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Abstract:  An artificial life approach is taken to explore the effect that lifetime

learning can have on the evolution of certain life history traits, in particular the

periods of protection that parents offer their young, and the age at first

reproduction of those young.  The study begins by simulating the evolution of

simple artificial neural network systems that must learn quickly to perform

well on simple classification tasks, and determining if and when extended

periods of parental protection emerge.  It is concluded that longer periods of

parental protection of children do offer clear learning advantages and better

adult performance, but only if procreation is not allowed during the protection

period.  In this case, a compromise protection period evolves that balances the

improved learning performance against reduced procreation period.  The

crucial properties of the neural learning processes are then abstracted out to

explore the possibility of studying the effect of learning more generally and

with better computational efficiency.  Throughout, the implications of these

simulations for more realistic scenarios are discussed.  
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1. Introduction

The term “life history” refers to the sequence of events and changes that take place during an

organism’s lifetime.  This covers issues such as stages of growth, reaching reproductive maturity,

production and nurturing of offspring, menopause, and death.  There are numerous trade-offs

involved in their timing, with widely different patterns of such events evolving for different species

and different environmental conditions (e.g., [17,  27, 30, 31]).  Classic examples include the trade-

off between reproduction and growth [35], and between nursing and survival [15].  There also

appear to be correlations between various aspects of life history, for example, fixed ratios within

lineages of lifespan to age of maturity [13, 18].  This study takes an artificial life approach to look

specifically at one factor that has received relatively little attention in the past, namely how the ability

to learn during an individual’s lifetime affects the optimal period of protection that parent’s should

provide for their children, and how that should affect the children’s age at first reproduction.  The

general idea that slow growth and extended infant dependency could be associated with learning is

not new (e.g., see the discussions in [5, 21, 22, 24]),  but the study presented here appears to be the

first to simulate explicitly the interaction of learning and life history evolution.

In nature, parental protection varies enormously from precocial species in which the young are

born well developed and require virtually no protection, to altricial species in which the young are

born helpless and require long periods of parental care before they are capable of surviving on their

own.  There is also some variation in how the age of first reproduction relates to the period of

protection.   It might seem obvious that early first reproduction is advantageous because it increases

the chance that individuals will survive to reproduce, and decreases the time wasted not reproducing

[16].  However, if parents protect their young, the first advantage will be less relevant, and the

second may be balanced if avoiding the costs of early reproduction leads to improved performance

later in life, with increased reproduction overall.  In fact, there are many factors involving growth,

size, fecundity, environment and so on, that are known to affect the age at maturity and first

reproduction (e.g., [26, 31]).  One major advantage of simplified artificial life simulations is that

they render it possible to explore the individual factors without all the confounds inherent in
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empirical measurements of existing biological populations.  

This investigation was prompted by the observation that human infants are particularly altricial,

even compared with other primates, and require extended periods of parental protection and support

(e.g., [23]).  There are numerous factors that could have led to this (e.g., [21, 28]), but there are two

particularly important processes that are known to take place during the protection stage of altricial

species – the infants are growing, and they are learning.  Human infants clearly do need to grow

considerably after birth, and consequently survival without parental protection would be virtually

impossible.  Learning is also crucial for humans, and other species for which relatively complex

behaviors are required, since encoding all the necessary skills genetically is likely to be difficult, and

even if that were evolutionary possible, adaptation would still be needed to cope with their rapid

growth processes and the changing and unpredictable nature of their environment.  Otherwise,

innate behaviour would be adequate [7], though where possible, the costs of learning will tend to

result in genetic assimilation of the learned behaviors [3, 36].  This paper aims to explore the extent

to which such learning processes alone could be responsible the evolution of long protection

periods.  Studies of the effect of brain growth and adult brain sizes on life history variables [24],

and arguments that the human’s unique pattern of early neurological development is responsible for

the substantially earlier weaning of humans compared to the great apes [22], already lend weight to

the idea that neural processes play an important role in determining the details of human life history.

Striedter [34] provides a good overview of the relevant factors involved in brain evolution and the

differences observed across species.

This study begins by simulating the evolution of populations of learning individuals using

artificial neural networks that must learn quickly how to perform well on simplified classification

tasks.  With individuals of all ages competing to survive and procreate based on their learned

performance, the effect of different extended periods of parental protection can be explored.

Allowing the protection period to evolve demonstrates how the advantages of protection trade off

against any associated disadvantages so that a particular period of protection emerges through

evolution.  Varying the details of the simulations (in particular, how the typical life-span of the
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simulated species affects the protection period, and how the age of first reproduction might be

affected by the parental protection) renders it possible to determine how these various factors

interact, and how different patterns of behavior could arise due to other species-specific factors.

Then, by abstracting out the crucial properties of the neural learning process, it is possible to

explore the effect of learning more generally.

The next section describes the approach taken to simulate the evolution of populations of

neural network learners.  Section 3 then establishes baseline performance results for populations

that evolve for a selection of fixed protection periods, before the protection period itself is allowed to

evolve as discussed in Section 4.  The properties of the evolved neural networks are analyzed in

Section 5, the robustness of the simulation results is checked in Section 6, and the associated trade-

offs are explored in Section 7.  The potential for extending the results to more abstract general

learning processes is considered in Section 8.  Finally, the paper ends in Section 9 with some

conclusions and a discussion of the implications for more realistic scenarios.

