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Abstract- This paper examines the effect of cultural ficial life simulator employed for the experiments. Section
learning on a population of neural networks. We com- 4 describes the experimental setup. Section 5 outlines the
pare the genotypic and phenotypic diversity of popula- experiment results and Section 5 presents conclusions.
tions employing only population learning and of popu-

lations using both population and cultural learningina 2 Background research

dynamic environment. We show that cultural learning is

capable of achieving higher fitness levels and maintains 2.1 Cultural Learning

higher level of i h ic di ity.
a higher level of genotypic and phenotypic diversity Culture can be succinctly described as a process of infor-

) mation transfer within a population that occurs without the
1 Introduction use of genetic material. Culture can take many forms such

. . as language, signals or artifactual materials. Such informa-
A number of learning models may be readily observed fron. . e o .
tion exchange occurs during the lifetime of individuals in a

h he f f h [ ificial in- . .
nature and have been the focus of much study in artificial in opulation and can greatly enhance the behaviour of such

telligence research. Population learning (i.e. learning whicS ecies. Because these exchanges oceur during an individ-
occurs at a population level through genetic material) is typ—p ' 9 g

ically simulated using genetic algorithms. Life-time learn.ua/'s lifetime, cultural learning can be considered a subset

ing (i.e. learning which takes place during an organisms’gf lifetime learing.

life time through reactions with its environment) can be sim- ueAsn tﬁgf [ﬁzcsﬁuznomn;; ?:;ntg?;lio%th d(?;f?ggl t[g" 16320?;
ulated in a variety of ways, typically employing neural net-2 >tdy guag . P
works or reinforcement learning models. in real world situations and that more meaningful results

A relatively new field of study in artificial intelligence is °UId P produced by modeling organisms and their envi-

synthetic ethology. The field is based on the premise th rtt')nment in an art|1_‘|C|aI manner. Artlflc!al intelligence sys-
gms can create tightly controlled environments where the

language and culture are too complex to be readily analyseb ; o ) .
. . ) . .2~ behaviour of artificial organisms can be readily observed
in nature and that insight can be gained by simulating its

emergence in populations of artificial organisms. Whileandromaocc::fi'ﬁg' irlerlgg gzpvsitr'ﬁailgeggm&? t;r? d?\églzg?nnag
many studies have shown that lexical, syntactical and gra PP insp y P . P
Ing capacity of neural networks, artificial intelligence re-

matical structures may spontaneously emerge from pOpu_earchers have been able to achieve very interesting results
lations of artificial organisms, few discuss the impact such Y 9 '

s S In particular, experiments conducted by Hutchins and
structures have on the relative fitness of individuals and %azlehurst [11] simulate cultural evolution through the use
the entire population. 9

A robust multi-agent system should be able to withstan8f a:lgt(ij:nn l_?zg i\:]wter#gcins'mmgﬁl tﬂiur?égsmgrgflz T:n-
and adapt to environmental changes. This type of behaviofPP ' ' b

parallels that of the natural world where species capable grage Acquisition Device (LAD), the physiological com-

adaptation will have more chance of evolutionary succe Sonent of the brain necessary for language development, the
than ones that are rigid and incapable of such plasticity. ﬁ?qstence of which was first suggested by Chomsky [5]. The

its most basic level, adaptation in nature takes the form idden layer acts as a verbal input/output layer and performs

popuiaton learming, At hgher el organss capabi e 25 f eaute exacton et ditngueh dieren
of adapting their behaviour to suit a particular environmenf Y puts. P P P

during their lifetimes will be more likely to survive in the production of signals for the agent. . .
long term. A number of approaches were considered for the im-

The focus of this paper is to attempt to understand th Iimﬁnfiggze%f ncqzl::cr)fl I[?ngnI(?qultlljllglusrlt?fgcg);e[iC:e):g]cg:j
effect of cultural learning on a population of artificial or- " " y ! ’

ganisms subjected to a dynamic environment. This is as_lgnal—snuatlon tables [13]. The approach chosen was the

complished by studying its effect on the population’s fitnesieaCher/ pupil scenario [1, 6, 4] where a number of highly fit

