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Abstract 

The Baldwin Effect has been explicitly used as an argument for the explanation of the origins of language and the 

evolution of a Language Acquisition Device [65]. This paper presents new simulations of an artificial life model for 

the evolution of compositional languages [11]. It specifically addresses the role of cultural variation and of learning 

costs in the Baldwin Effect for the evolution of language. Results show that when there is a high cost associated with 

language learning, agents gradually assimilate in their genome some explicit features (e.g. lexical properties) of the 

specific language they are exposed to. When the structure of the language is allowed to vary using a process of 

cultural transmission, Baldwinian processes cause, instead, the assimilation of a predisposition to learn, rather than 

any structural properties associated with a specific language. The analysis of the mechanisms underlying such a 

predisposition in terms of Categorical Perception [35], supports Deacon's hypothesis [24] regarding the Baldwinian 

inheritance of general underlying cognitive capabilities that serve language acquisition. This is in opposition to the 

thesis that argues for assimilation of structural properties needed for the specification of a fully blown Language 

Acquisition Device. 

 

Keywords: Baldwin effect, language evolution, neural networks, genetic algorithms, learning cost, 

cultural transmission 

Short title: Baldwin effect in language evolution 
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LEARNING AND THE EVOLUTION OF LANGUAGE:  

THE ROLE OF CULTURAL VARIATION AND LEARNING COSTS IN 

THE BALDWIN EFFECT 

 

 

1. Introduction 

 

The interaction between evolution and learning, and phenomena such as the Baldwin effect, are of 

fundamental importance in artificial life systems that use both evolutionary computation and 

learning. A series of computational models have directly investigated the way evolution affects 

learning, and the effects of learning on the evolution of adaptive traits. Hinton and Nowlan’s [42] 

model of the Baldwin effect is one of the most influential papers that investigated the process of 

the assimilation of learned traits in genotypes. Other computer simulations studies [7, 74] have 

investigated in detail some of the Baldwin effect mechanisms. In addition, other research [52, 57] 

has studied the various mechanisms of interaction between learning and evolution and the effects 

of different costs attached to learning.  

 

The Baldwin effect consists in the fact that what a species must initially learn during each 

member's lifetime can over time become part of the genetic makeup of that species. In other 

words, what initially needed to be learnt eventually becomes innate. This argument was first 

proposed by the 19th Century theorist James Mark Baldwin [4]. Superficially it sounds like a 

variant of Lamarckism, the discredited theory of the evolution of acquired characteristics. In 

reality, Baldwinian evolution sits uncontroversially within the traditional Neo-Darwinian 

evolutionary framework. Baldwin's argument runs as follows: Imagine a species that must learn a 

certain task if it is to be successful in its environment. Now, a typical example of that species must 

initially start from scratch in learning this task, i.e. it has no innate ability. Also learning has costs. 

It could be dangerous to perform the task poorly and the time and energy it takes to learn the task 

impacts on other important activities such as looking for food etc. Furthermore, while attempting 

to learn the task the individual could be distracted from noticing prey or predators and so on. Over 
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generations some individuals will be born such that through chance mutations in their genome they 

have a small amount of innate ability to perform the task. Perhaps their reactions are a little 

quicker, or the neural mechanisms that are used to perform the task are a little more efficient. 

These individuals will learn the task more quickly and will also perform it better. This will 

increase their fitness and hence their reproductive ability. Thus over time this process works like a 

ratchet effect, slowly pushing the species closer to specific behavior.  

 

The study of the relationship between acquired traits and innate constraints, and in general the 

nurture/nature debate, is of great importance also in cognitive science [28]. This also applies in the 

field of the acquisition and evolution of language. For example, the Baldwin Effect has been 

explicitly used as an argument for the explanation of the origins of language (e.g. [26, 65]). 

Central to the study of language is the question of how much does language development owe to 

innate characteristics. Debate in this area has continued endlessly. At the one extreme the 

behaviorists argued that children learn language through the same associationist learning 

mechanism with which they learn everything else, and as such language presents us with no 

special problem [65]. Though this position is no longer widely held, there is no question that 

children do learn much of language through observation and explicit teaching from parents, as the 

behaviorists believe. Indeed, some recent theories of language acquisition stress the essential role 

of learning, such as in constructivist theories of syntax acquisition [71]. 

 

At the other end of the spectrum there are those that point out that the ease with which children 

learn language suggests some specialized language learning mechanism in the brain. Chomskyian 

idea of the Language Acquisition Device (LAD) [8, 22] was put forward as just such a mechanism. 

Chomsky argued that when growing up, the examples children get of language use from adults 

could never amount to a coherent and systematic enough data set from which children could 

become skilled language users [17]. This poverty of stimulus argument was put forward as 

evidence as to why it could be reasonable to assume some specialized device in the brain - the 

LAD - that would do all the hard work in learning a language. But how much work can be 

attributed to the LAD and how much to the learning abilities of the child? This question is of 

major importance in linguistics and the study of language in general.  
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Traditionally, linguists have been pessimistic towards arguments favouring an evolutionary 

account of language. This stems from Chomsky's argument that the form a language takes has 

little bearing on the fitness of the language-using individual. Thus evolutionary processes could 

not have sculpted the shape or form of language. For example it seems difficult to accept that the 

particular way a language expresses plurality could have any adaptive value; the ability to express 

plurality could be seen to be adaptive but surely the details of its implementation could not so 

easily be seen to be adaptive.  However, more recently theorists have begun to look to evolution 

and the Baldwin effect as possible ways to account for language evolution. However there is still 

argument over just what could have been evolved through a Baldwinian process with regards to 

language. Some argue for a Baldwinian evolution of the LAD, whilst others argue that only some 

substrates of cognition that underlie language ability (but nevertheless are not language-like) could 

have evolved through Baldwinian evolution (e.g. [24]).  

 

Recently, computational models have been employed to simulate the evolution of language [16, 

46]. Some models simulate both language learning (e.g. from cultural transmission) and evolution 

(e.g. inheritance of linguistic traits), therefore these can be useful for investigating how the two 

mechanisms interact. In this paper, we will present new simulations on a model of the evolution of 

compositional languages that specifically address the role of the cultural transmission and of the 

learning cost in the Baldwin effect. A compositional language is here defined as a linguistic 

system in which the meaning of an expression in part is determined by the meaning of its 

constituents. In the next sections, we will first look at the contribution of such models in 

understanding the Baldwin effect and in general the interaction of learning and evolution. 

Subsequently, we analyze the current modeling research on the Baldwin effect and the evolution 

of language. Learning is here represented by the process of the cultural transmission of language. 

We then present new simulations that further explore the relation between the evolution of 

language, the role of cultural transmission, and the effects of varying learning costs in the Baldwin 

effect. 

 

2. Modeling the Interaction of Learning and Evolution 
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The most influential study of the Baldwin effect is that of Hinton and Nowlan [42]. They used a 

Genetic Algorithm (GA) to display how the Baldwin effect takes place. In this model, the 

individuals that make up a population have a genome represented as a string of 0, 1 and a special 

wildcard allele ?, which represents a position on the genome that could be either a 0 or a 1 

(depending on a simple form of learning, i.e. a random guess). Hinton and Nowlan constructed a 

fitness landscape that had only one point surrounded by a completely flat space. In this situation 

the individuals all have zero fitness unless they are on top of the point. They used two different 

kinds of individuals in the experiment: those that can learn during their lifetime and those that 

cannot. It was shown that the individuals that can learn effectively smoothed out the landscape 

enabling the GA to improve performance. This ability translated into the individual's genome and 

as such is a good example of Baldwinian Mechanisms at work. 

