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Abstract. This paper examines the effects of lifetime learning on the
diversity and fitness of a population. Our experiments measure the phe-
notypic diversity of populations evolving by purely genetic means (pop-
ulation learning) and of others employing both population learning and
lifetime learning. The results obtained show, as in previous work, that
the addition of lifetime learning results in higher levels of fitness than
population learning alone. More significantly, results from the diversity
measure show that lifetime learning is capable of sustaining higher levels
of diversity than population learning alone.

1 Introduction

Much artificial intelligence research has focused on the interaction between learn-
ing and evolution, where individuals within a population of artificial organisms
are capable of evolving genetically (population learning) and also of acquiring
knowledge during their lifetime (lifetime learning). Hinton and Nowlan[1] were
among the first to show that learning could guide evolution and a number of
other researchers have since conducted experiments which support this view|[2—
8].

Each experiment simulates both a population of organisms and their sur-
rounding environment. Typically, environmental stimuli are mapped to a specific
problem domain. For instance, a population may inhabit an environment where
individuals must navigate a maze or forage for food.

The majority of these investigations are concerned with the impact that
learning has on the fitness of the population, finding in general that the addition
of lifetime learning has a positive effect. In addition, studies have shown that
both the Baldwin and Hiding effects can be simulated in populations of artificial
organisms|[9].
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However, there is comparatively little research on other effects of learning, in
particular with regard to population diversity. It is generally accepted that the
maintenance of diversity can prevent an evolutionary algorithm from becoming
trapped in local maxima. A number of techniques exist to both monitor and
stimulate diversity[10-13].

The aim of this paper is to examine whether diversity can be maintained by
lifetime learning. We employ an abstract model based on Hinton & Nowlan’s
work and conduct a number of experiments. The remainder of this paper is
organised as follows. Section 2 describes related research, including the learn-
ing models on which this work is based and a discussion on diversity. Section
3 presents the model employed for these experiments, including a detailed de-
scription of the diversity measure. Section 4 outlines the experiment results and
Section 5 presents conclusions.

2 Related Work

The following sections outline some background material, including learning
models and diversity.

2.1 Learning Models

Population learning refers to the process whereby a population of organisms
evolves, or learns, by genetic means through a Darwinian process of iterated se-
lection and reproduction of fit individuals[14]. In this model, the learning process
is strictly confined to each organism’s genetic material: the organism itself does
not contribute to its survival through any learning or adaptation process.

There exist species in nature that are capable of learning, or adapting to en-
vironmental changes and novel situations, at an individual level. Such learning,
known as life-time learning, is often coupled with population-based learning,
further enhancing the population’s fitness through its adaptability and resis-
tance to change. Much research explores the interactions between evolution and
learning, showing that the addition of individual lifetime learning can improve
a population’s fitness|2, 3, 6-8].

Hinton & Nowlan Hinton and Nowlan employed a genetic algorithm to study
the effects of lifetime learning on the performance of genetic evolution. In partic-
ular, they examined the Baldwin effect, which occurs when certain behaviours
discovered through life-time learning become imprinted onto an individual’s ge-
netic material through the evolutionary processes of crossover and mutation|1,
15]. This should not be confused with Lamarckian theory, where an individual’s
lifetime experience is directly mapped to its genome and is directly inherita-
ble[16].

Each agent in the model possesses a genome, represented by a string of
characters which can be either 1, 0 or ?, mapping to a neural network structure.
Each agent is allowed a number of rounds of lifetime learning where for each ?
in the genotype they ‘guess’ its value, assigning it either a 1 or a 0. The ? in the
genotype represent the agent’s phenotypic adaptability and any guessed values
are lost at the end of the agent’s life.
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The experiments compared the performance of a population endowed with
learning to one without. Results showed that the non-learning population was
not capable of finding optimal solutions to the problem task. In contrast, once
learning was applied, the population converged on the problem solution, showing
that individual learning is capable of guiding genetic evolution. A number of
researchers have since replicated the Baldwin effect in populations of artificial
organisms[17,6,18-20].

Turney The model employed by Turney examined the shift in bias in simula-
tions similar to those undertaken by Hinton and Nowlan [18]. The definition of
bias in this context is all factors excluding input data that influence the selec-
tion of a concept. Bias can include the algorithm that the learner employs to
search through concept space and the criteria for determining whether a selected
concept is compatible with the training data the learner has received.

An agent’s genome is a combination of bias direction genes and bias strength
genes, where bias direction genes are (s or Is while the bias strength genes
are real number values in the range 0 to 1. In a 64 element string, 32 alleles
represent bias direction and a further 32 represent bias strength. If bias is strong
at a particular allele, the individual will be more likely to select the bias direction
present in its genome. However, if bias is weak then the individual will be more
likely to guess at a bias direction rather than employing the genetically encoded
value.

In other words, while the ¢s in Hinton and Nowlan’s experiments were re-
placed with Is or 0s with equal probability (which did not change during the
course of the experiments), Turney’s model allows the evolutionary process to
shift biases towards particular guesses.