. . S : agents are selected from the population to act as teachers for
as well as its genotypic and phenotypic diversity. The ret_he next generation of agents, labelled pupils. Pupils learn
mainder of this paper is arranged as follows. Section 2 inf_rom teacghers b observ?n th'e teacherPs \[/)erﬁal oSt ut and
troduces background research, including descriptions of dI- . y Observing the P

aétemptmg to mimic it using their own verbal apparatus. As

versity measures and cultural leaming techniques that hay result of these interactions, a lexicon of symbols evolves
been employed for this study. Section 3 describes the arft ' y



to describe situations within the population’s environment.3 Simulator

The architecture of the artificial life simulator (Figure 1
can be seen as a hierarchical structure. At the top-level of
Diversity measures typically quantify the differences bethe simulator is a command interpreter which allows users
tween individuals in a population. It is commonly acceptedo define an experiment’s variables including the number
that a population that is capable of maintaining diversitysf networks, the number of generations to run the experi-
will avoid premature convergence and local maxima. ment, mutation and crossover rates and the actual problem
Diversity measures for populations of neural networksset which the population will be attempting to solve. The
have been the focus of considerable research, focusing
mainly on genotypic diversity [20, 17, 2]. Many methods
exist for the calculation of genotypic diversity, many based
on binary representations. For the purposes of this research .
however, many schemes are unsuitable due to the nature of
the marker-based encoding scheme used to represent each Neural Network

neural network.
Our scheme examines each block of the encoding and

compares it to blocks of similar length in other encodings.
Each encoding block contains a single node and a number

of links emanating from that node. Itis therefore intuitive to \/

propose that blocks of similar length (having a similar num-
ber of emanating links) are suitable for mutual comparison. Genetic Algorithm
There is comparatively little research on phenotypic di-
versity in evolutionary computation. Typically, phenotypic
diversity is measured at the fitness level [7]. However, this

measure tends to compress the available diversity imcormﬂ'eural network layer takes the variables set using the com-

“9” r(_esultmg in a coarse grained measure not HSef“' In aHuind interpreter and initialises a given number of neural
;ltuatlons. The approach adopted in this work IS to_e_xanhetworks. The layer then performs training and testing of
ine the components of the fitness value of each individualq netyorks according to the parameters of the experiment.
i.e. an |pd|V|duaI§ response to each bit-parity stimulus. BYr,ase network memory structures are then passed to the en-
comparing the dlffe-_rence betw_een aII_ responses (and n%ding layer which transforms them into genetic code struc-
just the agg_regfate fl_tness functlon)_ a finer grained measW&es for use in the genetic algorithm. The encoding mech-
of phenotypic diversity can be obtained. anism used for this set of experiments is a modified version
] ] of marker based encoding.
2.3 Changing Environments The genetic algorithm layer uses the genetic codes and

Much research has focused on the tracking of changing ethe data retrieved from the neural network layer’s testing of
vironments with regard to multi-agent and artificial life sys-the networks to perform its genetic operators on the popu-
tems [16, 9, 14] focusing on Latent Energy Environmentdation. A new population is produced in the form of genetic
and fitness functions which vary over time. What is genercodes. These are passed to the decoding layer which trans-
ally sought is the ability of a population to adapt to a changéorms each code into a new neural network structure. These
within a reasonable length of time and to guide evolution tostructures are then passed up to the neural network layer for
ward a level of plasticity otherwise difficult to attain. a new experiment iteration. Once the required number of
The focus of this paper is to ascertain the effect of generations has been reached, the experiment finishes.
changing environment on population diversity as well as TWo-point crossover is employed and weight muta-
fitness levels. While our approach to changing environion is employed which takes the weight value and in-
ments is straight-forward, it has the advantage of C|arity@reases/decreases the value according to a random percent-
agents evolve learning to distinguish between food and pofid€ (200%). This approach was found, empirically, to be
son bit-patterns (representing the 5-bit parity problem) anf10re successful and was adopted for this set of experiments.
at a certain generation, food and poison become reversed
(i.e. the bit pattern representing food now represents poiséhl Encoding Scheme

and \r:ice-versa)h. | K perf IfAn encoding scheme is necessary to map each agent’s
The approachis partly based on work performed by No heural network structure to a genetic code. Many schemes

etal [16] who compared the performance of a robotic agenf e considered in preparation of these experiments, priori-

employing genetic evolution (population learning) and thaigi, fiexibility, scalability, difficulty and efficiency. The

_Of agents (_employi_ng back—propagation (life-time Ieal’r'mg%cheme chosen is based on Marker Based Encoding which
in a changing environment. allows any number of nodes and interconnecting links for

each network giving a large number of possible neural net-
work permutations.