In a more recent paper, Nolfi and Floreano [57] argue that by merging the processes of intra-

generational learning (adaptation within the lifetime of the organism) and inter-generational 

learning (evolutionary adaptation from one generation to the next) it is possible to develop systems 

that can adapt better to dynamic environments than systems designed with only one such process. 

They discuss a series of examples of the adaptive function of learning in evolution. For example, 

learning allows organisms to adapt to “quick” changes, i.e. those that happen within the 

organism’s lifetime, or in a few generations [53]. The Baldwin effect, i.e. when learning “guides” 

evolution for the assimilation of learned traits, is one such adaptive function.  

 

Among the many models analyzed in Nolfi and Floreano [57], one focuses on the effects 

learning can have on evolution if the fitness spaces of the evolutionary task (i.e. forage) and of the 

learning task (i.e. predict next sensory input) are dynamically correlated. This dynamic correlation 

refers to the fact that when there is (local) improvement in the learning task, this results in some 

improvement also for the evolutionary task. If the landscapes of both learning and evolutionary 

spaces are dynamically correlated, then a plastic individual can through learning, bring itself into a 

higher position on the evolutionary landscape [55]. This is also true when the two tasks are clearly 

uncorrelated [37, 55]. Another model shows that sometimes Baldwinian processes operate at a 

more subtle level than simply the direct assimilation of aspects of behavior. In Nolfi and Parisi’s 

[58] model, simple khepera robots have to find a target in an arena whose walls change color. In 

parallel they perform a self-teaching task. When comparing populations of robots that learn during 
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their lifetime and those that do not learn, results showed that the first perform better than the latter, 

and that learning robots acquire characters that are particularly adapted to the environment they 

spend most time in. More importantly, it was shown that the robots belonging to the learning 

populations have not simply assimilated particular environment-specific behavior, rather they has 

coded a predisposition to learn to behave efficiently. In other words, Baldwinian processes have 

used information gained through the succeeding generations’ ability to engage in lifetime learning, 

to assimilate an innate capacity that will facilitate learning. These results are very relevant for the 

study of Baldwinian effects in the evolution of language. Different useful traits for language can 

be acquired, some for assimilating the specific lexicon at birth, other for assimilating other 

structures useful for the specific language to be learned after birth.  

 

Some important issues that affect the interaction between learning and evolution are the actual 

feasibility of phenomena such as the Baldwin effect, and the trade-off between benefits and costs 

of learning. In fact, some environmental features can sometimes be hard, if not impossible, to learn 

and/or assimilate. Ackley and Littman [1] state that there is an upper limit in that too much 

variation makes them unpredictable and therefore unlearnable. In other cases, learning may help to 

generate behaviors that evolution would find hard to evolve. The precise structure of the English 

language for example is not likely to have been specified by evolution, but rather some general 

principles and parameters [18, 21] may have been genetically specified whereas the details of the 

language are likely to be left for the user to learn [64]. One of the main aims of this project is to 

see exactly what can be specified in terms of language by Baldwinian processes. 

 

The trade-off between benefits and costs of learning also affects the feasibility of Baldwinian 

phenomena. Whilst it seems clear that there are some benefits for a species to display some 

plasticity in its interaction with the environment, it is perhaps less clear that there will be some 

costs also. Mayley [52] outlines four of these costs. First there is a cost in terms of the length of 

time necessary to learn the specific behavior. If the behavior were innate, then there would not be 

delay in fitness optimization. Also, in species with this kind of learning there is usually a need for 

parental care in the early years of life. Secondly, whilst learning the behaviour there will be many 

instances of incorrect or poor performance. Depending on the behaviour this could be dangerous 

and as such could impact on the fitness of the individual. The third cost is in the genetic 

complexity required to implement a system of regulatory processes that guide the learning 
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mechanisms as opposed to a simple fixed structure necessary for innate behaviour. Finally, there is 

a cost in the learning itself in that the time spent learning must be subtracted from other important 

activities such as looking for food, mating, or predator avoidance. Given these costs Mayley 

argues that learning will only be used when necessary, e.g. when an agent is in such an 

environment that the ability to learn is essential for the agent's fitness, for example when the 

environment is changing more rapidly than evolution can track.  

 

Mayley investigated the costs of learning in various experiments. He specified two kinds of 

costs. The first - explicit costs - refers to situations in which the cost is discontiguous with the 

learning itself; this is analogous to supervised learning in artificial neural networks, where the 

backpropagation of error is not computed until a run on the learning task has been completed. In 

the natural world this kind of costs refers to situations in which the individual performs the 

behavior wrongly and then pays some price for the mistake, i.e. injury or death. The study that 

looked at this kind of cost found that it provided enough motivation for the system to develop 

genetic assimilation of learnt traits. The second kind of cost is termed implicit and refers to cases 

where the cost of learning is contiguous to the actual process of learning. This is analogous to the 

time and energy consumption costs mentioned above and is also similar to unsupervised learning 

in neural networks. This kind of cost likewise helps to drive the Baldwin effect but has a much 

stronger effect. Mayley also conducted an experiment where there was no cost associated with 

learning. In this scenario there was no benefit to genetic assimilation and as such it did not occur. 

Therefore it can be seen that for Baldwinian processes to occur there must be a downside to 

learning, i.e. costs of some kind. When these costs are outweighed by the benefits, learning will be 

necessary during the organism’s lifetime, when this situation is inverted then the ability to be 

learned will be gradually assimilate in the genotype.  

 

3. The Baldwin Effect in Language Evolution: Theories and Models 

 

In the influential 1990 Behavioral and Brain Sciences paper, Pinker and Bloom [65] put language 

back into the arena of evolution. This was necessary due to the influence of Chomsky's pessimism 

in looking at an evolutionary explanation of language. Chomsky [20] argued against a functional 
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account of language, claiming instead that its fundamental property existed in its forms not in its 

functionality. Furthermore, the form a language takes can have no relation to the fitness of its 

speakers. For example the characteristic form of any particular language seems to confer no 

evolutionary advantage to its population of speakers. Populations of language speakers do not 

compete for survival in terms of the form of their language. Having arrived at this position it 

seemed improbable to suppose that evolution could have had a say in the design of the form of 

language.  

 

Pinker and Bloom argue against the two theories used to support Chomsky's ideas: “exaptation” 

and the “spandrel” theory. Exaptation [32] refers to the situation when a structure or behavior 

evolved for a particular use is used for another purpose to which by sheer accident it is well 

designed. For example ears have the useful property of propping up spectacles though they cannot 

seriously be thought to have been evolved for that purpose, rather their design has been exapted 

for this use. Similarly language can be argued to have developed from other evolved structures and 

behaviors without itself ever having an evolutionary trajectory. Spandrel theory [31] refers to the 

idea that certain structures or behaviors can be useful for the support of other structures or 

behaviors but have no direct evolutionary 'purpose' in themselves. Here language can be seen as 

exploiting structural or behavioural aspects of human evolutionary 'design' but remaining invisible 

to any direct evolutionary processes. Instead Pinker and Bloom argue that as language displays 

characteristics of a complex design for some function it seems unreasonable to suppose that 

language was not designed by the only candidate known to science that can create a complex 

design in order to meet some function, viz. natural selection (cf. also [64]). 

