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Characters and States

Phylogenetic inference needs a character matrix: languages x characters, each cell a state. The dominant
signal is lexical cognacy. Typological features (SOV word order and the like) are rarely used for inference:

few, unstable, easily diffused by contact.

Expert cognate judgements: One binary column per cognate set:

hand fish two hand fish two

ORONORO) ONANE) €y € @ ® @ @ @ ® @
German Hand © Fisch © zwei @ 1 0 0 0 1 0 0 1
Swedish hand @ fisk @ tva @ 1 0 0 0 1 0 0 1
Latin manus @ piscis @ duo ® 0 1 0 0 1 0 0 1
French main @ poisson @ deux @ 0 1 0 0 1 0 0 1
Russian ruka ®@ ryba @ dva ® 0 0 1 0 0 1 0 1
Hindi hatha @ machalt @ do © 0 0 0 1 0 0 1 1

Same number = same ancestral word; z 1, . = 1 iff language L has a reflex of cognate set c. hand separates
the branches; fish unites Germanic with Italic and Romance, visible only through Grimm's Law (piscis ~
Fisch); two is cognate everywhere, so its column is constant and carries no phylogenetic signal at all.
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The Swadesh List

Morris Swadesh (1952, 1955) proposed a core vocabulary list designed to be:

e Universal: every human language has words for these concepts
e Resistant to borrowing: basic meanings unlikely to be replaced by loanwords
e Culturally neutral: not tied to specific environments or technologies

Examples from the 100-word list:

I, you, we, one, two, fish, dog, water, fire, tree, leaf, hand, eye, ear, nose, blood, bone, stone, sun, moon,
night, name, eat, drink, die, come, give, say, big, long

The intuition holds up: replacement rates really are lower for core concepts, and frequency predicts
stability (Pagel et al. 2007). But even core vocabulary is borrowed occasionally (sky < Old Norse), so
modern studies use stability weights rather than a hard cut-off.
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Where the Cognate Data Comes From

Expert cognate judgements are made by hand, family by family. The major curated resources:

Resource Coverage Cognate sets
IE-CoR (Heggarty et al. 2023) Indo-European: 160 languages x 170 meanings 4,981
ABVD (Greenhill et al. 2008) Austronesian + Pacific: ~2,000 varieties x 210 meanings 19,356

Lexibank (List et al. 2022) aggregates these: 100 datasets, 4,069 varieties (2,456 distinct
languages), concepts mapped to Concepticon, sounds to CLTS, shipped as CLDF (linked CSV
tables). https://lexibank.clld.org

But only 49 of the 100 datasets carry expert cognate sets: the CogCore subset, 1,441
wordlists. Transcriptions scale; cognate judgements do not. Everywhere else, the cognate sets
have to be inferred, which is the rest of this lecture. (Lab 1 uses IE-CoR, precisely because its
hand-coding gives us a gold standard to score against.)
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https://lexibank.clld.org/

NorthEuraLex

NorthEuralLex (Dellert et al. 2020), compiled in our
group in Tubingen:

» 107 languages from 21 families

» 1,016 concepts, far beyond the 100-200 of a
Swadesh list

e 121,614 forms, all in a uniform IPA
transcription, generated automatically from the
orthographies

The uniform transcription is the point: it is what lets
you compare across families, where no shared
orthographic tradition exists.

But v0.9 carries no cognacy annotation.
Etymological coding is under way; for now cognacy is
what you have to infer, and the database was built to
be a benchmark for exactly that.

http://northeuralex.org
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http://northeuralex.org/

GloBasLex: Basic Vocabulary at Global Scale

Global Basic Lexicon, run by the Heidelberg Academy
of Sciences and Humanities, hosted in Tubingen. 2026-
2040.

e ~1,500 languages from all continents, 1,000
concepts each, about seven times the largest
comparable resource

« Compiled from published dictionaries (right), in
standardized IPA with morphological annotation

» Deliberately balanced: the six largest families
capped, small families and isolates included by

design
e Phase | (2026—-2029): a pilot of 248 languages from
62 families

And, once again: transcriptions, not cognate
judgements. Nobody will hand-code cognate sets for
1,500 languages: Indo-European alone took specialists
decades. At this scale automatic cognate detection is not a
convenience, it is the only option.
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Lladullanulla. Muydel-
gado.