2. Evolving Neural Network Learners

To maintain as wide a relevance as possible, this study aims to adopt a fairly abstract approach for

simulating the crucial features of the evolution of most animal populations, with particular emphasis

on the aspects of fitness associated with lifetime learning.  Since it is the brains of animals that are

largely responsible for their ability to learn complex behaviors, it is natural to begin by representing

the animal populations by simple artificial neural network models.  The extent to which it really is

necessary to include explicit neural learning, rather than simpler approximations to such learning

processes, will be explored later, in Section 8.

The artificial life simulations here will involve populations of individual neural networks, each

specified by a set of innate parameters, that must learn from a continuous stream of input patterns

how to classify future input patterns.  The inputs could, for example, correspond to relevant

observable features of plants or other animals, and the desired output classes/categories could

correspond to important properties of them, such as being edible or dangerous.  The fitness of each
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individual will be measured in terms of how well it classifies the new inputs before discovering their

correct classes and learning from them.   By forcing the individuals to compete to survive and

procreate, according to their relative fitness, populations of increasing fitness can be expected to

emergence.   Moreover, in order to compete effectively in a population consisting of individuals of

all ages, each individual must not only learn how to perform well, but must also be able to learn

quickly how to achieve that good performance, or at least quickly enough that it can survive after its

parents have withdrawn their protection.

Proceeding with such simulations obviously requires the choice of a specific concrete learning

system and training data set(s), and it makes sense to employ a set-up that has already been

explored in some detail and proved instructive elsewhere [6, 8, 9, 10].  Consequently, standard fully

connected Multi-Layer Perceptron neural networks were used, with one hidden layer, sigmoidal

processing units, and training by gradient descent weight updates using the cross-entropy error

function on simple classification (i.e. categorization) tasks [4].  Since most real-world classification

tasks involve learning non-linear decision boundaries in a space of real valued inputs, the set of

tasks was chosen to have two dimensional continuous input spaces, conveniently normalized to a

unit square, with particular circular classification boundaries.  Each input to a neural network was

thus represented by a position in the unit square input space, and the network output represented the

predicted probability that the input corresponded to a particular class or category.  The aim was to

learn from past experience (i.e. binary target outputs) the class of each new input, in other words, to

discover where the boundaries between classes lay in the input space.  This set-up was sufficiently

simple to allow extensive simulations, yet involved the crucial features and difficulties of real world

problems.  It was important that the networks did not evolve to cope only with a particular single

data set, so each individual network was assigned a randomly chosen classification boundary of the

specified type, and had to learn from a stream of randomly drawn data points from the input space.

The individual fitness at each stage could then be defined as the generalization ability, i.e. the

average number of inputs correctly classified (e.g., defined as having the network outputs, i.e. class

probabilities, within 0.2 of the binary targets) before training on them.
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An additional factor, that complicates this learning process for many tasks, is that humans and

some other animal species have critical periods for learning, and outside that period the learning is

more difficult [2, 20].  It is not clear how, or even if, that will interact with a period of parental

protection.  It has certainly been demonstrated in previous computational studies that evolving

neural network learning rates that vary during the learning process does lead to improved learning

performance, and that the evolved time dependencies are qualitatively similar to human-like age

dependencies [7, 9, 10].  Those previous studies indicate that, for current purposes, such time t

dependent learning rates ηL(t) can be conveniently approximated by introducing a simple two

parameter exponential scale factor s(t) to multiply innate initial learning rates ηL(0):

ηL (t) =  s(t) ηL (0)     ,    s(t) =  β +  (1− β) e−t / τ

in which t is the age of the individual in simulated years, the baseline β specifies the ratio of the final

and initial learning rates, and the time constant τ determines how quickly the learning rate rises or

falls towards the final value.   Both β and τ are evolved to take on the positive values that result in

the best performance under the given circumstances.  Clearly, if time dependence of this type proves

not to be beneficial, the parameters will be able to evolve so that s(t) = 1.  Note also that the

subscript L has been introduced because earlier studies [6, 8, 10] have shown empirically that better

performance can be obtained by evolving separate learning rates ηL and random initial weight

distributions [-rL, +rL] for each of the four distinct network components L  (the input to hidden

weights IH, the hidden unit biases HB, the hidden to output weights HO, and the output unit biases

OB), rather than having identical parameters across the whole network.  Again, if this proves not to

be beneficial in this particular case, the parameters will be able to evolve so that they are equal across

any combination of components for which that proves useful.  

The four initial weight parameters rL, four learning rates ηL, two variable plasticity parameters

τ and β, together with a standard momentum parameter α and weight decay regularization parameter

λ [4], give a total of twelve real valued evolvable innate parameters for each network.  In principle,

the number of hidden units could also be evolved,  but doing that invariably results in it rising
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quickly to whatever limit is placed on it, considerably slowing down the simulations in the process,

so this is usually best kept fixed at some appropriate value [10].  For the current study it was fixed

at 20 hidden units for all networks, which was found to be more than enough for successful

learning of the given tasks.

Having specified the details of the learning individuals, they then needed to be integrated into

the evolutionary process.  This required the neural network learning time-scales to be aligned with

the lifetime and evolutionary time-scales.  This was conveniently done by defining a “simulated

year of experience” to be 1200 training data samples, and computing the fitness of each individual

at the end of each simulated year as the average classification performance over that year.  This

“simulated year” could then be used as a common unit of time across all the learning, lifetime and

evolutionary processes.  A computationally feasible fixed population size of 200 was maintained

throughout (consistent with the idea that there are fixed total food resources available to support the

population), achieved by replacing the individuals that died by children of the most fit individuals.