 

Using a more neurally-based approach, Terrance Deacon [23, 24] offers a more biologically 

plausible account of language origins than what had gone before. Deacon looks at the possibility 

that language evolved via Baldwinian processes. In opposition to Pinker and Bloom, Deacon 

persuasively argues against the possibility of the evolution of a Universal Grammar (UG) in that 

for it to have been translated into the genome, important aspects of it would have to have remained 

constant for hundreds of generations. Furthermore, for any genetic assimilation to occur the neural 

substrates that processes language function must remain invariant regardless of the language or the 

person, again through large numbers of generations. However, the neural aspects of speech 

production and comprehension have been found to vary widely from person to person. No two 
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people have exactly the same pattern of neural activation across language tasks. In fact the same 

person can show different activation patterns when performing the same task at different times 

[30]. The different surface implementation of UG grammar in different languages makes a genetic 

account of UG unlikely. Deacon suggests that those aspects of language many linguists would 

rank most likely to be part of a Universal Grammar are precisely those that are ineligible to 

participate in Baldwinian evolution. Deacon states categorically the kinds of language properties 

that cannot participate: “No innate rules, no general principles, no innate symbolic categories can 

be built by evolution” [24:339]. However, Deacon goes on to propose that there are various 

cognitive pre-dispositions supporting language that can result from Baldwinian processes, for 

example such cognitive abilities as attention, imitation or automatic reflection. These abilities 

taken as a whole prepare a groundbed for language acquisition. Thus Baldwinian evolution is seen 

not to work on language directly but on the processes that underlie a language capability.  Deacon 

goes on to argue that the most likely candidate for the location of the supporting abilities that 

underpin language is the pre-frontal cortex.  

 

Theories and hypothesis on the evolution of language, such as those on the role of the Baldwin 

effect, are difficult to test due to the limited availability of empirical evidence. However, the recent 

development of computational models for the evolution of language and communication has 

significantly contributed to the renewed interest in the use of a scientific approach in this field 

[16]. These simulation-based studies use a variety of computational methods, mostly based on 

artificial life and synthetic approaches [47, 61, 68]. They are used to test specific hypotheses on 

language origins, or to explore plausible scenarios that lead to the evolution of language and 

communication. Indeed, current simulation studies of language evolution have dealt with a variety 

of research issues including the emergence of syntax and syntactic universals (e.g. [11, 40, 46, 60, 

71], simulations that focus on the evolution and auto-organization of communication systems (e.g. 

3, 14, 25, 49, 77]), studies of social and adaptive factors in communication (e.g. [51, 54, 76]), 

models on the sensorimotor grounding of symbols and meaning (e.g. [13, 51, 70]), and 

computational studies on the neural and cognitive factors in language use, evolution, and origins 

(e.g. [2, 15, 27]).  

 

The majority of these models study the evolution of genetically-determined lexicons (e.g. [14]), 

or of languages that are only culturally transmitted (e.g. [46]). Few studies simulate languages that 
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depend on both genetic (i.e. evolution) and cultural (i.e. learning) factors (e.g. [10, 13, 48]). 

However, these do not directly analyze the implications for phenomena such as the Baldwin effect. 

Other models directly address issues related to language learning and evolution.  Some study the 

critical period for language acquisition (e.g. [5, 43]). In Batali’s simulation [5] of language 

learning recurrent neural networks, it was shown that the connection weights undergo 

improvements through genetic assimilation. Other models explicitly examine cultural transmission 

and its effects on biological evolution and language learning. In Smith [67], the effects of cultural 

change in the evolvability of innate and learned signaling systems are studied. Just a few models 

of language evolution explicitly study the Baldwin evolution, and all focus on the assimilation of 

LAD based on the setting of principles and parameters [8, 9, 73, 78]. Yamauchi [78] uses different 

genotype/phenotype mapping methods for evolving principle and parameter LADs. He adds 

pleiotropy to Turkel’s [73] genotype encoding model of LADs, meaning two or more genes 

express one feature of the phenotype based on a randomly generated look-up table. The results 

show that the Baldwinian evolution of the LAD is suppressed when the complex 

genotype/phenotype mapping is used.  

 

In this paper we will extend Cangelosi’s [10, 11] model on the emergence of compositionality 

to specifically investigate the Baldwin effect in the evolution of grounded languages. In particular, 

various experiments will be performed to investigate some of Mayley's [52] ideas on the costs and 

benefits of learning with respect to the consequences they have on Baldwinian processes. In 

Cangelosi’s original model a population of artificial agents first learn through evolution to forage 

successfully and then to communicate about food. Each agent learns to accomplish the linguistic 

task through learning (i.e. by supervised feedback on their neural network during their lifetime) 

and the foraging task through evolution (i.e. the population as a whole undergoes evolutionary 

pressure across generations). The manipulation of parameters on learning costs and cultural 

variability in Cangelosi’s model will permit us to look at the interactions of both the learning and 

the evolution of language to see if there are any Baldwinian effects taking place, i.e. the 

assimilation of learned linguistic behaviors into the agent’s genotype [75]. One way to investigate 

this is to record the neural network error pre-learning before and after evolution. If any Baldwinian 

processes have been at work, then it should be possible to see a decrease in the pre-learning error 

of the last generation, before any learning has taken place. Once a Baldwin effect has been 
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achieved, it will be possible, following Mayley's [52] suggestions, to manipulate certain aspects of 

the environment such that any Baldwinian effects can be increased or lessened. One possible way 

to implement this is to vary the rate of cultural variation in language production. The idea here is 

that if the language used between generations undergoes a large amount of variation across those 

generations, then there will be a strong inhibitory pressure against any Baldwinian effect taking 

place as each new generation cannot ‘store’ highly variable (and unreliable) properties of the 

language. Similarly if the language undergoes little or no cultural variation and at the same time 

there exists costs in having to learn that language (e.g. by performing the foraging task poorly due 

to faulty learning) then there would be a strong pressure for the species to encode aspects of that 

language in the genome so that new individuals come into the environment in a prime position to 

take advantage of the linguistic structures already in place.  

 

Finally, once the Baldwin Effect has been established, it is important to ask the question of just 

what is being assimilated into the genome of the agents in the population? Are the agents born into 

their world ready to speak the language of their ancestors without any lifetime experience or is it 

more subtle than that? Certainly - as has been discussed earlier - it is the case in humans that 

newborn children, if lacking contact with other language using humans, will not go on to develop 

their own language. Rather, it seems as though they come into the world with some innate ability 

to pick up the language that is being used in the surrounding environment. If there is no such 

language environment they cannot develop their own language. However, the ease with which 

they do pick up the language in use around them suggests some innate structures that are perhaps 

primed and ready to take in that language and, furthermore allows the child to make some 

amazingly correct educated guesses about the forms that the language will take. We hypothesize 

that one of the things that does become assimilated into the genome of a language using 

community of agents is a heightened sense of the boundaries between categories of environmental 

stimuli as well as a heightened sensitivity to the similarities between members of the same 

category. It is as if language helps to fill in the outlines of objects such that they stand out from 

their background in much the same way that drawing a thick line around an object in a picture 

helps to disembed it from all the other background clutter. Following on from Harnad [35], this 

effect, known as Categorical Perception, will be investigated by recording the agents' hidden node 

activation in different stages of the simulation. A comparison will be made between the initial 

generation's hidden node activations and the last generations' hidden node activation to see if any 
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categorical perception effects have taken place. This will show up as a contraction of the cluster of 

hidden node activations gained from similar objects and an increase in the distance between 

clusters gained from different kinds of objects (cf. [13]).  

