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ABSTRACT

We study the effects of various emergent topologies of in-
teraction on the rate of language convergence in a popula-
tion of communicating agents. The agents generate, parse,
and learn sentences from each other using recurrent neural
networks. An agent chooses another agent to learn from,
based on that agent’s fitness. Fitness is defined to include a
frequency-dependent term capturing the approximate num-
ber of interactions an agent has had with others—its “pop-
ularity” as a teacher. This method of frequency-dependent
selection is based on our earlier Noisy Preferential Attach-
ment algorithm, which has been shown to produce various
network topologies, including scale-free and small-world net-
works. We show that convergence occurs much more quickly
with this strategy than it does for uniformly random inter-
actions. In addition, this strategy more closely represents
choice preference dynamics in large natural populations, and
so may be more realistic as a model for adaptive language.
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One of the main problems in language evolution is to get
a population of agents to converge to a common language,
without globally imposing some kind of hierarchy on the
population. The general problem can be stated as “Given a
landscape of states and possible moves between them, and
a search strategy under which agents learn from encoun-
ters with others, what constraints on the agent interaction
topology will ensure the most rapid convergence to some
highest-fitness state?” In effect, how should agents make
choices of learning partners to achieve the fastest collective
convergence to the best objective state? This is the prob-
lem we study, in the context of developing a common and
high-quality language.

The “fitness” of a state in this formulation is defined
by both an intrinsic measure (the objective quality of the
state), and by a frequency-dependent measure (the number
of agents that are in that state).

A simple strategy for rapid convergence would be to des-
ignate a special agent from which each agent learns its own
language. This corresponds essentially to a pre-imposed or
designed language, which may or may not be of the high-
est objective quality. Such a centralized system is brittle in
practice because a) the teacher agent has to be responsible
for adapting the language to keep up with changing tasks,
environments and needs of all the agents, b) communicative
load on the teacher increases at least linearly with popula-
tion size, reducing scalability, and c) the centralized teacher
is a single failure point. Multi-agent systems are generally
distributed and open, which means that there is no central
control point, and agents may enter and leave the popula-
tion at any time. This means that although desirable for its
speed, uniformity, and certainty, a pre-imposed interaction
topology with a centralized teacher is both undesirable and
unrealistic for a general multi-agent system.

2. RELATED WORK

Although there has been much work on how the topology
of interaction graphs affect the convergence of a population
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a population of agents. His key result showed that social
conventions could emerge much more quickly amongst a
population of agents with small-world or scale-free interac-
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Figure 1: The learning curves for frequency-
dependent selection.

tion graph topologies rather than regular interaction graphs.
The interaction graph topology was prespecified though, and
there was no learning in the model.

Lee et. al [4] empirically studied the effect of interaction
topology on the critical learning fidelity in the Komarova
et. al. model [3]. Although several different interaction
topologies were used, the topologies were not emergent and
were prespecified by the creator of the experiments.

Our agents use simple recurrent neural networks to gen-
erate, parse, and learn languages from each other. Further,
the interaction topology emerges in a distributed manner
as a consequence of a specific rational agent strategy, based
on our own Noisy Preferential Attachment (NPA) algorithm
[6]. These two mechanisms, taken together, capture the de-
sirable features of agent autonomy (learning and choice), re-
alism (emergent global interaction patterns), and flezibility
(continuous adaptation of the collective language space).

3. EXPERIMENTAL FRAMEWORK

Fitness: In our model, Each agent has a fitness, defined
as follows:

fi) = aLi(t) + (1 — a) Ki(D). (1)

L;(t) is the intrinsic fitness of the language used by agent ¢
at time ¢, which may correspond to its expressivity or how
good it is at describing a task. K;(t) is the number of times
agent 7 has communicated a set of messages to another agent
up to time-step ¢. K;(t) is normalized over the population.
« is a constant representing a tradeoff between these two
components of fitness.

Interaction topology: At each time-step, an agent chooses

another agent with whom to interact, with probability pro-
portional to the fitness of that agent. With a small prob-
ability p, however, it might switch to another agent chosen
uniformly randomly. This “noise” is helpful in keeping the
topology from getting too centralized.

The intuition is that if a large number of agents are listen-
ing to a particular agent, then it makes sense to pay more
attention to that particular agent because its language is
probably shared by many agents. The key thing here is
that the central teacher agent emerges from the interactions
between agents, rather than being prespecified.

The parameter p also models incomplete knowledge of the
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Figure 2: The learning curves for uniformly random
interaction.

interaction history of the entire population. The assumption
is that, since there is no central controller telling each agent
the fitness of all the other agents, each agent must main-
tain an estimate of the fitness of the other agents. Since the
agents may not be able to observe all the other agents all the
time, this estimate will have some error. It turns out that
we can take advantage of this error to produce scale-free
topologies. In the absence of error, i.e. if p = 0, frequency-
dependent selection would result in a pin-wheel topology.
This is because initially none of the nodes in the graph have
any links, and so the first node to acquire a link acquires
all the links. However, when p # 0, but is small, it can be
shown that the resulting topologies have power-law like or
exponential degree distributions. This model for determin-
ing interactions is derived from a version of the preferential
attachment algorithm [1], which we call Noisy Preferential
Attachment (NPA), that is based on the replicator-mutator
equation of biological evolution.