Deaths occurred by losing a fitness comparison “fight” against other individuals, or randomly due

to old age beyond a natural life-span.  The details of all these evolutionary factors needed to be

fixed to encourage evolutionary change and preserve a reasonably diverse population, but

fortunately the precise specifications proved not to affect the qualitative results a great deal, so

convenient “round numbers” were chosen for the associated parameter values.  

The timescale was chosen so that learning the given tasks typically took a human-like 10 to 15

years, and the natural life-span was defined to be 30 years, beyond which a random 20% of older

individuals died each year.  This allowed individuals enough training samples to learn their given

tasks and have a reasonable period during which they were fit enough to reproduce, yet prevented

the populations from becoming dominated by a few very old and very fit individuals.  In addition, all

the unprotected individuals were forced to compete each year with another randomly chosen eligible

individual, and would die if their fitness proved to be lower than their competitor.  To preserve a

reasonable population age distribution, deaths in this way were limited to 10% of the population

each year, though for populations with relatively large parental protection periods, this limit was
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rarely reached.  The children were generated by cross-over and mutation from two parents chosen

each year by pair-wise fitness comparisons of the eligible individuals.  This was conveniently

implemented by having each child inherit innate parameters chosen randomly from the

corresponding ranges spanned by its two parents, plus a random mutation (from a Gaussian

distribution) that gave it a reasonable chance of falling outside that range.  A litter size of one was

chosen since that appears to be optimal for large primates [25].  Clearly, these details are gross

over-simplifications of real biological processes, but they constitute a manageable starting point that

includes approximations of all the key processes.  

This simple nature inspired algorithm, tracking an evolving population of aging individuals over

time, with the oldest and least fit individuals tending to die and be replaced by children of the fittest

individuals at the end of each simulated year, has already been shown to work well in practice

[9, 10].  The crucial additional feature here is that the children can be protected by their parents until

they reach a certain age, and cannot be killed by competitors before then.  This introduces an

implicit cost to the parents in that the more children are protected, the higher the chance they stand

of being in the maximum of 10% of the population that die through competition each year, and the

higher the chance they have to compete against another adult rather than a less experienced child.  A

cost that the children can, and will, be forced to bear is that they are prevented from having any

children of their own before they leave the protection of their parents.  The effect of this cost is

something that will be considered in some detail later.  

The following sections will present simulation results that explore how the protection period

affects the performance of the evolved individuals, and what protection period emerges if it is left

free to evolve in the same way as all the other innate parameters.  First, however, it is important to

note some of the simplifications inherent in the definition of the protection process:  The parents are

assumed to be perfect protectors, whereas in reality their own fitness will normally affect their

protection abilities, as will the number of children they are protecting at any given time.  Moreover,

real parental protection will usually influence the training data available to the infants, but this

complication has been ignored and the nature of the training data kept constant across all cases.
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Obviously, these design choices are over-simplifications, but wherever possible, for each such factor

in the simulations, care was taken to make the design decision in such a way that the parental

protection effect was least likely to emerge.  Then, if it did, there could be some confidence that it

really was an important and robust effect.  One factor likely to reduce the parental protection relates

to the fact that there will usually be more direct costs to parents protecting young (e.g., [14]), but

this proved difficult to quantify within the current framework.  This complication was therefore

ignored for present purposes, though a better account of the reproductive and protection costs will

certainly be required for more realistic models.

3. Simulation Results For Fixed Protection Periods

The natural starting point was to perform the evolutionary neural network simulations described

above for a carefully selected range of fixed protection periods to determine if there are any

differences between the populations that evolve.  The learning time-scale was set so that evolved

individuals were typically able to learn the given task in 10 to 20 simulated years, and after 30

simulated years they start dying of old age, so protection periods of 1, 10 and 20 years formed a

suitable representative sample.  The evolution of the initial learning rates ηL(0) for these three cases

are shown in Figure 1, with means and variances over ten runs (which proved sufficient to establish

statistically significant results).  In each case, the pattern of evolved parameters and relatively low

variances across runs are similar to those found in earlier studies [9, 10], but subtle differences can

be seen between the final parameter values, and the evolutionary process is noticeably slower to

settle down for the longer protection periods.  

The generalization error performance means across populations during evolution for each

protection period are compared in the bottom-right graph of Figure 1.  This appears to show that the

two longer protection periods do have a clear advantage in this respect.  However, such simple

population averages are built up from complex age dependent error distributions, and it is inevitable

that the population age distributions will depend considerably on the protection period.  In

particular, longer protection periods will tend to result in populations with more older, and hence
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fitter, individuals, so observing improved average population fitness alone is not sufficient to

demonstrate that extended protection periods really do result in improved individual performance.  

To show that they do provide a real evolutionary advantage, the protection period needs to be

allowed to evolve alongside all the other parameters.  

4. Simulation Results For Evolved Protection Periods

For simulations in which the protection period is allowed to evolve, as another real valued parameter,

the evolution of that period and the associated initial learning rates ηL(0) are as shown in Figure 2,

again with means and variances over ten runs.  During the early stages of evolution, while all the

individuals are still performing relatively poorly, the protection period rises rapidly to about 17

years, but then falls slightly, settling down at around 15 years.  