2.2 Diversity

Diversity measures typically quantify the differences between individuals in a
population. It is commonly accepted that a population that is capable of main-
taining diversity will avoid premature convergence and local maxima. Diversity
measures for populations of neural networks have been the focus of considerable
research, focusing mainly on genotypic diversity[21-24].

Eriksson conducted an experiment designed to measure whether lifetime
learning is capable of maintaining diversity [25]. The experiment employed Tur-
ney’s model and measured the diversity of bias direction genes in the population.
Experiments found that lifetime learning only produced higher diversity when
bias strengths were explicitly initialised at low values. In all other cases, popu-
lation learning produced higher diversity levels.

Previous work has examined the effects of cultural learning on both the phe-
notypic and genotypic diversity of populations of evolving neural network agents
whose problem task was comprised of a number of turn-based games[26]. Cul-
tural learning in this context is a form of lifetime learning where agents learn
from other members of the populations. Results showed that the combination
of cultural learning and population learning led to improvements in fitness and
higher levels of genotypic diversity. However, the complexity of the model em-
ployed makes analysis difficult, highlighting the need for a simpler model of both
agent and lifetime learning mechanism alike.
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3 Model

Our model follows the structure of the original Hinton and Nowlan experiments.
Each agent comprises a genecode of 20 bits and experiments employ a popula-
tion of 1000 agents evolved for 400 generations. The experiments employ two
populations: one using population learning alone (purely genetic evolution) and
the other employing lifetime learning.

Where a population evolves solely by population learning, agent genomes
consist of strings of 20 s or 0s randomly generated in the initial population
with equal probability. Populations employing lifetime learning have genomes
containing s, 0s or ?s, where the ?s represent the agent’s phenotypic ability
to guess either 1 or 0 in a similar manner to the original experiments. In the
initial population these are randomly selected with probability 0.25, 0.25 and
0.5 respectively, corresponding to the original probability set in the Hinton and
Nowlan experiment.

The fitness landscape of the original Hinton and Nowlan experiments was
a particularly challenging one for populations attempting to evolve genetically,
consisting in effect of a “needle in the haystack” problem where no evolutionary
feedback is given to partial solutions. An individual with no lifetime learning
would have a fitness of 1 unless its genome consisted of exactly twenty Is, in
which case its fitness would be 20. It is highly unlikely that an individual will
be randomly generated with such a genome and, since there is no path for the
evolutionary process to follow, it is very difficult for population learning alone
to solve this problem.

Our model employs the NK fitness model as the fitness landscape for the
experiments [27]. The NK fitness model provides some evolutionary feedback
to populations evolving genetically and therefore allows a fairer comparison be-
tween evolutionary and lifetime learning.

3.1 Fitness calculation

To calculate the fitness of each individual in the population, an NK fitness land-
scape is generated and the maximum fitness is calculated. The fitness of an in-
dividual is normalised with respect to the maximum possible fitness, obtaining
a fitness measure in the range [0, 1].

Populations employing purely genetic evolution (population learning alone)
possess genomes comprising of s or 0s (no ¢s) and therefore have no opportu-
nity to alter the way they interact with their environment. The fitness of agents
in such populations is measured directly from their genomes.

When a population adds lifetime learning to population learning, its members
are given the opportunity to replace each of the ?s in their genomes with either
1s or 0s. Each agent guesses the value of its ? with equal probability. The
number of guesses an agent makes during its lifetime can be tuned to allow
lifetime learning a greater or lesser influence on the evolutionary process. Each
guess is evaluated using the fitness function and an agent’s best guess is taken
as its fitness value (see Fig. 1).

3.2 Diversity measure

The diversity measure examines the differences between members of a population
and, for the purposes of this work, it is important that a diversity measure
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capture the differences between populations employing population learning alone
and those employing both population and lifetime learning.

The population employing population learning alone contains genomes com-
prising of Is or 0s, while the population adding lifetime learning has an addi-
tional number of ?s within its genomes. This difference between the two pop-
ulations makes a direct genetic comparison difficult. Therefore, a phenotypic
measure of diversity may be more suitable. In this model, the phenotype of an
agent is defined as its response to its environment.

In the population employing population learning alone, an agent’s response
to its environment is fixed and directly influenced by its genome. Therefore, its
genotype and phenotype are identical - the agent has no lifetime influence on
its behaviour. However, in the population employing lifetime learning, an agent
is allowed make a number of guesses which replace the ?s in its genome with
either 7s or 0s. Since the agent’s fitness is calculated according to the best of
these guesses, we chose to select an agent’s best guess as its phenotype.

Employing this model, phenotypic diversity measurements of populations
employing population learning alone and populations employing both population
and lifetime learning are directly comparable, as both are measuring differences
between strings of equal cardinality (containing either Is or 0s).