2.2 Diversity

Command Interpreter

Encoding Decoding

Figure 1:Simulator Architecture



Marker based encoding represents neural network eléhe population, making the system more adaptable to poten-
ments (nodes and links) in a binary string. Each elemernial changes in environment. In addition, this method does
is separated by a marker to allow the decoding mechanisnot make any assumptions as to the number of verbal nodes
to distinguish between the different types of element an¢and thus the complexity of the emerging lexicon) that is
therefore deduce interconnections[12, 15]. A gene codequired to effectively communicate.
produced using this scheme is treated as a circular entity.

Thus, the code parsing mechanism reading the end of thg Experimental Setup
gene code will begin reading the start of the gene code once
the end is reached until all available information is correctlyThe following set of experiments each employs two popu-

retrieved. lations. One population is allowed to evolve through popu-
lation learning (by genetic algorithm), while the other em-
3.2 Simulating Cultural Evolution ploys both population and cultural learning.

. Cultural learning is implemented based on a scheme de-
In order to perform experiments related to cultural evolu- )
. . - : veloped by Hutchins and Hazlehurst [10] and further ex-
tion, it was necessary to adapt the existing simulator ar- . ;
: X . plored by Denaro [6] where the last hidden layer (or in
chitecture to allow agents to communicate with one an:

) . ; enaro’s case, the output layer) of a neural network func-
other. Agents communicate directly with each other and n :
X . : . . . tlons as a verbal input/output layer. At the end of each gen-
through intermediary artifacts. This was implemented usin . S )
ration, a percentage of the best individuals in the popu-

an extended version of the approach adopted by Hutchins,. . . .
and Hazlehurst. The last hidden layer of each agent’s neurlgi‘ltlon is selected to instruct the next. Pupil networks ob

; . i serve teacher networks as they interact with their environ-
network functions as a verbal input/output layer (figure 2). ment and at each stimuli, teacher networks produce an ut-

po— terance through their verbal I/O layer. The pupil responds to
the utterance with its own, which is then corrected by back-
Q Q'”ES’V” Q 9 propagation to approximate the teacher’s. After the required

number of these interactions (teaching cycles) have been
completed, the teachers are removed from the population
and the pupils continue to interact with their environment.

The problem domain for this set of experiments is the
5-bit parity problem which, while relatively simple in its
structure, represents a reasonably complex classification
problem[8]. Each network is exposed to bit patterns and
must determine whether the pattern represents an odd or
even number. Fitness is assigned according to the mean
square error of a network.

The change in environment is implemented by reversing
the food and poison representations such that the bit pat-
tern representing food will represents poison and vice-versa.

Agent 2 Only one environmental change is allowed to occur in each
experiment.
Figure 2:Agent Communication Architecture Each experiment consists of a population of 50 neural

networks evolving for 250 generations with crossover and
At end of each generation, a percentage of the populanutation rates set at 0.6 and 0.02 respectively. The envi-
tion’s fittest networks are selected and are allowed to beonmental change takes place at generation 125. The pop-
come teachers for the next generation. The teaching procagation employing cultural learning takes the fittest 10% of
takes place as follows: a teacher is stochastically assigngglch generation as teachers which interact with pupils for
n pupils from the population where = # where  five teaching cycles. An additional parameter, cultural mu-
Npop is the population size ani¥;cqcners 1S the number of  tation, adds noise to each interaction with probability 0.02.
teachers. Each pupil follows the teacher in its environmerithe results presented are averaged from 20 independent
and observes the teacher’s verbal output as it interacts witbns.
its environment. Verbal output is produces through the ver-
bal I/O layer of the teacher’s neural network as a result oé Experiment Results
stimulus received at the input layer. A teaching cycle occurs
when the pupil attempts to emulate its teacher’s verbal outFhe experimental results are divided into two sections. The
put, using its own verbal apparatus, via back-propagatiofirst examines the relative performance of cultural learning
Once the number of required teaching cycles is completednd population learning through analysis of the error val-
the teacher networks die and new teachers are selected fregss for each population. The second section is concerned
the new generation. with genotypic and phenotypic diversity measures for each
Unlike previous implementations, the number of verbapopulation.
input/output nodes is not fixed and is allowed to evolve with