Llapa.  T'odowninerfal..

Llapaatipac. ‘Tado pede-

70fo. ’
OcMBlcTATh—aanLamaq, dysin- |
mek. |
OcuoBa—esaas, asbL, dyjp, ne- ]
giz, Bas.

OcuoBanue—dyjp, Bbnaa.
Dic’tion, s. PP3P: ODAN::

Dic’tionary, s. P®AT: SOHTMIL: TC109::

Didac’tic, Didac’tical, adj. P09, PRIT90C::
Didac’tically, adv. ANTIOC::

]
]

[

Sources are published dictionaries: Quechua—Spanish, Russian—Turkic,

Ambharic—English.
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The Cognate Detection Problem

Given word forms for the same concept across multiple languages, determine which are
cognate (inherited from a common ancestor).

Three types of similarity to distinguish:

o Cognates: pater (Latin) ~ father (English). Inherited, and obscured by regular sound
change

o Borrowings: mountain (English) ~ montagne (French). Contact, and often phonetically
similar

e Chance: much (English) ~ mucho (Spanish). Coincidence

Regular sound change makes cognates less similar over time; borrowings are often more
similar than cognates.
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Why String Distance Is Not Enough

Levenshtein (edit) distance: minimum insertions, deletions, substitutions to
transform one string into another.

Pair Edit distance Cognate?
[patar/ ~ [fadar/ 3 yes (Grimm's Law)
/bi:fl ~ /boef/ 1 borrowed (English — French)
Imatf/ ~ /mutfo/ 2 chance

The problem: edit distance treats all segment substitutions as equally costly. It
cannot learn that p — fis a natural correspondence while p — x is not.
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Sound Classes

A first improvement: map phonetic segments to broad sound classes before
computing distance.

e Reduces the number of distinct symbols
e Groups phonologically related sounds (e.g., all stops)
e Used in SCA (Sound Class Alignment; List 2012a)

But sound classes are language-independent. They cannot represent language-
family-specific correspondences such as PIE *p - Gmc. f.

What we need: a method that learns correspondences from data.
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Pointwise Mutual Information

PMI measures how much more (or less) often two sounds
co-occur in aligned positions than chance predicts:

p(s, 1)
PMI(s, t) = log
p(s) - p(t)
« p(s,t): probability of seeing s and t aligned in a true

cognate pair (estimated iteratively from candidate
pairs, see below)

« p(s), p(t): marginal probabilities
» High PMI: systematic correspondence (p — facross
Latin—Germanic)

e Low or negative PMI: sounds rarely co-occur in
cognate alignments

Two forms are then aligned by dynamic programming

(Needleman—Wunsch), scoring an alignment as the sum of high: note the diagonal, every sound with itself, and the blue blocks of
- . - . . labials and of sibilants. Red = low or negative.
the PMI values of its aligned pairs, minus gap penalties.
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LexStat

LexStat (List 2012b, implemented in LingPy) extends this framework:
e Trains a language-pair-specific scoring scheme
e Combines PMI-style correspondence learning with SCA
e Cluster threshold 7 (a distance cutoff) is the key free parameter

e Lower 7 — conservative (more, smaller cognate sets); higher 7 -
more inclusive

The resulting cognate sets can be output as CLDF annotations and used
directly as characters for phylogenetic inference.

