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We show that artificial language evolution involves the interplay of two opposing forces: pres-
sure toward simple representations imposed by the dynamics of collective learning, and pres-
sure towards complex representations imposed by requirements of agents’ tasks. The push-pull
of these two forces results in the emergence of a language that is balanced: “simple but not
too simple.” We introduce the classification game to study the emergence of these balanced
languages and their properties. Our agents use artificial neural networks to learn how to solve
tasks, and a simple counting algorithm to simultaneously learn a language as a form-meaning
mapping. We show that task-language coupling drives the simplicity-complexity balance, and
that both compositional and holistic languages can emerge.

1. Introduction

In recent years, the application of the evolutionary metaphor to language change
has gained currency. A natural question this raises is, what determines fitness of a
language? Linguists often answer by attributing extrinsic sources of fitness, such
as the prestige of the speaker (Croft, 2001; Mufwene, 2002).

For human languages it is generally accepted that intrinsic factors such as
the learnability of a language do not vary across languages. A child born into
a Hindi-speaking community will learn Hindi as easily as a child born into an
English-speaking community will learn English. Modern languages, however,
have adapted over a long period of time. If we go far enough into the history of
language, it is clear that (aspects of) early languages had differential fitness. For
example, Phoenicians were the first to develop a phonetic alphabet. This innova-
tion quickly became established in many languages, even though the Phoenician
language itself died out. One explanation is that phonetic alphabets fixated be-
cause a phonetic writing system is much easier to learn.

However, if learnability were the only source of fitness for a language, we
would expect to see maximally simple, possibly trivial, languages prevail, since
these can be learned most easily. Indeed, simulations have shown this to be the
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case (Swarup & Gasser, 2006). To allow the emergence of more complex, and
thus more useful, languages in simulation, a bias for increasing complexity has
to be built in by the experimenter (Briscoe, 2003). Where would this bias come
from, if it exists, in a natural system?

It seems intuitive that the counter-pressure to make language more com-
plex must come from the functionality of language. A language is for some-
thing. In other words, the agents gain some benefit from having a particular
language/representation. If the use of a particular language gives an agent high
reward (perhaps through low error on some task), then part of that reward gets
transferred to the language as a boost in fitness. Languages that are too simple,
however, are unlikely to be very functional, because their information-carrying
capacity is low; an agent should feel a pressure to discard such a language.

Thus we can imagine that languages occupy a complexity line, with complex-
ity increasing to the right, as shown in figure 1. Learnability increases with sim-
plicity, to the left, and expressiveness or functionality increases with complexity,
to the right. Together, these two define the intrinsic fitness of languages.

Learnable Expressive
Just Right

Figure 1. The complexity line for languages.

In terms of this complexity line, we would like the languages that evolve to
be in the region that is “just right”, where the language that evolves is both easily
learnable and adequately useful. Such a language would be well-adapted, by some
measure, to the tasks at hand.

The goal of this paper is to relate language to task in a way that allows a
population of agents to jointly learn a shared representation that is well-adapted
to the complexity of the task they face. We do this by setting up a classification
game (below), where agents interact with each other while learning to perform
some classification task. The interaction between agents results in the emergence
of a shared representation, or language, that is simple but not too simple.

The rest of this paper is organized as follows. First we describe the Classifi-
cation Game, where we relate language to task by treating the agents’ hypothesis
space as the meaning space. We then present experiments that illustrate the kinds
of languages that can emerge with and without interaction between agents. We
show that both holistic and compositional languages can emerge, and that the
emergent languages are more efficient than representations learned without com-
munication. Finally, we discuss related work and speculate on future work.
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2. The Classification Game

Now we describe the experimental setup in which agents interact with each other
and learn to solve a classification problem while also learning to communicate
about it. The learning task in all the experiments below (except the first), is the
XOR classification task; it is well known in classification learning and its results
are easy to visualize. Inputs consist of just two bits. Thus there are four possible
inputs: 00, 01, 10, and 11. The output, or label, is 1 if the inputs are different,
otherwise it is 0.