5.1 Error : ? ? T M —
Each population’s fitness is determined by its error value, " """""""
where lower error is rewarded. Figure 3 shows the average | ... .. n
error value for both populations over the experiment run. § : : i | )
While both populations are equivalent up to generation 100, °° |L """" 1’i'|'; "'."i”:l’l;""}l‘
the population employing cultural learning begins to shows ‘%]{ ,,,,,,, ’:g”'l {5}} ,':H | {""u’n %H'L
improvement prior to the environment change. il i ; ! 3 “,i 'I:IK,:'”"J‘””'?" i ':yJ“"
At generation 125, both population errors increase dra- ss "n',"tlﬂ """"" R AR "" "“ """ .%',ﬁnr,\,’{,"u“ff 1“'
matically (as could be expected). However, the cultural _?)il,l]&mimﬁ;”}}b“)f} M ’“\i &,\mllm \ ,l,i,lf\ ;J,lII?,Il 7777777777777777777777
learning population’s error value is significantly lower and "."vy,ﬂ i) i At .”)” i SANTIAL
its subsequent error reduction for the remainder of the AR L :
experiment shows marked improvement over population ‘

learning alone.

Generations
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No Teaching — — - Figure 4:Maximum Error Values
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s ,,,,,, TR ,,,,,,,,,,,,,, ,,,,,,,,,,,,, i Given these results, it could be suggested that cul-
; ; : 3 3 tural learning is achieving its higher average fitness simply
A R RARREEEEES R RRREEEEE - through marginal improvements of poor individuals and is
1 1 f f not infact guiding evolution by generating novel and supe-
T o ﬁ rior individuals in the long run. This argument can be coun-
4 teracted by examining the results for the average minimum
error in both populations (Figure 5).
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Figure 3:Error Values
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The improvement delay experienced by the culturaf
learning population in the initial generations of the exper- .
iment can be explained by the fact that time is required to ‘ ; ‘ ‘
evolve and isolate potentially useful teacher individuals in 37 : LI SRR o
the population. At the start of the experiment, such indi- f j f j
viduals are rare, and therefore cultural learning takes some *° § e e AN
time to achieve its performance boost. § § § §

To understand how the error reduction is achieved, both *o % w 20 250
average maximum and minimum error values were obtained Generatons
for each population. Figure 4 shows the results for maxi-
mum error values. The maximum error values for the popu-
lation employing population learning are very unstable and
remain persistently high throughout the experiment.

By contrast, the maximum error values for the cultura
learning population are very stable and remain lower for th
entire experiment run. This is an intuitive result, given tha
cultural learning will tend to reduce the population’s error
value as a whole through the teaching of poor individual
by superior teachers.

Interestingly, the environment change is only graphmallys 5 Di ¢
apparent in the population employing cultural learning, sug Iversity
gesting that even the poorest individuals are being affectethe results showing values for the first diversity measure,
by the change. The worst individuals in the population emgenotypic diversity, are illustrated in Figure 6. The over-
ploying population learning are equally inept in both envi-all trend for both populations shows an initial high value of
ronments, while even the worst individuals in the culturagenetic diversity and a subsequent drop. This is representa-
learning population have learned some information abotutive of an initial exploratory phase followed by convergence.
their environment and therefore react to the change. However, there is a marked difference between each popu-

©

Figure 5:Minimum Error Values

It is clear from the minimum error data that cultural
|earning is producing better individual networks than popu-
ation learning alone (at least after generation 100). As these
esults are averages of 20 runs, the possibility of a statisti-
al anomaly to explain this phenomenon can be discounted.
Rather, the cultural learning process is guiding evolutionary
Trends towards highly fit individuals.
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lation. While the population employing population learn-
ing alone has a relatively short exploratory period and tends
to converge very quickly, the cultural learning population i ‘
spread; out is exploratory phas_:e and converges aroun_d 50 Lo, «,’ﬂﬁ“’v?' \'V,".‘ '/»"‘\I"ﬁfl,?\j‘d,& (v‘,* ,
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on average in a very similar manner.