 

4. The model 

This model is based on the grounded approach to studying language evolution [13, 63]. 

Specifically, the approach is to implement a simulated world in which simple agents learn to 

forage for foods, initially only through the process of evolution – meaning that each individual 

does not undergo any learning during its lifetime. This evolutionary learning will be developed 

though the use of a genetic algorithm operating on the connection weights of the agent's neural 

networks. Each agent will occupy a cell in a lattice world and will forage in an environment 

containing two types of food – edible and inedible “mushrooms”. 

 

The overall setup of the model is identical to that used by Cangelosi
1
 [10, 11]. Here we give a 

summary of the main features. An agent has to forage by identifying foods depending on the 18 bit 

representations of the visual features of mushrooms. In the environment there are 3 different 

categories of edible mushrooms (E1, E2, E3) and three types of poisonous mushrooms (P1, P2, 

P3). Four different exemplars of each category exist in each world. All edible mushrooms must be 

approached and eaten, and all toadstool must be avoided. Each sub-type of edible mushroom 

requires a specific action to be properly eaten, e.g. wash E1, cut E2, and squash E3.  

 

An agent will gain 1 energy point for any edible foods eaten but will have 1 energy point 

deducted for any poisonous (inedible) foods eaten. The agents’ fitness is measured as the amount 

of energy left at the end of each epoch. The simulation on the evolution of foraging (stage 1) lasts 

for 300 generation. In the next 100 generations (stage 2) agents are allowed to communicate. 

Twenty expert foragers (i.e. the selected parents) are carried over into the next generation and act 

as speakers and teachers. Agents have to continue to successfully forage as before, but this time 

                                                 

1
 The majority of parameters of the new simulation are taken from the earlier work of Cangelosi. The selected 

parameter set is not meant to replicate any known evolutionary scenario. This is only meant to achieve a two-stage 

working model in which agents first evolve successful foraging and then learn to use language. 
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they have no access to the visual features of the food in 90% of the time. However, they always 

receive an additional linguistic input given to them by the 20 parents (each parent only speaks to 

its own offspring). During each cycle of interaction between the parent and its child, three 

different tasks are executed (Figure 1). In the first task, the parent sends out a signal that 

constitutes its own verbal description of the food that is the closest to the child. The child uses this 

linguistic information to decide what to do with the mushroom (only for 10% of the times can the 

child see the visual features of the mushroom). In task 2, the child agent will also perform a 

naming task in which it is shown the perceptual properties of the food and it must produce a 

linguistic description of the mushroom. Through a backpropagation learning cycle, it compares 

and corrects its output with the teaching input provided by the parent. In the third task, the child 

performs a linguistic imitation task in which it uses as input only the parent’s description, 

reproduce it as output, and once again backpropagation is applied.  

 

< Figure 1 about here > 

 

4.1 The Neural Network 

 

The behavior of an agent is controlled by a multi-layered feed-forward neural network (Figure 2). 

The network contains three sets of input units: three nodes to encode the position of the food, 

eighteen to encode the perceptual properties of the food, and eight linguistic input units. The 

hidden layer has five nodes. The output layer will consist of two groups of units: three encode the 

agents’ actions (move in the environment and wash/cut/squash), and eight encode the linguistic 

output.  

 

< Figure 2 about here > 

 

The encoding of sensorimotor and linguistic information in the network follows Cangelosi’s 

[10] setup. The encoding of language will be here explicitly summarized because of its importance 

for the aim of the paper. The linguistic input and output nodes are constructed of two winner-

takes-all clusters, one of two nodes, and another of six nodes. Within each cluster, the node with 

the highest activation is set to 1 and the rest are set to 0. Each unit of a cluster encodes the 

activation of a “word”. Thus at any time, two nodes/words are on, one per cluster.  
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In stage 2 of the experiment, the neural network of each agent will undergo supervised learning 

of the parents’ verbal input. This will use the error backpropagation algorithm with a learning rate 

of 0.1, and no momentum. The sigmoid activation function was used for all hidden and output 

nodes. 

 

The connection weights used in the neural network are initially assigned randomly in the range 

of ±1. They undergo changes through the genetic algorithm’s stochastic operators and during error 

backpropagation in stage 2. There is no upper limit to the value each weight can take. Only the 

pre-learning weights are passed on to the next generation. 

 

4.2 The Genetic Algorithm 

 

A genetic algorithm is used to evolve the connection weights of the agents' neural networks. The 

weights are encoded in the genotype as a chromosome comprised of real numbers. The population 

consists of 100 agents. The genetic algorithm will select the best foraging agents based on the 

fitness levels gained by eating the food sources during the agent's lifetime. The linguistic behavior 

does not produce any fitness gain directly. Once the top 20 agents have been selected, they 

reproduce asexually each making 5 offspring. The chromosomes of the new agents undergo 

random mutation whereby a normally distributed random number between ±1 will be added to a 

randomly selected 10% of the genes. Here the search space is all the behaviors possible given the 

input to the networks.  

 

During each generation, an agent lives in 20 different worlds (i.e. epochs) where 1200 foods are 

randomly placed in a 100x100 cell grid. In each world, it lives for 50 cycles. 

 

4.3 Cultural Variation 
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As with human languages, where each new generation develops unique forms of expression and 

idiosyncratic meanings of already established words, the languages in this model are subject to the 

process of cultural variation which lets the languages change and evolve over generations. Cultural 

variation and language distortions occur at the interface between the old generation of language 

users and the new generation. At the end of each generation the output of the 20 most successful 

individuals' symbolic nodes are recorded and a random number between ±0.5 is added to each 

linguistic output node before the winner-takes-all method is applied. This introduces the necessary 

variation in the language environment, which is needed for the experiments looking for a Baldwin 

effect. The addition of such level of noise causes changes in the relative activation of the nodes of 

each winner-takes-all cluster, thus affecting the choice of the winning node.  

 

4.4 Learning costs 

 

Another aspect of the simulation that needs to be variable is the cost associated with learning the 

correct mapping between parental symbolic input and food sources. Mayley [52] discusses the idea 

that one of the potential costs of learning is when a young agent, due to insufficient or faulty 

learning, performs a task wrongly or poorly and as a consequence fails to capitalize on some 

fitness benefit. In the present simulation, this can be viewed as the incorrect mapping of parental 

language into the right food category. For example a young agent may incorrectly interpret the 

symbol for a poisonous food as an edible one and proceed to eat the food source therefore 

incurring a penalty of –1 to its fitness score. Or alternatively an edible food source may be avoided 

as the word given to represent the food was mistakenly translated as meaning a poisonous food 

source. For our purposes we will let the learning cost stand as the –1 fitness penalty for eating a 

poisonous food source. We can also reduce the learning cost to zero by removing this penalty, thus 

any poisonous food sources eaten can be made to have no effects whatsoever
2
. 

                                                 

2
  There is also an additional cost associated in misinterpreting linguistic symbols associated to edible food 

categories. For example, no fitness point is gained when an E1 mushroom is treated as an E2 mushroom (e.g. cut 

instead of washed). Since this situation does not cause any fitness decrease, we prefer to manipulate only the cost 

associated to mistakenly approaching a poisonous food because of the negative (explicit) consequences in the fitness. 
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4.5 The Simulation Algorithm 

 

Stage 1 (generations 1-300) 

1. Create a population of 100 agents 

a. Initialize their neural network connection weights (i.e. genes) using random numbers 

in the range ±1. 

