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Finding structure in the lexicon Simulating ‘“‘null”’ lexica

-To simulated null lexica, we trained a 4-phone model on the real lexicon, where the real lexicon is taken
from Hayes CMU corpus for the Blick phonotactic probability calculator (Hayes 2012) and restricted to
mono-morphemic words that appear in CELEX. Candidate words are generated from the model.

-Saussure famously stated that there is an arbitrary relationship between the signifier and signified, but
there is of course much structure in the lexicon: word length (Piantadosi et al., 201 1), phonetic dispersion
(Fleming 2004, Graff 2012), and sound symbolic relationships between semantics and phonetics. In the
extreme case, we can observe that no known language has exclusively very long words or only one
consonant or only words that differ by one phoneme from all other words in the lexicon. Is this a result
we should expect by chance, or does it reveal a deeper property of natural language design!?

-All simulated lexica are sampled to match the real lexica for length distribution (same number of 4-
phone words, 5-phone words, etc.) and are restricted to 4 to 8 phones.

-For the most restrictive simulation, we scored all candidate words on the Blick phontactic probability
calculator and sample to match the real lexicon in distribution of phonotactic probability and CV pattern.

-In order to investigate structure in the lexicon below the level of the morpheme, it is necessary to
develop a model of what a plausible baseline lexicon looks like. Mandelbrot and others have sometimes
used a random-typing model (the “monkey model”) as a baseline for comparison, but this model is
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The top plot shows I-edit minimal pairs for all 4 and 5-phone pairs.The bottom plot
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simulated lexica, the most constrained (length, CV, and score-matched) lexicon shows the
most clustering.
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