The length of the protection period, whether it is fixed (at 1, 10, 20 years) or evolved (leading to

Ev ≈ 15 years), has significant consequences for the evolved learning processes.  The effect on the

initial learning rates ηL(0), as seen in Figures 1 and 2, is barely noticeable, but the effect on the age

dependencies of the learning rates is very clear.  Figure 3 shows how the evolved learning rate scale

factor time constant τ and baseline β vary with protection period, and the corresponding scale

factors s as a function of age.  Increased protection periods mean there is less urgency to learn, and

this results in a lengthening of the period during which significant learning takes place, and a

consequent reduction of learning rates needed during that period.  This will provide an evolutionary

advantage if the extended learning period results in better performance after the period of protection

has ended, and could thus provide a reason why extended protection periods should evolve.

As noted above, however, the protection period will also affect the age distribution of the

population, and this can also affect its evolution.  The averages and variances of the crucial factors

are compared for the various protection periods in the four graphs of Figure 4.  An increased

protection period will reduce the number of deaths per year due to competition from the maximum

of 20 per year (top-left).  This will result in more individuals living longer and increase the average

age of the population (top-right), and lead to more individuals living long enough to start dying of
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old age (top-left).  Overall, there is still a net reduction in the number of deaths per year, and so,

given the fixed population size, the average number of children per individual at any given time

decreases with increasing protection period (bottom-left), without any introduced direct cost for

parents protecting more children.  Together these factors result in rather different age distributions

for the various populations (bottom-right).  Each age distribution is fairly flat during the protection

period, and then falls off due to competition until the individuals start dying of old age from the age

of 30, at which point there is an exponential fall towards zero.  

The various trends observed in Figures 3 and 4 are all monotonic with respect to the protection

period, and the evolved protection period population results are consistent with what would be

expected from their evolved period of around 15 years.  The question arises as to what causes the

evolved protection period to stabilize at the value it does, rather than at some higher or lower value.

It is unlikely that longer protection periods could result in inferior learning, because the evolution

can easily adjust the learning process to ignore any final part of the protection period that worsens

the performance.  However, even if increased protection periods result in better individual

performances, there will still be an associated reduction in the number of children per individual, and

that will place those individuals at an evolutionary disadvantage, which will tend to drive a reduction

in the protection period.  There will be a trade-off between improved individual fitness and reduced

potential for procreation.  To explore this trade-off, the next section investigates more carefully the

performance of the evolved populations.

5. Analysis of the Evolved Performance

Understanding fully the evolved performance requires going beyond the population averages of the

previous two sections.  Figure 5 shows the means and variances of the individual performance error

rates (i.e. inverse fitness) during learning.  There do appear to be major reductions in the mean error

rates resulting from increased protection periods, with associated delays in reaching those lower

error rates, as permitted by the delayed need to compete.  However, the variances in the error rates

are extremely large, mainly due to long tails at the high end of the distribution of errors, and this
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renders it difficult to analyze the significance of the mean performance differences.  This rather

skewed distribution of errors has been observed before, and is a consequence of the evolutionary

pressure to learn quickly resulting in individuals adopting risky learning strategies which lead

occasionally to very poor performance [9, 10].  Since extended protection periods reduce the

pressure to learn quickly, it is easy to understand the observed performance improvements.   

The median learning performances, which are not affected by the long tails of the error

distributions, are shown on the left of Figure 6, and indicate essentially perfect performance by age

12 for all protection periods, though with the expected slower initial learning for longer protection

periods.  The distributions of errors for older individuals (aged between 50 and 60), shown on the

right of Figure 6, give an indication of the extent of the small numbers of very large error cases that

persist even for long protection periods.  There is a certainly a massive peak around zero errors, as

would be expected at those ages, but there remain a significant number of very large errors.  The

upper and lower quartile performance error rates, shown in Figure 7, are consistent with the

expectation that longer protection periods will slow the learning, and also confirm that they improve

the learned performance at the poorer performance end of the spectrum.

To reinforce the above understanding, all the evolutionary simulations were repeated without

allowing age dependencies in the learning rates [12].  In this case, there is no easy mechanism for

longer protection periods to lead to slowing and extending of the learning process, as this was

achieved before by modifying the age dependent learning rate scale factor as seen in Figure 3.

However, evolution of other learning parameter differences still allow longer protection periods to

result in significant improvements in the error distribution for old individuals, and the lower quartile

learning performances, with relatively modest slowing of the upper quartile and median learning, as

shown in Figure 8.  In this case, the evolved protection period is about 16 years, only slightly longer

than found before.  The differences and improvements afforded by the possibility of age dependent

learning rates confirms the importance of including in the simulations as many as possible of the

known features of real learning systems.
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6. Robustness of the Evolutionary Simulations

The above simulations and analyses have established that longer protection periods do offer clear

learning advantages, and relatively few disadvantages, whether or not age dependent learning rates

are allowed.   Evolving the protection period suggests that there is a trade-off between this learning

advantage and the cost of reduced procreation opportunities.  However, evolutionary simulations can

easily stall in less than optimal configurations, particularly if there is a loss of diversity in the

evolving populations, or a poor choice of initial population [10].  A check is therefore required to

verify that the evolved protection periods are not simply some artifact of the chosen evolutionary

process, perhaps corresponding to a local optimum of fitness and/or lack of population diversity.