03 ; ; LT AR The fact that phenotypic diversity is so high in the popu-
o : : ; ; lation employing cultural learning is initially puzzling. One
0 s e ° 200 #0 would expect intuitively that since a small minority of indi-

viduals are training each generation, the population would

Figure 6:Genotypic Diversity tend to become phenotypically similar and therefore that

phenotypic diversity would be low. There are two factors
It is clear that cultural learning is not only affecting fit- Which influence phenotypic diversity in a way which ex-
ness levels, but that it also has a direct effect on the level &fains these results.
genetic diversity in the population. By maintaining a high The first is that the teaching process does not result in
level of diversity, the population contains quite disparate inclone pupils, rather each pupil is a rough approximation of
dividuals, which are brought to some level of homogeneit)‘?he teacher’s outputs. Furthermore, because each an indi-
by the cultural learning process. It can be speculated that i{jdual’s verbal input/output layer is a hidden layer and not
maintaining a high number of effectively redundant genes iffS output layer, pupils do not approximate output values.
each genome, the population is better suited to environmekgrtainly, the effect on the hidden layer teaching has an ef-
change. fect on the output of the network (as exemplified by cultural
Early convergence makes a population rigid in the facéarning’s superior performance with regard to error), but it
of changes. Cultural learning not only smoothes the chandBay produce rather different outputs from that of the teacher
process, but also prepares the population against future e#d indeed that of other individuals.
vironmental changes by including a high number of poten- A second factor is genotypic diversity in both popula-
tially useful genes in the gene pool. It is interesting to not&ons. The slow phenotypic diversity decline prior to the
that the change in environment is not apparent in the gen§nvironmental change and the accelerated decline thereafter
typic diversity results. Both populations have effectivelyexhibited by the cultural learning population somewhat mir-
converged by the time the environment change occurs af@is the corresponding convergence of genotypic diversity.
without external influence, it is clear that genotypic diverInfact, by the end of the experiment, the phenotypic diver-
sity cannot be refreshed through such changes. sity of both populations is very similar. High genotypic di-
Figure 7 shows results for phenotypic diversity for bothversity produces individuals which are also highly pheno-
populations over the course of the experiment. While botfypically different. Reducing genotypic diversity over time
populations maintain a consistently high level of diversityhas a small but evident effect on the phenotypic diversity of
it is clear that the population employing cultural learningthe cultural learning population.
is producing more phenotypically diverse individuals. The
environmental change is more significant in this diversityp Conclusions
measure as can be seen by the falls in diversity levels in
both population occurring at generation 125. The results presented in this paper suggest some reasons
This drop is significantly less pronounced in the popula@S to why the addition of cultural learning often boosts a
tion employing cultural learning. Even after an environmenpopulation’s performance. In particular, the results high-
change, there exist some able individuals which are capatlight the ability of cultural learning to adapt to a dramatic
of instructing the remainder of the populations, resulting iffhange in environment. In addition, measures of genotypic
a less dramatic effect. The drop in diversity in both popula@nd phenotypic diversity have been presented which shed
tions is interesting in that it shows that once the environmefome light on the evolutionary processes in each population.
change occurs, each individual in the population perform&ultural learning produces populations which tend to have



a longer exploratory period, exhibited by increased gend410] E. Hutchins and B. Hazlehurst. Learning in the cul-
typic diversity and later convergence. Furthermore, cultural
learning produces higher phenotypic diversity which is less

affected by changes in the environment. However, one must

acknowledge that while cultural learning provides a perfor

mance enhancement, it is computationally expensive and

may not be suitable for all problem domains. Future work
will examine the performance of cultural learning and di-
versity with more complex problems and more extreme en-

vironment changes.
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