2. Place the population of agents in a series of 20 worlds (epochs), for 50 steps in each world. 

a. At each time step the agent receives the angle of the nearest food and the 18 bits of its 

perceptual features 

b. When the agent enters a cell where a food resides, it performs an action such as wash, 

cut or squash 

c. Update fitness: If the food source is edible and the right action is performed: add 1 

point to the agent’s fitness score; If the food source is poisonous, subtract 1 

4. After the 20 worlds, sort the agents on their fitness, pick out the top 20 agents, make 5 

copies of genotype (= pre-learning weights) of the selected agent, mutate 10% of the 

weights of each new agent 

5. Go to 2 until generation 300 

 

Stage 2 (generations 301-400) 

1. Keep the 20 parents from generation 300. 

2. Place the 100 new organisms in a series of 20 worlds. 

a. (Task 1: Action) At each time step the agent receives the angle of the orientation of 

the nearest food and a verbal description of that food which is initially a random two-

symbol input. In 10% of the time the agent will also receive the food perceptual 

(visual) features. 

b. Move the agent and update its fitness according to the learning cost (i.e. poisonous 

foods can be either give –1 or 0 fitness points) 

                                                                                                                                                                

The effects of fitness non-gains with edible mushroom are, however, considered later (see discussion of experiment 4 

results in section 6). 
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c. (Task 2: Naming) Input only the perceptual properties of the food and apply back-

propagation to the linguistic output units using the parent’s words as teaching input 

d. (Task 3: Imitation) Input only the two words provided by the parent and apply back-

propagation to the linguistic output units using the same words as teaching input 

e. Save the learning error for the first and last world  

3. After the 20 worlds, expose each agent to all mushroom types and record the output 

lexicon. Apply noise to output nodes when cultural variation is on. Save the lexicon of the 

best 20 agents for the next generation. This will be used in the next generation to choose 

the teaching input that each parent provides to its own offspring, without having to 

recalculate the linguistic output again.  

4. Sort the agents on their fitness, pick out the top 20 agents, make five copies of genotype (= 

pre-learning weights) of the selected agent, mutate 10% of the weights of each new agent 

5. Go to 2 until generation 400 

 

5. Results 

5.1 Initial Replication of Cangelosi’s 1999 model 

 

Initially we replicated Cangelosi’s [10] results in which a population of agents evolved both the 

ability to successfully forage and a compositional language. The majority of the parameters were 

exactly the same as in [10]. Only one parameter was significantly different. In the original model 

the cultural variation noise is always added for each learning trial. In the present model, noise is 

added once to the parents’ lexicon. This permits consistency in the cultural transmission of 

language to all offspring of the same parent. 

 

Ten baseline experiments with different randomly seeded populations were used. Eight 

populations managed to successfully forage for all edible food categories and avoid all poisonous 

food categories. Figure 3 shows the fitness levels gained for this first stage of the project. Stage 1 

ran for 300 generations and figure 3 shows the fitness levels of the eight successful populations 

averaged together for both the best agent in the population and the top 20 best performing agents. 
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By the last generation the best agents manage to collect on average 4.5 edible foods and avoid all 

poisonous foods. In the remaining two populations, some of the edible or poisonous category 

mushrooms are incorrectly dealt with by the agents. 

 

< Figure 3 about here > 

 

The eight successful populations from stage 1 went on to the stage 2 simulations. Of these, 

seven successfully developed foraging strategies using both perceptual and linguistic information. 

The only population that failed to develop a successful strategy failed due to an inability to 

differentiate between edible food E2 and E3. Figure 4 shows the fitness for the seven successful 

populations. In comparison with stage 1, the difference in performance between the best agent and 

the top 20 agents is much closer. Furthermore, populations in stage 2 reach optimal foraging much 

quicker than the populations in stage 1. Stage 2 populations first reach a fitness level of 70 at 

around generation 90, whereas for stage 1 this kind of fitness is only reached around generation 

150. Overall fitness by generation 300 is also higher in stage 2 than in stage 1, as in Cangelosi 

(1999), suggesting that the addition of the language component has beneficial effects on the 

agents’ abilities to forage successfully. This could be due top an increased categorical perception 

effects in linguistic simulations, as outlined by Cangelosi and Harnad [13]. This issue will be 

explored further below. 

 

The actual form that the evolved language took confirms Cangelosi’s [10] findings. Out of the 

seven populations that successfully foraged, one used the signals of only the 6-unit cluster to 

differentiate between the foods. This can be considered a single-word language. Two of the 

successful populations evolved combinatorial two-word pairings for the two major food types (i.e. 

edible/approach and poisonous/avoid) and also developed signals to differentiate between the three 

different subtypes of edible food types. However, there was no compositionality since signals were 

not systematically associated to identifiable meaning units (e.g. no signal was consistently 

associated to “avoid” or to “approach”). The final four populations developed a robust 

compositional communication system based on verb-noun languages. Most of the population 

shared the same symbols (“verbs”) for the approach/avoid actions, and other symbols (“nouns”) 

were systematically linked to the different kinds of food types E1, E2 and E3. The use of the terms 

“verb” and “noun” here must not be indented to refer to the real word classes of nouns and verbs 
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in human languages, but rather to highlight the type of contextual situation they refer to. In fact, 

we could refer to such compositional language as one composed by “noun” and “adjectives”, or a 

language based on predicates and arguments. What is important is that the meaning of the two-

word sentences produced by agents is compositional, since the two symbols used in the first 

cluster are always associated with the agents’ actions avoid or approach, and the three symbols in 

the second cluster are always associated to the mushroom color.  

 

< Figure 4 about here > 

 

Figure 5 shows one of these verb-noun languages. The two columns of circles (to the right) 

represent the two different types of verbs available to the agents. The symbols E1, E2, E3 and P1, 

P2, and P3 refer respectively to the three types of edible foods and the three types of poisonous 

foods. The block of six columns on the left corresponds to the 6-node winner-takes-all cluster. 

This potentially contains enough units for the agents to come to identify each type of food source 

with a unique node (i.e. single-word language). The block of 2 units on the right correspond to the 

smaller 2-node cluster. The height of the cone corresponds to the probability of use of each node: a 

full cone corresponds to the 100% use of the node in the whole population. In this figure, E1, E2 

and E3 each receive the same symbol in the 2-node cluster, whilst each subtype of edible food (E1, 

E2 and E3) is allocated a unique node in the cluster of six nodes. This is necessary for the agent to 

differentiate between the three subtypes. The poisonous food sources again all receive the same 

node activation in the 2-node cluster, though critically this is different from the one assigned to the 

edible food sources. As there is no need for the agents to differentiate between the different 

subtypes of poisonous foods - the required response for the fitness is only to avoid – all poisonous 

foods happen to have allocated the same node activation in the 6-node block.  

 

The model will now be used for new simulations where the learning cost and the cultural 

variation parameters are systematically varied to study their consequences on the Baldwin effect. 

 

< Figure 5 about here > 
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5.2 Experiment with the Baldwin Effect 

Mayley [52] argues that the Baldwin effect will be most prominent when the costs of learning 

outweigh the benefits. In the present model we expect to see a Baldwinian effect when these three 

criteria are met:  

1. Agents undergo both evolutionary adaptation and lifetime learning.  

2. There are predictable regularities in the environment, with no cultural variation
3
   

3. The costs of learning (i.e. negative fitness for poisonous foods) outweigh the benefits 

 

With these criteria in mind, it is possible to pick out the two specific components of the 

simulation setting that we have explained to be expected to affect the appearance and amount of 

Baldwinian processes, namely the amount of cultural variation (0 or ±0.5) inherent in the passing 

on of languages to the next generation and the costs of learning (0 or -1 for poisonous foods). Next 

we present the results gained from systematically manipulating both of these factors. To assess the 

presence and the amount of Baldwin effects, we measure the Root Mean Square (RMS) error of 

the best twenty neural networks in all epochs of the first generation of stage 2 (gen. 301) and in all 

epochs of the last generation (gen. 400). The genotypes of the eight successful populations of stage 

1 (i.e. end of generation 300) will be used for running the Baldwin effect simulations. 