The diversity measure is implemented in a manner similar to Eriksson’s and
is defined as the average of all individual Hamming distances between pheno-
types of individuals x and y, h(x,y), whose phenotypes are unique within the
population. Thus, for a population of size n containing m unique phenotypic
binary strings, the diversity measure can be calculated as:

2 m m
mz > i,y

r=1y=x+1

4 Experiments

The experiments employ three populations: one employing population learning
alone, one employing both population and lifetime learning with 10 learning
cycles and the final one employing both population and lifetime learning with
30 learning cycles. Both fitness and diversity are measured for each experiment.
Populations of 1000 agents are allowed to evolve to 400 generations. Linear
ranking selection is employed, 1-point crossover occurs with 0.6 probability and
mutation occurs with 0.02. The NK landscape parameters are N=20, K=15.
Results presented are averaged from 20 independent experiment runs.

4.1 Fitness

Fig. 2 illustrates the results obtained from the three populations over 400 gener-
ations. Each of the populations converges within 100 generations to high levels
of fitness. However, it is clear that both populations employing population and
lifetime learning have higher fitness levels than the population employing popu-
lation learning alone.

Both lifetime learning populations begin the experiment with a higher fitness
level than population learning alone and both gradually increase to convergence.
By contrast, the non-learning population’s increase in fitness is much sharper,
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occurring within the first 10 generations. The more gradual fitness increase ex-
hibited by the learning process is likely to be the result of a wider search space
exploration, leading in turn to a higher level of fitness once the population con-
verges.

4.2 Diversity

Fig. 3 shows the results obtained from the diversity measure for each of the three
populations. Each of the three begin with a high level of diversity at the start of
the experiment, but this quickly converges to a very low level. All populations
become phenotypically similar by generation 100. However, the level of diversity
exhibited by the populations employing lifetime learning converges at a higher
level than that of population learning alone.

In addition, the initial levels of diversity exhibited by the lifetime learning
populations is significantly lower than that of population learning alone. Fur-
thermore, there is a more gradual decrease in diversity in populations employing
lifetime learning. The gradual descent in diversity is clearly tied to the gradual
increase in fitness levels described in the previous section. As the population
slowly converges towards its optimum level, so does its diversity gradually de-
crease.

It is also clear from these results that the level of diversity does not increase
as the number of learning opportunities increases. The population employing
10 learning cycles has a level of diversity that is significantly higher than the
population employing 30 learning cycles (after 20 generations).

Diversity levels for all populations converge by generation 75, indicating that
the population has reached an optimum and that a particular set of individuals
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are dominant throughout the population. However, given that the fitness levels
for populations employing both population and lifetime learning is significantly
higher than the population employing population learning alone, it is clear that
the initial maintenance of high diversity levels associated with learning allows
those populations to more thoroughly search the problem space and converge on
better individual solutions.

These results show that learning has a clear effect on the diversity of popula-
tions — even small levels of learning produce an increase in population diversity.
This is in contrast to the results obtained by Eriksson, who showed that diver-
sity could only be increased through learning if initial parameters were carefully
tweaked. However, future work should examine whether the impact of the initial
proportion of ¢ alleles contributes significantly to these results.

It is likely that the higher level of diversity comes from the hiding effect
provided by the learning process. In other words, the learning process allows
individuals without a genetic innate ability to survive by improving their fitness
during their lifetime, thus hiding genetically weak individuals from the selection
process.

An individual born in a non-learning population has no opportunity to influ-
ence its fitness because this is entirely derived from its genome and the selection
process quickly moves to propagate highly genetically fit individuals throughout
the population. Learning gives individuals the opportunity to search the problem
space using their inherited genotypes as a starting point. Thus, if an individual is
born with a mediocre genotypic fitness, it is possible it will significantly improve
through the learning process and be selected for reproduction.
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5 Conclusion

This paper examined both fitness and diversity levels in populations employing
population learning alone and populations employing both population and life-
time learning. The model we employed is based on the Hinton & Nowlan model
and was chosen for its relative simplicity and ease of analysis. The experiments
that were conducted produced a number of interesting results.

Firstly, the results provide a further confirmation that combining lifetime
learning with population learning leads to an increase in fitness. Unlike previous
work based on the Hinton & Nowlan model, our fitness measure is not biased
towards lifetime learning. The NK fitness model allows population learning to
successfully develop solutions and highlights the fact that lifetime learning can
provide a fitness improvement in a non-biased environment.

Secondly, we have demonstrated that diversity levels can be measured in an
alternative manner to previous work based on modified versions of the Hinton
& Nowlan model. Previous work examined the genetic differences between bias
strength and direction, while our work is based on a phenotypic diversity measure
examining the behaviour of the population in a much simpler setting.

Finally, our results show that lifetime learning maintains higher diversity
levels than population learning alone. This is arguably a more intuitive result
than that found in previous related work. Learning provides an opportunity for
genetically weaker individuals to attain higher fitness levels. The high diversity
levels in such populations attests to the fact that many behaviours are present in
the population, leading to a larger, directed exploration of search space, which
in turn leads to higher fitness levels.
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