This can be done by allowing the protection period in the three fixed period evolved populations to

evolve away from their previously fixed values.  The results of this are shown on the left of

Figure 9, with means and variances across ten runs.  For each case, there is a relatively fast rise or

fall to the same evolved period of around 15 years that emerged before.  A qualitatively identical

pattern of results emerge for populations evolved without age dependent learning rates [12].

An additional test involves combining the evolved populations from all four cases (the three

different fixed period runs, and one evolved period run) into one big population, and allowing

natural selection to take its course.  Since the initial constituent populations had already been

optimized by evolution, the children inherited characteristics from just their fittest parent, with no

further crossover or mutation allowed.  The results of this process are shown on the right of

Figure 9, with means and variances across twenty runs.  Individuals with virtually no parental

protection are wiped out almost immediately, and eventually individuals with the evolved protection

period come to dominate the whole population.  Again, a qualitatively identical pattern of results

emerge for populations evolved without age dependencies in the learning rates [12].  It seems that

the evolved protection periods are quite robust.  

7. Exploration of the Trade-Offs

The simulations described above have demonstrated that, although there are clear learning
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advantages to having longer protection periods, extending those protection periods into effectively

fixed life-spans restricts the available procreation opportunities, and that in turn places those

populations at a serious evolutionary disadvantage.   The evolving populations manage this trade-

off, and establish a suitable compromise value for their protection period, appropriate for individuals

that start dying of old age after 30 years.  Two issues relevant to this trade-off need further

investigation:  how does the overall individual life-span affect the balance, and how important is the

prevention of procreation while being protected?

Repeating the above evolutionary simulations with the onset of “old age” at different ages,

corresponding to different natural “life-spans”, will show how that affects the emergent protection

period and associated performance levels.  Figure 10 presents the results of doing that.  Beyond

what might be termed the “natural learning time-scale” of about 10 years, there is a fairly linear

relation between the protection period and life-span.  There is also a clear improvement in the

individual adult performance levels as the life-span becomes longer.  These demonstrate that the

effect of learning is of sufficient importance that the amount of time devoted to it continues to

increase as the life-spans become longer, rather than using all the extra time for procreation.  Future

studies might consider the extent to which such learning driven extended protection periods will

lead to the co-evolution of longer growing periods too.  There are known to be correlations between

age of maturity and life-spans in biological populations, though there are certainly other factors

involved there besides learning (e.g., [13, 18, 32, 33]).  Interestingly, after controlling for body size,

there is also a significant correlation between brain weight and life-span among higher primates [1].

It certainly seems plausible that a correlation should exist between the weight of the brain and the

protection period that would lead to its optimal learning performance.  

A further set of simulations have demonstrated that if the life-span is also allowed to evolve

freely within the current set-up, it keeps on increasing indefinitely.  In biological populations, of

course, there are many other factors which act to restrict life-spans (e.g., [21, 31]), but simulating

such trade-offs is beyond the scope of this study.  Similarly, simulating factors that might result in

reproduction stopping early within the typical life-span, tendencies for increased reproductive
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problems at older ages, the effects of “grandmothering”, and such like [19, 21], are also left for

future studies.  

In all the above simulations, it has been decreed that procreation is not allowed while being

protected, and it has been argued that this is behind the trade-off that has restricted the protection

period.  This restriction on procreation is clearly more true of some natural species than others.

However, the aim here is not to tie the simulations to particular natural species, but rather to explore

the extreme behaviours with view to understanding the general principles involved.  To check the

relation between restricted procreation and restricted protection period, the evolutionary simulations

were repeated with procreation allowed irrespective of whether the individual concerned was being

protected.  Allowing procreation from the first fitness comparison point (at age one year) results in

the protection period evolving quickly to be safely beyond the normal life-span of the individuals, as

seen on the left of Figure 11.  This means that all individuals are protected all their lives from deaths

due to competition, and only die because of old age.  Of course, this ignores the fact that most

parents will not live long enough to protect their children for that long, but it does show the

underlying trend that is likely to persist in more realistic simulations.  Rather than simply assuming

that someone will be around to protect each child for the evolved period, as has been done thus far,

future simulations will need to involve much larger populations which will allow the consideration

of explicit families and the patterns of protection they can offer.

If the non-procreation period (or, equivalently, the age of first reproduction) is also allowed to

evolve as an independent parameter, that period falls quickly to finish before the first fitness

comparison point at age one, and the protection period again rises to beyond the normal life-span, as

seen on the right of Figure 11.  What both the scenarios of Figure 11 re-introduce is the need to

compete at all ages to procreate, and this encourages faster learning again and the return of the

unwanted associated side effects, such as the evolution of risky learning strategies that sometimes

result in persistent very poor performance at all ages.  This can be seen in the return of a shorter

learning rate age dependency timescale τ and increased mean error rates at age 60, as shown in

Figure 12.  If the need to compete to procreate is removed (i.e. fitness is not used to choose
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parents), the protection period again rises to beyond the normal life-span, leaving no fitness

pressure at all in the evolutionary process, and so no performance improvement takes place.  