 

5.2.1 Experiment 1 Baldwin Effects on RMS scores with cultural variation set at ±0.5 and 

learning costs set to -1. 
 

In this first experiment we looked at the extent of Baldwinian processes with the standard settings 

similar to that of [10]. Cultural variation was set at 0.5 which means that, at the time that the 

language is passed from one generation to the next, a random amount of ±0.5 is added to the 

linguistic output nodes of the parents before the winner-takes-all method computes the only active 

node in a cluster. This had the effect of a probabilistically changing the form of the language by a 

small random amount. The randomization is motivated by the observation that human languages 

are not transmitted in a noise-free fashion. In addition, the cost associated with the use of an 

                                                 

3
  Though this in itself does not guarantee a Baldwin effect, as either these regularities will be left untracked by 

evolutionary processes (e.g. when the cost in learning them throughout the agent’s lifetime is negligible), or when the 

cost becomes prohibitive. 
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erroneous language (e.g. when poisonous foods are eaten by mistake) is to decrease the fitness 

score by 1
4
. Figure 6 shows the RMS average error and standard error for the initial generation 

(301) through the agents’ lifespan of twenty epochs and the same for the epochs of the last 

generation (400). 

 

< Figure 6 about here > 

 

The RMS error quickly drops for the last generation, resulting in a large deviation in RMS 

scores between the two populations in later epochs. Using as independent variable the evolutionary 

amount of species learning (with two levels: first and last generation) and as dependent variable 

the RMS average errors, a t-test independent measures design was used to compare the average 

errors of the first and last generations. This test resulted in significant difference of the two means 

with a value of t = 435.03 and p< 0.0005. These results suggest that although little, or none, about 

the specifics of the task (i.e. the actual lexicon) has been initially canalized, some ability to 

subsequently learn the linguistic task efficiently has been assimilated, making agents more 

effective language learners. This will be discussed in more detail in section 6. 

 

5.2.2 Experiment 2. Baldwin Effects on RMS when Cultural Variation = 0 and learning 

costs set to -1. 

 

By reducing the cultural variation it is hypothesized that Baldwinian effects will increase. As the 

environment becomes fixed and thus more predictable (in these experiments the term environment 

refers to the linguistic stimuli), genomic structures might become able to predict what the agent 

will be presented with at birth. As a consequence, features of the linguistic environment can be 

assimilated in the genotype to anticipate the environment.  

 

Figure 7 shows the RMS error for the populations of the start and last generations with no 

cultural variation and a learning cost of -1. The difference between the average mean RMS errors 

                                                 

4
  Note that at this stage in the experiment all organisms have already developed the ability to discriminate between 

all foods without error based on their perceptual appearance. Thus any mistakes made after the introduction of 

language in stage 2 reflects the agents' difficulties in mapping the language onto the previously learnt categories. 
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of the two generations is significant at t = 16.78 and p<0.0005. In addition, the end generation 

clearly has a much-increased innate capacity to perform the task since the first epoch. Its initial 

RMS error rate (0.067) is already very low when compared to the epoch 1 RMS of the start 

generation (0.155). 

 

< Figure 7 about here > 

 

The comparison of the figures of experiments 1 and 2 also shows that the slope of learning 

between the two generations is parallel in Figure 7. Instead, in Figure 6 the end generation has a 

much steeper drop in RMS, especially in the first eight epochs, after which it levels off near the 

optimal performance value of zero. This could be a reflection of the different types of characters 

internalized by Baldwinian processes in the two learning environments. The environment in 

experiment 1 was one where variability was common and evolution found ways to evolve innate 

characters that made learning efficient once the nature of the language environment was presented 

to the agents. Experiment 2 contained no such variability in the language environment and this 

enabled the evolutionary process to encode aspects of the forthcoming language into the genome. 

This results in agents that were quickly up to speed in being able to use that given language and 

had little subsequent need for learning past the first few epochs. 

 

5.2.3 Experiment 3. Cultural variation set to ±0.5 and no learning costs 

 

In this environment the agents must remain flexible in their initial genomic structure if they are to 

learn the varying language from generation to generation. However, as the costs of learning the 

languages are nil – i.e. any errors made have no consequence in terms of fitness – there should be 

no pressure to incorporate the ability to learn languages into the pre-lifetime learning genome.  

 

Figure 8 shows that, although there has been some assimilation, it does not reach the extent that 

was seen for when cultural variation was set to zero. The initial starting point for both generations 

differs, and the rate of learning thereafter remains similar. So it seems that even though cultural 

variation is present, the rate of variation (±0.5) was low enough to allow some aspects of it to be 

assimilated into the genome. However, the lack of any learning cost meant that agents were not 
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much pressured to assimilate learning properties between the first and last generation, as shown by 

the similar rate of learning. The difference between the two conditions was significant at t = 9.936 

and p< 0.0005, with a difference between the initial RMS scores of both generations of 0.032. 

 

< Figure 8 about here > 

 

5.2.4 Experiment 4. No cultural variation and no learning costs 

 

Agents in this type of environment are expected to show an increased level of assimilation of the 

features of the language, because it stays stable over all generations. However, as there is no cost 

associated with learning the language, the amount of assimilation should be somewhat less than in 

experiment 2 where the lack of cultural variation was combined with learning costs. Figure 9 

shows this to be the case. The last generation starts out from a point in the learning space much 

closer to the goal state than the first generation. The distance between the two is slightly less (a 

difference of 0.056) than between the two generations in experiment 2 (a distance of 0.088). The 

overall difference between the two conditions is significant at t = 16.9832 and p<0.0005.  

 

< Figure 9 about here > 

 

6. Discussion 

 

The main findings of this simulation are here summarized: 

1. Replication of Cangelosi's [10] findings that a population of interacting agents is capable of 

evolving a shared communication system based on a compositional (e.g. verb-noun) 

language. 

2. The manipulation of the cultural variation of language between generations makes it 

possible to produce Baldwinian effects such that aspects of the language can become 

innate. 

3. Similarly, by varying the cost of learning a language Baldwinian processes can be induced. 
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4. Depending on which variables in the language learning environment are manipulated, the 

precise nature of the linguistic abilities assimilated into the genome changes. 

5. By fixing the structure of the language across generations, aspects of the specific structure 

of the language can be assimilated. 

6. However, if the structure of the language is allowed to vary by cultural variation, 

Baldwinian processes cause the assimilation of an ability to learn language more quickly 

(e.g. because of a predisposition to learn), rather than assimilating any structural properties 

associated with a specific language. 