Johann-Mattis List
Chair of Multilingual
Computational Linguistics,
Universitat Passau
Photo: Universitat Passau
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How LexStat Learns a Language-Pair Score

For each language pair, is this correspondence more
frequent than chance? (List 2012b, after Kessler 2001)

1. Attested a, ,: align all same-meaning word pairs with
SCA, keep the best-scoring ones, and count how often
T meets y.

2. Expected e, ,: shuffle the wordlists and align words of
different meanings; repeat (default 1,000x). This is
chance, given each language's own inventory.

3. Score them as log-odds, blended with the language-
independent SCA score d, ,:

2
1 ay
Y
Spy = ——| r1logy —— + 72 dyy
r1+ T2 €z .y

Squaring follows Kessler: recurrence counts as evidence
faster than linearly. The d, , term stops small wordlists from
producing nonsense.

This is the method you will run in Lab 1.

Word-initial (#) and word-final ($) classes, English vs.
German:

English German a e S

#[06,0] #[t,d] 7.0 0.72 6.3
#[t,d] #[ts] 3.0 0.38 6.0
#[t,d] #[],s,2] 1.0 1.99 -1.5
[t,d]$ [],s]$ 6.0 5.30 1.5

The High German Consonant Shift, recovered from counts alone:
thorn ~ Dorn, town ~ Zaun. Word-initially, English t/d ~ German s
scores negative, but word-finally it is positive (hot ~ heif3). That is
why each segment carries its prosodic position, not just its sound
class.
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State of the Art

B-cubed F for cognate detection, averaged over the standard multi-family
benchmark (Rama & List 2019):

System B-cubed F

SCA (List 2012a) = 0.80
LexStat-Infomap (List et al. 2017) = (0.84
Cognate Transformer (Akavarapu & Bhattacharya 2024) = (0.85

Neural methods have caught up with the LexStat-Infomap baseline, edging past it
with more supervision. Expert annotation remains the reference standard, and
manual review is still important for downstream phylogenetic analyses.

Sources: Rama & List 2019 - List et al. 2017 - Akavarapu & Bhattacharya 2024
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https://aclanthology.org/P19-1627/
https://doi.org/10.1371/journal.pone.0170046
https://aclanthology.org/2024.eacl-long.58/

Lab 1. Cognate Detection with LingPy

It runs in your browser. There is nothing to install.

https://profgerhard.de/naxos2026/labs/lab01.html

1. Load a wordlist: 13 Indo-European languages, 170 concepts, 2,159 forms

2. Align two forms and look at the columns, coloured by sound class, so a correspondence shows up
as a column of one colour

3. Learn language-pair-specific scores with LexStat, then cluster into cognate sets

4. Score the result against the expert gold standard

B-cubed F scores each item by how much of its proposed cluster is genuinely co-cognate, and how much
of its true cluster it recovered, then averages over items. Cluster size cannot skew it, which is why it is the
standard here. We reach F = 0.81 (precision 0.97, recall 0.70: LexStat is cautious).

Then move the threshold 7 and watch F move with it. F peaks at 7 = 0.65, and we cluster at 0.55
anyway. The threshold is a choice, not a setting, and the choice is not "maximise F".

The code is ordinary Lingpy; it copies straight into a Python session at home.
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https://profgerhard.de/naxos2026/labs/lab01.html

Recommended Reading

For this lecture:

e List, J.-M. et al. (2022). Lexibank, a public repository of standardized wordlists
with computed phonological and lexical features. Scientific Data 9:316

e Jager, G. (2013). Phylogenetic inference from word lists using weighted
alignment with empirically determined weights. Language Dynamics and
Change 3(2)

e List, J.-M. (2012a). SCA: phonetic alignment based on sound classes. In New
Directions in Logic, Language and Computation (Springer)

e List, J.-M. (2012b). LexStat: automatic detection of cognates in multilingual
wordlists. Proc. EACL Workshop on Language Evolution and Computational
Linguistics

Full reading list: https://profgerhard.de/naxos2026/reading-list.html
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