It seems then, that there are individual performance advantages that emerge as a result of

preventing offspring from reproducing while being protected, but this feature does not evolve in the

current simulations.  In these simulations, the trade-off between reproductive opportunity and

improved adult performance favors early reproduction, even though allowing the protected children

to reproduce will compromise the parents’ own reproductive success rate.  Interestingly, there is

found in higher primates to be a significant correlation between brain weight and age of first female

reproduction [1], which makes sense if delayed reproduction really can improve learning

performance for complex tasks.  Of course, correlation does not imply causation, but such

correlations are certainly consistent with the various factors co-evolving in these species to provide

better overall performances.  Clearly, delayed reproduction does not emerge in the current

simulations because there are other important factors that have not been included in them.  For

example, if the adult performance affects the population size that can be supported by the

environment, or affects some absolute ability of individuals to survive (e.g., associated with crucial

food gathering skills or competition with other species), then behaviors which increase that

performance will be more likely to emerge in simulations that include such factors.  There is

certainly much scope for future work to explore these issues.

8. Evolution with Abstracted Learning Processes

To render the above artificial life simulations as reliable as possible, the learning task was taken to

be something that is likely to be a component of real animal learning, and the learning process was

implemented in the form of a traditional artificial neural network model.  Such evolutionary neural

network simulations, however, are extremely computationally expensive, and it makes sense to

consider now the extent to which the various issues can be explored by abstracting out the key

properties of the learning process, and evolving only the life history factors.  The problem with

attempting this is that the error distributions and associated fitness levels during neural network
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learning depend in a complex manner on the learning algorithm and its evolved parameters, and

these depend in a non-trivial way on the evolutionary pressures and population age distributions,

which in turn are affected by the protection periods that the study is attempting to determine.  With

so many unknowns, and the complexity of their interactions, it is not possible to predict reliably in

advance what distributions of all these things will emerge across the evolving populations.

However, having run all the above simulations, a good idea of the patterns that emerge is now

available, and it becomes feasible to abstract out the key issues and attempt to run the simulations

again without the full neural learning processes.

The simplest conceivable approximation to the full learning process would be to have each

individual’s cost (i.e. abstracted classification error, or inverse fitness) fall linearly with age from

100 down to 0.  Figure 13 shows the results of evolving the protection period in this case, for a

range of learning rates δ, with means and variances over 20 runs.  The deterministic case, which has

the individual costs reduced by δ each year down to zero, has similar results to a stochastic version

in which the reductions are drawn randomly from the range [0, 2δ].  The population mean cost is

approximately linear with the Expected Learning Time (ELT), i.e. 100/δ, for both the deterministic

and stochastic versions.  The evolved protection periods also start close to linear with 100/δ, but

level off around 30 years, the point at which the individuals start dying of old age.  Below around 20

years there is a slight, but significant, increase (of 1 to 2 years) in the protection periods for the

stochastic case, over the deterministic case, that reflects the uncertainty in reaching perfect

performance by the expected time (100/δ).  Predictably, the best mean performance is achieved with

very high learning rates δ, for which all individuals reach perfect performance before their first

round of competition to survive or procreate at the end of their first year.  Consequently, if the

learning rate δ is evolved along with the protection period, it quickly achieves very high levels, and

the protection period takes on the associated very low levels as indicated by Figure 13.  Of course,

with neural networks, one cannot keep on increasing the learning rate and expect the learning time to

decrease with it.  Eventually, at some task dependent point, the approximation to true gradient

descent breaks down, and the learning performance deteriorates.  As was observed in the evolving
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neural network simulations above, evolution can be used to find the best values for the learning

parameters, and having slower learning with longer protection periods does provide a clear

evolutionary advantage.

To provide a better approximation to the observed neural learning process, with faster learning

leading to riskier learning strategies that increasingly lead to persistent poor performance, one can

consider having the learning process stop at some random point in the performance range [0, 100]

with a probability ρδ that increases linearly with the learning rate δ and an associated parameter ρ.

The top two graphs of Figure 14 show how the stochastic version performance then depends on

δ and 100/δ for four representative values of ρ.  The higher ρ is, the lower the value of δ at which

significant deviations from the earlier ρ = 0 case arise.  Eventually, in all ρ > 0 cases, the cost begins

to increase again with δ until ρδ = 1, at which point it begins to fall slowly along a ρ independent

curve.  The bottom-left graph shows that the relation between the protection period and 100/δ is not

much affected by the size of ρ.  The bottom-right graph shows how the cost varies with the

protection period for the different values of ρ. 

The cost plots in Figure 14 show clear minima for each value of ρ, and successful evolutionary

processes are likely to result in the emergence of optimal learning rates δ and protection periods that

follow similar trends.  The top two graphs of Figure 15 show the Expected Learning Times 100/δ

and protection periods that actually emerge through evolution as a function of the parameter ρ.  As

ρ increases, the best possible learning time 100/δ also increases, and the best protection period

follows suit.  In the top-right graph of Figure 14 it can be seen that around ρ = 0.08 the global cost

minimum shifts from the local minimum at fairly high 100/δ to the point at zero 100/δ.  The

bottom-left graph of Figure 15 showing cost against ρ indicates that the evolutionary process gets

trapped in the local minima at the ρ = 0.1 point, but for higher ρ the global optima are found, as is

clear from the sudden drops in the top two graphs of Figure 15.  The bottom-right graph shows that

the mean evolved protection period is always slightly longer than the mean evolved expected

learning time 100/δ.  This is a reflection of the facts that mutations always lead to distributions of

learning times and protection periods, and that the protection period should always be long enough
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to accommodate a reasonable number of individuals that are slower than average.  For the same

reason, the protection periods for the stochastic case are always slightly longer than those for the

deterministic case, as previously observed in Figure 13.

