Fidutéogether with the
original behavior. This graph shows that all three crossmmplementations have a
similar rate of improvement, with the limiting crossoveresator with single-child
variant maybe performing slightly better on the ant probhlem

Finally, the distribution of 100% correct program lengthassmeasured for
truncating and both limiting crossovers. The hardware anmm@ntation was run
500 times, and if a 100% correct program was generated, tigghaevas recorded.
These are shown in Figures 13, 14 and 15 respectively.

From these plots we can see that truncating crossover laseal|GP to find
more 100% correct programs than the limiting crossovergiie dual-child vari-
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Figure 12: Comparative GP behavior of the hardware impldaiiem for the ant
problem using truncating crossover and limiting crossover

Lengths of 100% correct programs

— 189 correct programs out of 500 rung

Frequency
0 20 40 60 80 100 120 140

b

(o) 5 10 15 20 25 30
Program Length

Figure 13: Distribution of lengths of 100% correct progransing the truncating
crossover operator.

ant. However, when using the single-child variant, lingtiorossover found the
most 100% correct programs.

It is interesting to note that the results shown in Figure @2hdt obviously
show this difference in the outcome, highlighting the wesdaof using the stan-
dard measure of performance.

The results shown in Figures 13,14 and 15 suggest that foartifecial ant
problem implemented in hardware, programs of length 4 orebraost likely to
be correct. It was then observed that the peak program lengdigure 11 was
larger than length 4. From this is was conjectured that ifrtteximum program
length was reduced from 32, moving the peak closer to therarodength that
occurred most frequently, that GP may find even more suadegsigrams. Two
further experiments were therefore performed using marirntengths of 16 and 8.
The results of running the hardware implementation witls¢heodified lengths is
shown in Figures 16 and 17.

This confirmed the idea that, by limiting the program lendtia GP is allowed
to create, that GP produced more 100% correct programs. dinesponding pro-
gram length distributions are shown in Figures 18 and 19s&Hlmth have similar
characteristics to Figure 11 and show that the program fedggtribution peaks
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Figure 14: Distribution of lengths of 100% correct progransing the dual-child
variant limiting crossover operator.
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Figure 15: Distribution of lengths of 100% correct progransing the the single-
child variant limiting crossover operator.

close to the peak of the successful programs.

4 Discussion

The differences between the dual-child and single-chilibwés can be explained
by considering first the dual-child case. Starting with gami distribution of pro-
gram lengths < | < Linay the average program length is givenlhy,g = L%ax and
the average crossover pointﬁ;ﬂ. Every crossover produces two offspring, the av-
erage length of which iég—“, with one smaller and one larger program produced.
When one of the offspring exceellgax both crossover points are re-selected until
both programs satisfy the length constraint. The resulias the average program
length using this crossover will remaiﬁ%“. However, in the single-child case,
only one child needs to meet the length constraint. With omg land one short
offspring, the short offspring will be more likely to satysthe constraint and so
be selected for propagation. Because the shorter progrgrefsrred, the mean
program length will tend to continually decrease. In summar the absence of
fitness, the single-child variant selects programs thabaraverage smaller than
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Figure 16: Distribution of lengths of 100% correct progransing the the single-
child variant limiting crossover operator and a length tiwfi 16
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Figure 17: Distribution of lengths of 100% correct progransing the the single-
child variant limiting crossover operator and a length tiwfi 8

L%ﬁ*. In the presence of fithess we believe that this pressuredease the mean
program length competes with the well documented tendeh&fFoprograms to
grow in the presence of fithess. The result is that when usiegingle length con-
straint and an upper bound on the program length, the protgagth distribution
does not have a strong bias to longer lengths.

A side effect of using the single child variant is that wheroad program is
rejected, a copy of the parent is propagated to the next géoer This means
that even if crossover is used as the only operator, a priopoof straightforward
reproduction will be present.

A practical penalty of the limiting crossover approach iattmultiple passes
may be required to obtain two crossover points that sattsfyléngth constraints.
Depending on the implementation this could have an impathetime needed to
complete a GP run. In practice for most problems the timeireduor crossover
in a standard GP system is much smaller than the time for atimaty programs,
and so will only extend the time required by a small factor.tHe hardware im-
plementation, crossover is performed in parallel with eatibn, so there will be
no impact for most problems where fitness evaluation takegdothan selection
and breeding. For the artificial ant problem implementedardivare, the limiting
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Figure 18: Program length distribution using limiting csoser with fithess and

the single-child variant. Maximum length limited to 16. Rréhe hardware imple-
mentation.
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Figure 19: Program length distribution using limiting csoser with fithess and

the single-child variant. Maximum length limited to 8. Frahe hardware imple-
mentation.

crossover operators did not have any effect on the overdibmeance of the de-
sign, both the clock speed and number of clock cycles rerdaime same as the
truncating crossover implementation. It is worth notingttthe single-child limit-
ing crossover will need fewer iterations to find a legal offisg, so this will have a
smaller effect on the overall performance.

The effect of adjusting the program length limit so that tlealpin the length
distribution is closer to the peak of optimal program lemsgthiggests that allowing
programs to be unlimited in length may be detrimental to giss® effectively.

5 Further work

From the results in [11] we would expect similar behavior whigese techniques
are applied to standard tree based GP, and this is curregithg investigated.

Other technigues have been suggested for controlling thgram size during
evolution, such as the smooth operators [10], homologodssee fair operators
[5] which could also be adapted to a hardware implementation
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So far, only one problem has been analyzed using the hardmatementation
of GP and to get a more complete picture of the effects of te@dalecisions more
problems need to be implemented and analyzed.

6 Conclusions

This analysis, based on measuring the program lengthlaititshs was prompted
by the results from the work on a general schema theory of 3fad led us to
an implementation of crossover that allows us to consttaénaximum program
lengths. For the ant problem implemented in hardware we tdse®vered a mech-
anism that avoids the effects of unconstrained program troand indeed allows
us to obtain far more correct programs.

In conclusion, all three crossover operators are effedtitke hardware imple-
mentation when applied to the artificial ant problem, wita #ingle-child limiting
crossover performing ahead of the other two. The behavidhefsingle-child
limiting crossover in the presence of fitness is interestimgl suggests another
mechanism for controlling code growth.
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