 

Regarding finding 1, it should be pointed out that whilst the results of this project corroborate 

Cangelosi's [10] findings, there are some differences in the new simulations. One of the main 

differences in terms of results between these simulations and Cangelosi's was in the difference in 

performance in stage 2. In [10] the addition of a linguistic component to the agents' world 

produced an acceleration in their ability to learn how to forage that is much less pronounced in the 

simulations here. However, the effect is still present, though somewhat reduced, and this could 

merely be down to the differences in the details of implementation. Both sets of simulations show 

an increased performance overall as reflected in the higher levels of fitness at the end of stage 2 

compared to stage 1 (see figures 3 and 4 in the results section). What could account for this 

increase in the speed of learning and the overall performance?  Cangelosi and Harnad [13] report a 

study that shows how the addition of language can help to improve categorical perception effects 

[35], i.e. to compress within category distances, whilst at the same time increasing between 

category distances. During training, a neural network will alter its weights in such a way to 

partition the search space such that similar patterns of inputs are represented by similar hidden unit 

activations; conversely, dissimilar input activations will come to be represented by dissimilar 

hidden unit activations. By adding a symbolic (linguistic) component to an already learned pattern 

recognition task, Cangelosi, Greco and Harnad [12] showed how the hidden unit activations 

become even more similar for members of the same category and less similar between members of 

different categories. This has also been observed in languages based on verbs and nouns [15].  

 

In the current set of simulations, the addition of language could have increased categorical 

perception effects and help the agents to better distinguish between food categories. This would 

increase their ability to perform the foraging task. To test this hypothesis, we measured the agents’ 



 24 

hidden node activations for all the different types of edible mushrooms both before and after the 

addition of language. Though the agents performed well in distinguishing between the different 

types of edible foods at the end of stage 1, we wanted to see if their increased performance at the 

end of stage 2 was due to a more differentiated set of hidden unit activations for each sub-category 

of edible foods. Categorical perception effects can be measured by comparing the Euclidean 

distances in the multidimensional space of the hidden node activation. Any particular set of N 

hidden node activations produces a unique coordinate in an N-dimensional space (5 dimensions in 

this model with 5 hidden nodes). Comparing the hidden node activations to the different exemplars 

of each type of edible food produces a cluster of co-ordinates. Any food that is strongly 

differentiated from other foods will produce a small cluster of activations that in turn will be 

separated from other clusters representing different categories of foods. Thus an improvement in 

discriminatory performance will show up as a decrease in cluster size and an increase in distance 

between other clusters – the within and between category effects mentioned above. The following 

figures 10-13 show the Euclidean distances for the categorical perception clusters of a sample 

organism, i.e. the best agent of one of the four populations where a compositional language 

emerged. This pattern of results is similar to that observed in other agents with optimal 

categorization and linguistic behavior. For each cloud of points belonging to the same mushroom 

category, the center is first computed. The 5 coordinates of the center are the averages of the 5 

hidden activation values. The between-category distances correspond to the Euclidean distance 

between the centers of two clusters, the within-category distance of a cluster corresponds to the 

average of the Euclidean distances between each point and the center. 

 

Figure 10 shows the difference in edible food cluster size for each type of edible food both 

before the addition of language (init) and after (end). For each type of edible food (E1, E2 and E3) 

we can observe a drop in the size of the cluster as we move from the initial generation without 

language to the end generation with language. Although the difference is minimal for E1, it is 

more evident for E2, and especially for E3
5
. This indicates that at least some edible foods have 

become more homogenous through the use of shared linguistic signals.  

                                                 

5
 Extensive differences in the cluster size data between the first generation (i.e. gen. 300, after only categorization 

and motor abilities have evolved) and the last generation (gen. 400, after a shared, compositional language has 

emerged) are mainly attributed to the effects of language, rather than to that of continuing evolution. Once optimal 
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< Figure 10 about here > 

 

In addition, each type of edible food has become more dissimilar to the others thanks to the 

addition of a linguistic marker as shown in figure 11. The dark columns represent the average 

distance between each of the food types before the addition of language and the light columns the 

distance after the addition of language. The difference in height between the dark and light 

columns shows the increase in distance between each food subtype. Therefore this confirms that 

by evolving a shared language the agent population has decreased its ability to recognize 

variations within the food categories, as shown by the smaller clusters, and increased its ability to 

recognize variations between food categories as shown by the increased distance between clusters. 

 

Figure 12 shows the distance between each edible sub-category and the inedible/poisonous 

foods. The first thing to notice is that even the initial distances between the edible and inedible 

foods are larger than the distances between the different sub-categories of edible foods as shown in 

figure 11. The smallest distance between an edible food source and the inedible foods is about 1, 

nearly the same as the largest distance between any of the edible food sources. This is due to the 

higher level of difference in the bit representations between edible and inedible and to the different 

motor responses associated to each food category. Thus even in the initial, pre-language 

population the difference between the edible and inedible categories is high. Again, though the 

post-linguistic population has much more separation between edible and inedible clusters (c.f. 

increased height of the light columns of Figure 11), similarly the inedible cluster (of which there is 

only one as the agents did not have to differentiate in terms of behavior between the different sub-

types of inedible foods) has also undergone shrinkage in size as shown in Figure 13. 

 

< Figure 11 about here > 

 

                                                                                                                                                                

categorization abilities have evolved, as in generation 300, the within- and between-category distances also reach 

optimal levels and only minimal improvements are observed during evolution. As it has been observed in other studies 

on categorization and language (e.g. [13, 15]), it is the introduction of language that continues to significantly improve 

the within-category compression and the between-category separation.  
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< Figure 12 about here > 

 

< Figure 13 about here > 

 

 

Overall, this categorical perception effects show that the addition of linguistic markers for both 

the objects themselves and the associated actions help the agents to discriminate between different 

categories and subcategories (see also [13]). As a consequence, the behavior of foraging becomes 

more efficient and less error prone as shown by the rate of fitness increase and the overall 

heightened fitness levels at the end of stage 2 (Figure 5). 

 

This simulation also shows interesting phenomena on the effects of cultural variation and 

learning costs. For humans, the language environment is constantly changing. Each generation 

recreates only to some extent the language of its forefathers. One has only to look back to Chaucer 

or Shakespeare to notice how much the English language has changed over the generations. In the 

first experiment of the model, this was reflected in the cultural variation set at ±0.5 at each 

generation. Furthermore, it is trivial to imagine situations in which an individual with a faulty 

understanding of the language in use around him could suffer some injury either to his physical 

well-being or perhaps more subtly to his social standing. This too is reflected in experiment 1 by 

the fitness costs of mistakenly eating a poisonous food. Prior to the introduction of language, all 

agents had proven to be good foragers in which categorization mistakes were minimal. Any 

subsequent failings in performance are therefore due to a faulty understanding of the language in 

use, or to the use of bad languages. Thus experiment 1 most closely reflects the situation in human 

language environments. Looking at the results of this experiment (Figure 6) we see that there 

appears to be no benefits to the last population in terms of initial ability to reproduce the language 

of the previous generation. In fact, initial RMS error scores are slightly higher as shown below in 

figure 14 (first column pair cv lc). This is to be expected when one considers the fact that as the 

language changes every generation there is little stable linguistic information to be learnt and 

assimilated into the genome of the agents. This echoes Deacons [24] comments on the effects of 

language change: 
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“The relative slowness of evolutionary genetic change compared to language change 

guarantees that only the most invariant and general features of language will persist 

long enough to contribute any significant consistent effect on long-term brain evolution.” 