The parameter ρ is an abstract measure of learning difficulty, that can be regarded as an

approximate representation of the difficulty a neural network learning algorithm has with its given

task.  It is certainly a rough approximation, but it does have the required properties.  Relatively easy

tasks will correspond to low ρ, be learned quickly, and have short protection periods.  Harder, or

more complex, tasks will correspond to higher values of ρ, take longer to learn, and benefit from

longer protection periods.  The individual performance levels that emerge in the abstracted learning

models of Figures 14 and 15 can be compared directly with those from the full evolutionary neural

network simulations of Figures 5, 6 and 7.  Figures 16 shows the mean, median, upper quartile and

lower quartile costs as a function of age for the abstracted processes with ρ = 0.04.  In this case, the

mean evolved protection period is around 14 years, and the mean evolved expected learning time

100/δ is around 10 years.  As in the full neural simulations, the results for the evolved protection

period (Ev) are compared with those for representative fixed protection periods (1, 10, 20).  Clearly,

the linear learning approximation and flat distribution of residual errors are gross approximations of

the real neural learning processes, but the broad pattern of results is seen to be the same:  Longer

protection periods allow slower learning and result in better adult performance, but not allowing

procreation while being protected prevents the evolved protection periods from becoming

excessively long.  The effects of changing the onset of “old age”, and of allowing procreation

while protected, are shown in Figure 17, and are also found to be in line with those of the full

evolving neural network simulations presented in Figures 10 and 11.

9. Conclusions and Discussion

This artificial life study has shown how evolutionary neural network simulations can begin to

explore the effects of lifetime learning on life history evolution.  It has established that clear learning

advantages and better adult performances are possible if children receive longer periods of parental
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protection, but only if the children are not allowed to reproduce during their period of protection.  If

procreation is not prevented while being protected, the competition to reproduce leads to learning

strategies that result in worse adult performance.  When procreation is prevented while protected, a

compromise protection period evolves that balances the improved learning performance against

reduced procreation period.  It was also found that the evolved protection period increases with life-

span, rather than remaining at a fixed duration determined by the learning task complexity,

illustrating the trade-off involved and confirming the importance of learning well.  

Applying these findings to the understanding of real animal populations is not straightforward.

Indirect genetic effects, in which the environmental influence on one individual is affected by a

different individual (such as a parent), are known to have important and sometimes non-intuitive

consequences for the associated evolutionary processes [37], and there are an enormous number of

potentially important, species dependent, factors that have been glossed over in this study.  The

concept of protection period studied here is certainly a considerably simplified form of the altruistic

behaviors known to be common in nature [29].  Moreover, the relative importance of the

complexities of social life versus diet and food gathering for the co-evolution of brain size, learning

and intelligence remains controversial [21].   Both of these factors are clearly important for primates

in general, and humans in particular.  However, the simulations presented in this paper bypass the

distinction, showing that any need for learning complex behavior will result in associated changes to

the optimal periods of protection and ages of first reproduction.  The physical and biological

practicalities associated with the co-evolution of the various factors will certainly bias what emerges

in biological populations, dependent upon the characteristics of the particular species involved.

Consequently, mapping the results of the simplified simulations onto particular species is fraught

with difficulties.  Nevertheless, this paper has explored the general principles of lifetime learning

effects on life histories, that can be used in the future as the basis for more detailed studies aligned

to particular species.

A major problem with most artificial life simulations are the extreme simplifications that are

required to render them computationally feasible.  If the models are over-simplified, there is a real
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risk that they will become unreliable and misleading.  For example, it was seen in this study how

important the inclusion of certain details were, such as the differences and improvements that

emerge by allowing the evolved neural learning rates to depend on age.  To proceed in the face of

computational intractability, one can run quite detailed simulations to establish the behavior of

particular aspects, and how they interact with other aspects, and then attempt to formulate

computationally inexpensive approximations of them that may be included in future models that

represent the other factors in more detail.  Determining how to do that reliably is a major challenge

for the field of artificial life in general.  If different features of the system under investigation do not

interact, then progress in this direction should be straightforward, but usually the assumption of no

interaction will be yet another approximation that has to be accommodated.  

It was in this spirit that the previous section of this paper considered how the neural learning

process, that is at the heart of this study, might be approximated to give massive savings in compute

time that could then be used to allow other aspects to be modeled in more detail.  It was shown how

this could be done in such a way that the key results which emerged were qualitatively equivalent to

those of the full evolving neural network study.  Moreover, there was a simulation time speed-up

factor of the order of 10,000.  It was also seen how the abstract approximated learning process

could be parameterized in such a way as to represent learning tasks and processes of differing

difficulty, and in that way the simulations could be regarded as extensions of the neural simulations

that were tied to a particular simplified task and neural network.  Further work would be able to

benefit from improvements to the parameterization of the abstract learning processes that might

represent known aspects of human/animal learning even better than the neural network models used

in this study.  Full evolving neural network simulations are still likely to be required to ground the

whole process, to relate the abstract performance improvements to the age dependences of real

neural learning abilities, so they cannot be avoided completely.  For example, it would be virtually

impossible to predict the effect of extended protection periods on all the evolved neural network

parameters, and the resultant learning performances, without running at least one set of full

simulations.  But once the key learning performances have been established and abstracted, the hope
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is that they can be avoided in future simulations.  Checks are required, of course.  For example, the

correspondence of the abstracted learning results seen in Figure 17 with those in Figures 10 and 11,

are evidence that the chosen approximation is at least good enough to explore the effect of varying

the life-span and allowing procreation while protected.  