We choose hyperplanes (i.e. straight lines) as our hypothesis class. One cru-
cial consequence of this is that at least two hypotheses are needed to solve the
XOR task, as will be obvious from the figures later. This choice of hypothesis
space leads very naturally to an artificial neural network (ANN) implementation.
Each hidden layer node of an ANN, called a perceptron, can be thought of as rep-
resenting a hyperplane. The number of hidden layer nodes in each agents’ neural
network defines the maximum number of hyperplanes it can use to classify the
training examples. We also refer to the hidden layer as the encoder, since it en-
codes the inputs into features that are to be communicated.. The second, or output
layer, has just a single node. We also refer to this as the decoder, since it decodes
the features extracted by the encoder to find the output. The agents also convert the
outputs of the encoder layer into a public language using a learned form-meaning
mapping (FMM), a matrix [fij ] where each entry defines the likelihood of pairing
that form (typically a letter of the alphabet), with that meaning (hidden layer node
number).
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Form-Meaning
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Figure 2. Speaker-hearer interaction.

The game protocol is simple. At each step, we select two agents uniformly
randomly. We assign one agent to the role of speaker, and the other to hearer.
Next, we present both with the same training example. The speaker treats its
active encoder outputs as a set of meanings to be encoded into an utterance. For
each active encoder (i.e. hidden layer) output, the speaker looks through the corre-
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sponding row of its FMM and chooses the column with the maximum value as the
corresponding form. It then updates that FMM locus by adding a constant δ to it.
At the same time, all other entries in the same row and column are decremented
by a smaller constant, ε. This decrement, called lateral inhibition, discourages
synonymy and polysemy, and is inspired by a mutual exclusivity bias seen in the
language acquisition behavior of young children (Markman & Wachtel, 1988).
Symbols corresponding to each of the active encoder units are put together to
generate the speaker’s utterance.

The hearer tries to decode this utterance via its own form-meaning mapping,
and uses its decoder to generate a label. We then give both agents the expected
label; they calculate error and update their neural networks. The hearer also uses
the backpropagated meaning vector, paired with the speaker’s utterance, to update
its FMM. Since the hearer cannot now know which meaning is paired with which
form, it simply does updates, including lateral inhibition, for all possible form-
meaning pairs in the utterance and meaning vectors it has, with the assumption that
the correct mapping will emerge from the statistics of the form-meaning vector
pairs. Figure 2 shows the process.

3. Experiments

Now we show the results of a series of experiments which demonstrate the effects
of collective learning on the emergent representations.

3.1. Driving simplicity: communication without task learning

Input Label Utterance
(0, 0) 0 C
(0, 1) 0 C
(1, 0) 0 C
(1, 1) 0 C
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Figure 3. The result of ungrounded language learning. The agents come to consensus on a trivially
simple mapping, which assigns the same utterance, and same label, to all the points.

This experiment shows how collective language learning in the ungrounded
case (without environmental feedback) leads to linguistic simplicity. At each step,
we give the speaker a random 2-bit Boolean vector, and the label generated by
the speaker is treated as the expected label for the hearer’s neural network. Thus
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the hearer tries to update its neural network to match the speaker’s. Speaker and
hearer both update their form-meaning mappings as described previously. An
example representation that the agents converge upon is shown in figure 3.

We see that all the hyperplanes have been pushed off to one side. It so happens
that hyperplanes A, B, and D are oriented in such a way that they label all the
points as zero, while hyperplane C has ended up in the reverse orientation with
respect to the others, and labels all the points as one. This is why the table shows C
as the utterance for all the points. The decoder for all the agents, though, decodes
this as the label zero for each point, as shown in the table, and also by the empty
(unfilled) circles in the figure.

3.2. Driving complexity: task learning without communication

The second experiment shows the opposite: pressure towards expressiveness. In
this case agents all learn individually to solve the XOR problem from training ex-
amples, and they don’t communicate at all. Figure 4 shows an example of an in-
dividually learned solution to the task. They are not updating their form-meaning
mappings and thus it does not really make sense to talk about their languages in
this case. But, if we assume a mapping that assigns symbol A to the first hidden
layer node, B to the second and so on, we can derive what their language would
have been if this solution had been adopted by all agents.

Input Label Utterance
(0, 0) 0 ABC
(0, 1) 1 C
(1, 0) 1 BD
(1, 1) 0 B
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Figure 4. A learned solution to the XOR problem, without communication between agents. Different
agents learn different solutions, but they all generally learn overly complex solutions.

