Inferring complexity of animal communication systems from small samples

Recent work in subregular phonology has found that many phonological patterns found in human lan-
guages belong to the class of strictly local (SL) languages (Edlefsen et al., 2008; Heinz, 2007). Berwick
et al. (2011) compare birdsong and human language, claiming that while the rules governing the songs of
Bengalese finches (Lonchura striata var. domestica) parallel phonology more closely than syntax, they
do not belong to the SL class. We show that the machines produced by Berwick et al. are in fact SL,
at both the note and the syllable level. We also note that their inference algorithm always produces
SL languages, rendering their procedure unsuited for estimating the complexity of song repertoires. In
this work in progress we propose an alternative procedure for adjudicating between different complexity
classes for bird song repertoires.

Why birdsong?

Birds are by far the most well-studied non-human species exhibiting learned vocalizations. Darwin
(1871) hypothesized that “the sounds uttered by birds offer in several respects the nearest analogy to
language”. Since then researchers have found many striking similarities between the two, in their genetic
basis, acquisition process, and neural architecture (Doupe and Kuhl, 1999; Bolhuis et al., 2010; Lipkind
et al., 2013). Determining how far these parallels go is important for understanding bird vocalization
as well as the evolution and use of learned vocalization more generally. The extent to which certain
aspects of human language mirror birdsong structurally is particularly relevant for theories about human
language evolution, where the complexity of birdsong is often taken as evidence for one theory or another
(Hauser et al., 2002; Miyagawa et al., 2014; Jarvis, 2019). Berwick et al. (2011) conservatively write that
“it might be of some value to understand the range of sub-regular patterns that birds can perceive or
produce.”

The Subregular Hierarchy

Subregular phonology is a research program which aims to classify phonological processes and phonotactic
constraints according to their computational complexity (Heinz, 2018). In the case of constraints, this
has led to robust classes of languages extending the Chomsky hierarchy (Chomsky, 1956) downwards
beyond regular (type-3) grammars. The strictly local class of languages is situated at the very bottom of
the subregular hierarchy, and achieves impressive empirical coverage (Heinz, 2007; Edlefsen et al., 2008).
Strictly local languages are those that can be defined by a finite set of banned substrings. An example is
the language of all strings over the alphabet {C, V'} not containing a CC or V'V substring. The length of
the longest banned substring in a grammar is the ‘window size.” In the case of our {*CC, *VV'} language
the window size is two, rendering it an ‘SL-2’ language.

The songs under analysis

Kazuo Okanoya’s lab at Teikyo University has published numerous finite-state diagrams representing
the song repertoires of white-rumped munia (Lonchura striata) and its domesticated counterpart, the
Bengalese finch, whose songs are more complex (Honda and Okanoya, 1999). To create the finite-state
diagrams, the researchers record birds singing undirected song on multiple occasions, and analyze the
resultant sonograms. Songs consist of ‘syllables,” which are clusters of pitches or ‘notes’ treated as chunks
by birds in both comprehension and production (Williams and Staples, 1992). When researchers analyze
the complexity of birdsong it is often unclear whether they are analyzing combinations of syllables or of
individual notes. We ran analyses using both types of units.

Theoretical and empirical results

We converted the song repertoires of four Bengalese finches, presented by Hosino and Okanoya (2000)
and Okanoya (2004) as finite state machines, into machine readable files in the AT&T format. This
includes all song repertoires analyzed by Berwick et al. (2011). For each repertoire we created machines
operating at the level of syllables and at the level of individual notes.

Analysis of the files using the LTK software package (Lambert, 2024) showed that each repertoire con-
stituted a strictly local language, no matter if it was analyzed at the level of syllables or individual
notes. The window size varied between two and four, which falls within the the typical range for strictly
local constraints found in human phonology (Heinz, 2007; Edlefsen et al., 2008). This would place the



Figure 2: Syllable-level automaton for a simple Bengalese finch song repertoire

complexity of Bengalese finch songs at the same level in the subregular hierarchy as the phonotactics of
syllable structure, a lower degree of complexity than that reported by Berwick et al. (2011).

Inference procedure of Berwick et al.

These results placing the complexity of the finite state automata of Berwick et al. (2011) in the strictly
local class are less surprising when examining the inference procedure used to generate them. The
inference procedure, detailed in Hosino and Okanoya (2000) among other papers, represents songs as
markov chains at every step of the way. Such automata are equivalent to SL grammars, and thus the
inference procedure cannot produce grammars that are not properly contained in the SL class. This
means that these procedures are useful for determining the order of a network under the assumption
that Bengalese finches generate songs in a strictly local fashion. But such a procedure is not suited to
the question raised in Berwick et al. (2011) of whether the songs are generated in a SL fashion in the
first place.

The fundamental problem of inferring complexity

Determining the computational complexity of bird song is a fundamentally different problem than deter-
mining the complexity of a phonological system. In phonology the formal language analyzed is relatively
stable across individuals of the same speech community. This allows researchers to use a relatively larger
amount of data from a more varied selection of sources to arrive at their conclusions. By the time a
computational linguist enters the conversation, phonologists will have typically have published a finite
representation of the system in the form of a grammar. The situation for birdsong is much more chal-
lenging. Each male Bengalese Finch has his own song repertoire. Existing databases of songs contain on
the order of 500 songs per individual (Nicholson et al., 2022). This is much sparser than the datasets to
which unsupervised complexity estimation is applied in phonology (Dai and Futrell, 2021).

An alternative approach

We apply algorithms in the BUFIA family of algorithms (Chandlee et al., 2019) to Bengalese Finch data.
This yields several different grammars in linguistically relevant classes for the repertoires of individual
birds. We then perform maximum likelihood estimation to assign probabilities to the transitions in each
machine. We are currently experimenting with different ways to score the fit of grammars to data. We
do this by generating samples in various subregular classes from the MLregtest database (Van Der Poel
et al., 2024). Each sample is structured to match the alphabet size and string-length distribution of
the birdsong dataset with which we are working. We are currently evaluating metrics according to how
accurately they identify the type of grammar that originally generated the data. Naive scoring according
to the log likelihood assigned to the sample by weighted machines has proven fragile and susceptible to
overfitting.



Conclusion

Estimation of complexity of animal communication systems faces many distinct challenges that we believe
have not properly been addressed in the current literature. This work is developing new methodology for
benchmarking inference strategies on artificial datasets with the same high level structure as the available
bird song data. These benchmarks will serve as context for our analyses of the original Bengalese Finch
data using the same methods. While this methodology remains fundamentally limited in that the analyst
has to decide ahead of time which complexity classes to consider, we believe it presents an improvement
over the methodology of Berwick et al. (2011).
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