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ABSTRACT

The study of language emergence aims to understand how human languages are
shaped by perceptual grounding and communicative intent. Computational ap-
proaches to emergent communication (EC) predominantly consider referential
games in limited domains and analyze the learned protocol within the game frame-
work. As a result, it remains unclear how the emergent languages1 from these
settings connect to natural languages or provide benefits in real-world language
processing tasks, where statistical models trained on large text corpora dominate.
In this work, we propose a novel way to establish such a link by corpus transfer,
i.e. pretraining on a corpus of emergent language for downstream natural language
tasks, which is in contrast to prior work that directly transfers speaker and listener
parameters. Our approach showcases non-trivial transfer benefits for two different
tasks – language modeling and image captioning. For example, in a low-resource
setup (modeling 2 million natural language tokens), pre-training on an emergent
language corpus with just 2 million tokens reduces model perplexity by 24.6%
on average across ten natural languages. We also introduce a novel metric to
predict the transferability of an emergent language by translating emergent mes-
sages to natural language captions grounded on the same images. We find that our
translation-based metric highly correlates with the downstream performance on
modeling natural languages (for instance ρ = 0.83 on Hebrew), while topographic
similarity, a popular metric in previous work, shows surprisingly low correlation
(ρ = 0.003), hinting that simple properties like attribute disentanglement from
synthetic domains might not capture the full complexities of natural language. Our
findings also indicate potential benefits of moving language emergence forward
with natural language resources and models2.

1 INTRODUCTION

The recent remarkable progress in NLP (Devlin et al., 2018; Radford et al., 2019; Brown et al.,
2020) benefits from huge text corpora, on which powerful models learn rich statistical patterns tabula
rasa and adapt to downstream tasks. But in stark contrast, human language acquisition (De Villiers
et al., 1978) does not start with passive and complex corpora like Wikipedia. Instead, children
learn language through a cumulative series of interactions with other people (Bruner, 1985; Barton,
1994) grounded in the physical and social world (Harnad, 1990; Vogt, 2002; Alomari et al., 2017).
Incorporating such cognitive insights with recent machine learning advances holds great promises
towards more functional (Wittgenstein, 1958; Wagner et al., 2003) and generalizable (Lake et al.,
2017) language agents.

The study of emergent communication (EC) (Cangelosi & Parisi, 2002; Kirby, 2002; Wagner et al.,
2003; Lazaridou & Baroni, 2020) is one promising direction toward this motivation, where a commu-

1In this work “emergent language” means generated messages from an EC game speaker. The term also
refers to children’s language development in psychology (Bohlmann & Downer, 2016; Zajicek-Farber, 2010).

2Code at https://github.com/ysymyth/ec-nl and correspondence to shunyuy@princeton.edu. Work partly
done during the first author’s remote internship at MIT-IBM Watson AI Lab.
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Figure 1: Our framework. (a) We train a referential game on natural images, anduse the trained
speaker to generate a corpus of emergent messages(bold box) to pre-train for (b) language
modeling and (c) image captioning. We also propose to (d) translate emergent language (yellow) into
corresponding natural language (blue) with same perceptual grounding to evaluate their closeness.

nication protocol is shaped through multi-agent interactions with perceptual grounding. A typical
setup is the image referential game (Figure 1(a)), where a speaker generates a discrete sequence of
tokens based on an input image, a listener is challenged to select the input out of distractors based
on the message, and both networks are optimized jointly via game success signals. By studying
these games, researchers are interested in the emergence of desirable properties resembling natural
language, such as game success generalization (Kharitonov & Baroni, 2020; Lazaridou & Baroni,
2020) and compositionality (Smith et al., 2003; Andreas & Klein, 2017; Kirby et al., 2015; Lazaridou
et al., 2018; Li et al., 2020b). However, these properties are mostly de�ned and analyzed within each
individual game framework. For example, generalization is usually measured as game success with
novel inputs, but it remains unknown how the emergent coding can be useful beyond the particular
game (e.g. useful for natural language tasks). Moreover, compositionality is often approximated by
attribute-wise disentanglement in simple environments, which could be drastically different from
the structural properties of natural language (Dankers et al., 2021). Such gaps pose dif�culty in
objectively understanding the emergent properties with respect to the full complexities of natural
language, and assessing the universality of various claims.

In this work, we aim to address these issues by linking emergent languages with natural languages.
Concretely, we investigate if modeling an emergent language provides transferable bene�ts for down-
stream natural language tasks — language modeling (Figure 1(b)), image captioning (Figure 1(c)) —
and if downstream performances in turn allow us to understand and analyze properties of emergent
language beyond the EC game and toward natural language. The key technique iscorpus transfer,
i.e. by pre-training a model on a corpus of emergent messages produced by a trained emergent speaker,
and �ne-tuning the model on downstream tasks with natural language data. This approach integrates
inspirations from prior work like Papadimitriou & Jurafsky (2020), which proposes the transfer
scheme from synthetic to natural corpora, and Li et al. (2020b), which aims to improve few-shot
translation by transferring the trained EC speaker and listener model weights. Through a series of
experiments, we �nd that corpus transfer is helpful when the downstream natural language resource
is limited. For example, in a low-resource setup of modeling two million natural language tokens,
such a transfer scheme reduces the test perplexity by24:6%on average versus training from scratch,
across ten different downstream languages. We also establish the non-triviality of such a transfer
performance by comparing to other synthetic and natural source corpora, as well as multiple ablation
studies on the EC and downstream transfer setups to help understand the transferability of emergent
language. Notably, our method of corpus transfer signi�cantly outperforms directly transferring
the trained emergent speaker model (Li et al., 2020b), demonstrating that modeling the emergent
language could yield greater usefulness than directly transferring the EC agents.

While our transfer experiments demonstrate that emergent languages can be leveraged and under-
stood outside the game and towards real-world tasks, the pre-training and �ne-tuning pipeline is
computationally expensive as a scalable evaluation scheme for a population of emergent languages.
Instead, we are interested in developing a simpler metric to predict the transferability of emergent
language, which pertains to properties of natural language and may challenge metrics de�ned within
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