4. EXPERIMENTS AND RESULTS

We did an experiment with a population of 200 agents.
The intrinsic fitness term for each agent, L;, was set to zero,
because in the current experiments the agents are not situ-
ated, i.e. they are not performing a particular task, nor are
they receiving any external inputs except communication
from other agents.

The parameter p, which is the probability of choosing a
partner uniformly randomly, was set to 0.05. The maximum
sentence length was set to 10. The number of agents sampled
by the learner, m, was set to 1.

The set of terminals for all the languages was the same,
and consisted of five symbols: a, b, ¢, d, e. Each agent’s
SRN had five input nodes, six hidden layer nodes, and five
output nodes. The symbols were encoded using a 1-of-n en-
coding, and all weights were initialized uniformly randomly
in the range [—0.5,0.5].

The simulation was run for 2000 time steps, and coher-
ence of the population was evaluated every 20 time steps.
Coherence is evaluated as the average error of an agent on
a set of sentences sampled from the entire population. An
agent only took the last 300 time steps into account when
selecting an agent to interact with. The simulation was run
twenty times with identical parameters, and the results are
shown in figures 1 and 2.
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‘ a b ¢ d e none mean frequency variance
Freg-dep Interaction | 5 0 13 1 O 1 7715 .008
— Cluster A 1 0 5 0 O 0 .644 .005
— Cluster B 4 0 8 1 O 0 811 .001
Uniform Interaction |0 0 0 0 O 20 nan nan

Table 1: The dominating language in the 20 frequency-dependent interaction runs and the 20 uniformly ran-
dom interaction runs. The letter dominance threshold was set to 0.75 and the language dominance threshold
was set to 0.5. Mean frequency and variance is the average and variance of the proportions of the dominating

language.

A key difference between the runs is that the networks in
clusters A and B are dominated by a single node, whereas
the outliers both have multiple nodes with high in-degree.
This difference can be objectively measured by calculating
the betweenness centrality for the networks. Betweenness
centrality is a value that measures how close a network is to
a pin-wheel structure. It is a number between 0 and 1, and
a low value means that the network is closer in topology to
a ring or a fully-connected network. As shown in table 2,
the average betweenness centrality for clusters A and B is
very close to 1, whereas the value for the outliers is much
smaller.

Network ‘ Average betweenness centrality
High outlier 0.5451

Cluster A 0.9348

Cluster B 0.9016
Low outlier 0.7881

Table 2: The betweenness centrality for a network
measures to what extent it is dominated by a single
node.

The surprising fact here is that betweenness centrality is
smaller for both the high and the low outlier. This can be
explained by examining the actual languages to which the
populations converge.

An agents language is dominated by the letter a if the fre-
quency of the letter a is higher than some letter dominance
threshold. A run is dominated by letter a if the proportion
of agents using a dominated languages is higher than the
language domination threshold. For each run of the simula-
tion, we found the dominant language, or whether the run
was not dominated.

Table 1 shows the distribution of dominating languages.
In nearly all the frequency-dependent interaction runs, there
was a dominating language. The average of the proportion
of the dominating language is .7715. The one run that did
not converge to a dominating run is the high outlier in Figure
1. In this case, the language distribution was split between
an a language and a b language, which is why there is a
high error for this run. This run resulted in a network with
low betweenness centrality, just like the low outlier, but the
difference is that in this run, the two most connected nodes
in the network correspond to agents with different languages.
In the low outlier, the most connected nodes all correspond
to agents with the same language.

5. DISCUSSION AND FUTURE WORK

We showed that by incorporating a frequency-dependent
measure in the definition of fitness for an agent, we can

generate scale-free topologies, which lead to quick conver-
gence. This definition of fitness makes intuitive sense: if
many agents are talking to a particular agent, then it pays
to talk to that agent more, since it probably speaks a widely-
spoken and useful language.

However, the tradeoff in this case is convergence vs ro-
bustness. Networks with high betweenness centrality, as are
generally observed in our simulations, are very susceptible
to attack, because removing the dominant node will cause
the network to fall apart. This suggests one direction for
future work: how do we converge to a stable language if
agents have finite lifetimes?

The other observation is that the population converges to
a “simple” language, i.e. a language consisting entirely of
strings of a single symbol. It may be the case that in the
absence of some external pressure towards a complex lan-
guage, populations always tend towards a maximally simple
common language as it is the most easily learnable. This
suggests another natural followup: how do we converge to
a “good” language? The “goodness” of a language can
be incorporated into our framework using the frequency-
independent part of fitness. Thus, agents that are partic-
ularly good at solving some task and talking about it may
have high frequency-independent fitness. Therefore we in-
tend to study convergence in a situated population of agents,
where the environment would provide the pressure towards
a more complex language.
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