[24:329] 

 

Although we cannot directly compare the extremely simple forms of languages developed by 

the agents with real human languages, certain interesting similarities are present. Human infants 

come into the world with what Greenough et. al. [33] would call “Experience Expectant” (EE) 

systems that make them ready to absorb all the correct details of the language environment they 

find themselves in. This seems to be a strong account for the extreme speed and efficiency with 

which children become language experts. What the agents possess is, like human infants, a 

predisposition to efficiently learn the current language. This can be seen in the difference in the 

rate of learning between the initial, language naïve generation and the last generation. The first 

column pair in figure 15 shows this difference. Agents in the last population are much quicker to 

pick up the language than those agents in the first generation. Some features related to language 

learning abilities have managed to find their way into the innate characters of later generations.  

 

< Figure 14 about here > 

 

< Figure 15 about here > 

 

We can also compare the learning speed for experiment 1 with experiment 3 in which the cost 

of learning is reduced to 0. Though there is still some increase in the speed of learning for the last 

generation, the effect is much lessened (column pair cv ¬lc in Figure 15). When there are no costs 

associated with learning, the pressure to assimilate the aspects of the task into the genome in order 

to produce more efficient behavior is lessened. The overall fitness of the agent at the end of its 

lifetime is the only measure available to evolutionary processes and if the behavior of the agent 

produces no changes in this overall fitness measure, then evolution ignores that behavior. Instead, 

in experiment 2 where cultural variation has been removed but learning costs are still present, 

there is a difference between the pre-learning performance of agents in the initial and final 

generations (column pair ¬cv lc in figure 14). Here, due to the unchanging nature of the language 

environment and the impetus of Baldwinian processes brought to bear by learning costs, we can 
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see that the initial performance of the last generation of agents far outstrips the first generation. It 

seems that in the last generation, agents come into the world already speaking the specific 

language. Whilst this is obviously not the case for human infants’ language, it is possible to think 

of other abilities, or structures, that have similarly become innate, such as neural mechanisms at 

the base of language learning abilities [28]. In Experiment 2, the gain reflected in the initial 

performance level is offset by the accompanying drop in the overall learning speed as shown by 

the second column pair ¬cv lc in figure 15. As most of the characteristics of the language have 

been assimilated into the pre-learning genome of the agents, there is little left to learn after birth. 

Thus the specification of a learning system, an EE system in Greenough's terms, becomes less 

important.  

 

Finally, experiment 4 presented the agents with a stationary language environment with no 

associated learning costs. Though agents still assimilate aspects of the task into the genome (see 

column pair ¬cv ¬lc in Figure 14), the level of assimilation is not so high as in the other case with 

no cultural variation. The explicit learning cost of a negative impact on fitness levels was removed 

from the experiment, but there still exists subtle learning costs if the agents refuse to eat edible 

foods available due to faulty language understanding. This indirect fitness cost could explain the 

small assimilation effect seen here. Likewise, there is a small increase in learning efficiency for 

the last generations as shown by the fourth column pair of figure 15. 

 

7. Conclusions 

 

The analysis of the present model clearly shows that there are different types of Baldwin effects 

in language evolution. If the learning environment is changing and there are associated fitness 

costs in learning the task, then one strategy the population can adopt is to produce individuals that 

are quicker at learning the language at hand. For this to happen, it is necessary that, even though 

the task is changing at the superficial level, there must be some underlying and singular method 

for learning that task. In the case of our agents with simple languages, the task mainly consists of 

mapping a new set of sensory inputs (the language) onto an already formed set of grounded 

internal representations. This task, though extremely simplified, still shares a basic trait of human 
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languages, i.e. the use of symbolic relationships. As Deacon [24] points out, for a communication 

system to qualify as a language, it must also develop logical relationships between the linguistic 

symbols themselves. The language used by the agents is based on some syntactic relationship, 

such as that of compositionality [11].  

 

The second way in which Baldwinian processes can be seen to work in the model is perhaps the 

more usual kind of assimilation, where actual specific behaviors become canalized into the 

genome. This occurs when the particular learning environment becomes fixed, thus enabling the 

details of the linguistic behavior to be assimilated. In our experiments, the lack of any cultural 

variation meant that even the structure of the language could be built into the agent's pre-learning 

genome. Whilst unrealistic in terms of human language, this does reflect other kinds of behavioral 

canalization. 

 

Overall, this model support Deacon's [24] ideas on the inheritance of general underlying 

capabilities that help to enable new generations to learn the linguistic system in place. Nothing in 

the experiments points to anything as complicated and specific as a Chomskian language 

acquisition device. In addition, no evidence from the research is available to support Pinker’s [64] 

claim that certain principles and parameters of the language are assimilated by Baldwinian 

processes. Rather, the behavior of the agents seem to reflect, in the case of culturally varied 

language, a general cognitive and neural ability to more efficiently learn whatever linguistic 

structures are presented to the agents. Moreover, the analyses of the categorical perception effects 

induced by language suggest that what is assimilated through Baldwinian processes, is a 

fundamental cognitive ability at the base of cognitive and linguistic behavior, that is building 

discrete categories of the objects in the world [35, 36]. In the agents, this is realized through the 

evolution of neural networks whose initial weight setups facilitate language learning. This is 

consistent with Elman et al. [28] “rethinking” of innateness. 

 

Further investigations are needed to ascertain what precise mechanisms are at work in those 

agents with a pre-disposition to learn the language they are presented with. Analyzing neural 

networks is a non-trivial undertaking, but it would perhaps be interesting to enable the networks to 

switch on or off their level of plasticity in response to the amount of cultural variation within the 

environment. This would enable us to build a plasticity profile within the architecture of the 
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network. In addition, it would also be interesting to experiment with different neural network 

architectures to see if such properties could have an effect in the efficiency of developing symbolic 

relationships between words and objects, as well as between the words themselves. 

 

The cultural variation used in these experiments differed slightly to that used in Cangelosi [10] 

where the variation was added not once at the interface between each generation, but over the 

many interactions between parent and child agents as the language was taught. Cangelosi’s method 

may prove to be more natural and comparing cultural variation themes may help in further 

understanding its relationship with the type and amount of Baldwinian effects on show.  

 

Of course other aspects of the agents’ environment are open to variation. It would be possible to 

slowly alter the appearance of the food sources within a population. This, combined with various 

levels of linguistic variation, could act in synergistic ways and would be a rich source of 

experimentation.  
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Figure 1 – Learning tasks in stage 2 
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Figure 2 – Network architecture 
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Figure 3 – Stage 1 Fitness 
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Figure 4 Stage 2 Fitness 

 

 

n
o

u
n

1

n
o

u
n

2

n
o

u
n

3

n
o

u
n

4

n
o

u
n

5

n
o

u
n

6

v
er

b
1

v
er

b
2

E 1

E 2

E 3

P 1

P 2
P 3

food 

type

 

 

Figure 5 – Compositional lexicon 
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Figure 6 – RMS average error for first (gen. 300) and last generations (gen. 400) with 

cultural variation and learning costs. The error bars report the standard error of the 

average RMS of each epoch. 
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Figure 7 – RMS Error with no cultural variation and learning costs 
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Figure 8 – RMS error with cultural variation and no learning costs 
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Figure 9 – RMS error with no cultural variation and no learning costs 
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Figure 10 – Edible cluster size for initial and end generations 
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Figure 11 – Distance between edible clusters 
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Figure 12 – Distance between Edible subtypes and inedible 
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Figure 13 – Inedible cluster size 
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Figure 14 – Average RMS errors in epoch 1 for initial and end generations. In each 

experimental condition, a clear difference in the height of the two columns highlights the 

presence of Baldwinian effects for the assimilation of the language spoken by the 

population. 
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Figure 15 – Efficiency of learning between epochs 1 and 20 in the initial and ending 

generation.  

 