The agents had four hidden layer nodes available to them to encode hypotheses
and this agent uses them all. While it solves the problem perfectly, the learned
representation, as we can see, is overly complex. Different agents learn different
solutions, depending on random initialization of ANN weights. However, the
minimal solution, which uses only two hyperplanes, is observed very rarely.
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3.3. Finding balance: coupled task-communication learning

In the next experiment, we allow the agents to communicate while also learning
to solve the task. With this task-language coupling, the agents converge to a maxi-
mally simple mapping that also solves the problem. In some (chance-determined)
runs, agents develop languages with redundant symbols, and in some they do not;
a redundancy example is shown in figure 5.

Input Label Utterance
(0, 0) 0 ABCD
(0, 1) 1 ABD
(1, 0) 1 ABD
(1, 1) 0 BD
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Figure 5. A learned solution to the XOR problem, with communication between agents. All agents
converge to the same solution. Even though they have four hidden layers nodes, they converge on a
simpler solution that uses only two of the nodes.

The population consisted of only four agents, and figure 6 shows the learned
form-meaning mappings of all the agents, as Hinton diagrams. The size of a box
is proportional to the magnitude of the value.

Figure 6. The learned form-meaning matrices for each of the agents from experiment 4. Form-
meaning pairs that have become associated have been highlighted with circles.

There are a couple of interesting things to note about these matrices. First,
they all map symbols and hyperplanes uniquely to each other. Each row and col-
umn has a distinct maximum in each of the matrices. Second, they are all different
(except the first and third). In other words, their private interpretation of symbols
is different, even though they all understand each other and have perfect perfor-
mance on the task. Thus while their task representations and public language are
aligned, their private languages are different.
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3.4. Coupled learning: the emergence of a holistic language

The language that is shown to emerge in the previous experiment is compositional,
in the sense that the agents make use of multiple symbols, and combine them
meaningfully to communicate about the labels of various points. Though this is
an interesting and desirable outcome from the point of view of language evolution,
it is a pertinent question to ask whether this outcome is in some way built in, or
whether it is truly emergent.

To show that it is, in fact, emergent, we present the following result. Figure 7
shows the outcome of a run with identical parameters as experiment 4. However,
this time we see the emergence of a holistic language. Each point has a unique
symbol associated with it (one of the points has no symbol, as A is redundant).

Input Label Utterance
(0, 0) 0 AC
(0, 1) 1 AB
(1, 0) 1 AD
(1, 1) 0 A
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Figure 7. A learned solution to the XOR problem, where the communication matrix is learned by
counting. All agents converge to the same solution. They essentially memorize the points, assigning
one hidden layer node to each point.

In effect, the agents have memorized the points. This is only possible in the
case where the neural network is large enough in the sense of having enough
hidden layer nodes to assign a unique one to each point. In any realistic problem,
this is generally not the case. However, this notion of the role of cognitive capacity
in the emergence of compositionality and syntax has been studied theoretically by
Nowak et al. (Nowak, Plotkin, & Jansen, 2000). They showed that when the
number of words that agents must remember exceeds a threshold, the emergence
of syntax is triggered. In our case, this threshold is defined by the number of
hidden layer nodes. If the number of points that must be labeled exceeds the
number of hidden layer nodes, the network must clearly resort to a compositional
code to solve the task.

4. Conclusion

Two kinds of holistic languages can be seen in our system. When a single hypoth-
esis is sufficient to solve the problem, we have a language where a single symbol
is used for a single class. This would be something like an animal giving an alarm
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call when any predator is detected. The second kind of holistic language we see in
our experiments is described in experiment 3.4, where a single hypothesis is asso-
ciated with each point. This corresponds to giving a unique name to each object in
the domain of discourse. Thus our model has intrinsic reasons for the emergence
of holistic and compositional languages, as opposed to the population level model
of Nowak et al.

Kirby et al. have also given an account of the emergence of compositionality
via their Iterated Learning Model (ILM) (Smith, Kirby, & Brighton, 2003; Kirby,
2007). The ILM models cultural transmission of language, for example from
parents to children through successive generations. They show that since language
must pass through the bottleneck of child language acquisition, the only languages
that are stable are the ones that allow the construction of new valid utterances on
the basis of known utterances. In other words, compositionality is favored by the
need to learn quickly from a few samples.

Our model is similar to theirs in the sense that the population of agents tends
to converge upon a simple language, which, as we have discussed earlier, leads to
better generalization. However it is not clear if the causal mechanisms that lead to
this phenomenon are the same in both models. To better investigate this question,
we could extend our model in an analogous manner, by considering generations of
agents, that get different training sets for the same problem, or possibly even for
different, but related, problems. This presents an interesting possibility for future
research.
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