It seems likely then that future work in this area will, for reasons of computational feasibility,

best proceed by pursuing this abstracted learning approach further, with better matching of the

learning patterns with real tasks and species.  The computational speed-ups over full neural network

simulations will then facilitate explorations over whole ranges of abstract learning parameter values,

analogous to the plots against δ and ρ in Figures 14 and 15.  As noted at various stages in the

above,  there certainly remain many related life history issues and refinements that could usefully be

incorporated into extensions of the study presented in this paper.  

The most obvious set of extensions are those that relate directly to the learning process, such as

the changes to the learning experience that can result from the parental protection, for example due

to guided exploration, exploration without risk, mimicking of parental behaviour, parental

instruction, and so on.  It will probably actually be easier to incorporate these factors into an

abstracted learning process, than it would be to adjust a full neural learning process, so this should

be a particularly promising avenue to explore further.  Then there are more realistic accounts of the

costs of reproduction and protection, how the protection abilities depend on the parental fitness and

number of children, and how these affect the patterns of competition and deaths.  Similarly, the

effect of numerous other biological and environmental details that influence the life-span, age of

maturity, fecundity and length of the reproductive and growing periods, could be incorporated into

the models.  Individual age-related factors, such as biological deterioration affecting the ability to

compete or reproduce at older ages, may also have important consequences under certain

circumstances.  There is also the need to pay more attention to the evolutionary pressures and

consequences that arise due to the introduction of competition with, and co-evolution with, other

species.  For example, the performance differences seen in Figure 12 are likely to have different

consequences if the competition is between species, rather than purely within one species.



23

Parameterized representations of such additional factors will allow further explorations of the

associated trade-offs, better understanding of how these factors interact with learning, and how

different patterns arise for different species.  Various aspects of these extensions will hopefully be

presented elsewhere in the near future.
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Figure 1:  Evolution of the average initial learning rates ηL(0) and variances over ten runs for fixed

protection periods of 1, 10 and 20 years, and comparison of the corresponding performance error rates,

where the subscript refers to the relevant network connections (IH, HO) and biases (HB, OB).  It is clear

that the protection period does affect what evolves.
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Figure 2:  Evolution of the average initial learning rates ηL(0) and variances over ten runs when the

protection period is allowed to evolve (left), and the evolution of the protection period (right).  A well

defined optimal protection period of about 15 years emerges.
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The relevant evolved baseline β and timescale τ parameters (left), and the resultant learning rate scale

factors s (right), for the representative fixed protection periods (1, 10, 20) and evolved period (Ev ≈ 15).

Longer protection periods lead to the evolution of longer learning periods.
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Figure 4:  The effect of different protection periods on the evolved populations: the average death rates

(top-left), the average age of individuals (top-right), the average number of children per individual (bottom-

left), and the resultant age distributions within the population (bottom-right).
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evolved populations with different protection periods.  Longer protection periods result in slower learning

but better final performance.
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individuals between the ages of 50 and 60 (right), for the different protection periods.  The median

performance is perfect by about 12 years of age, but the population has many large errors persisting into

old age.



33

9630
0

1

2

3

Age

Er
ro

r

1

Ev

10

20

3

2

1

 Upper
Quartile

       
6040200

0

1

2

3

Age

Er
ro

r

1

Ev
10

20

3

2

1

 Lower
Quartile

Figure 7:  The upper and lower quartile performance error rates during learning (left and right respectively),

for the different protection periods.  Longer protection periods massively improve the chances of achieving

perfect performance later in life.
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Figure 8: The upper quartile, median and lower quartile performance error rates during learning (top-left,

top-right, bottom-left) and distribution of errors for all individuals between the ages of 50 and 60 (bottom-

right), for the different protection periods, when age dependent learning rates are not allowed.  Comparison

with Figures 6 and 7 reveals a clear reduction in performance levels.
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stochastic versions are shown as a function of the Expected Learning Time 100/δ.
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Figure 14. Results when the linear individual cost improvement with age stops with probability ρδ at a

random cost in the range [0,100], for ρ ∈ {0, 0.02, 0.05, 0.1}.  Mean population cost as a function of

learning rate δ (top-left) and as a function of Expected Learning Time 100/δ (top-right), protection period

as a function of ELT 100/δ (bottom-left), and cost as a function of protection period (bottom-right).  There

are clear cost minima that vary with the value of ρ.
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Figure 15. Evolutionary simulation results when the linear individual cost improvement with age stops with

probability ρδ at a random cost in the range [0,100].  Mean evolved Expected Learning Time 100/δ as a

function of parameter ρ (top-left), protection period as a function of ρ (top-right), population mean cost as

a function of ρ (bottom-left), and protection period as a function of 100/δ (bottom-right).  The parameter ρ

acts as an abstract measure of learning difficulty.
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Figure 16. Mean, median, upper quartile and lower quartile individual performances as a function of age for

the abstracted learning processes of Figures 14 and 15 with ρ = 0.04.  Each plot compares the results for

the evolved protection period (Ev) with those for representative fixed protection periods (1, 10, 20).  These

results are in broad agreement with the full neural simulations of Figures 5, 6 and 7.
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Figure 17. Further tests of how well the abstracted learning process results match those of the full neural

simulations.  The effect of life-span on protection period (left) for comparison with Figure 10, and evolved

periods for the procreation while protected case (right) for comparison with Figure 11, both show broad

agreement.  


