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DIALECTOMETRY

� Dialectometry attempts to discover and characterize dialects with mathematical
methods

� Typically applied on “clean” and complete atlas data
� Dimensionality reduction (clustering, PCA, . . . ) as one traditional approach

� Could similar results be obtained with (unannotated) corpora of transcribed
dialect speech?
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TOPIC MODELS

� A traditional method of text mining
� Find latent structure in a collection of documents
� Uses plain text as input
� Based on dimensionality reduction (NMF, LDA, . . . )

� In text mining, co-occurring words are expected to constitute a topic
� Focus on semantic meaning: differing forms of the same word are not wanted
� Normalization and lemmatization

The dog is a domesticated descendant of the wolf, characterized by an upturning tail.
the, dog, be, a, domesticate, descendant, of, the, wolf, characterize, by, a, upturning, tail
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TOPIC MODELS ON DIALECT CORPORA

� The same idea can be applied on data with linguistic variation
� Instead of semantic similarity, we are interested in structural similarity

(phonetics, morphology)

� Which means we do not want to normalize or lemmatize the data, but use it
directly

� Do we obtain components that correspond to different dialects?

mittäm bäällisruakka ei oikkiastas ollu, fiili kun tehti ni sitä syätti [Velkua27a]
mitään päällisruokaa ei oikeastaan ollut, viiliä kun tehtiin niin sitä syötiin
‘there was no dessert really, [when] viili was made it was eaten’

Mining dialects from spoken language and social media | Olli Kuparinen & Yves Scherrer October 5, 2022 4 / 26



TOPIC MODELS ON DIALECT CORPORA

� The same idea can be applied on data with linguistic variation
� Instead of semantic similarity, we are interested in structural similarity

(phonetics, morphology)
� Which means we do not want to normalize or lemmatize the data, but use it

directly
� Do we obtain components that correspond to different dialects?

mittäm bäällisruakka ei oikkiastas ollu, fiili kun tehti ni sitä syätti [Velkua27a]
mitään päällisruokaa ei oikeastaan ollut, viiliä kun tehtiin niin sitä syötiin
‘there was no dessert really, [when] viili was made it was eaten’

Mining dialects from spoken language and social media | Olli Kuparinen & Yves Scherrer October 5, 2022 4 / 26



TOPIC MODELS ON DIALECT CORPORA

� The same idea can be applied on data with linguistic variation
� Instead of semantic similarity, we are interested in structural similarity

(phonetics, morphology)
� Which means we do not want to normalize or lemmatize the data, but use it

directly
� Do we obtain components that correspond to different dialects?

mittäm bäällisruakka ei oikkiastas ollu, fiili kun tehti ni sitä syätti [Velkua27a]
mitään päällisruokaa ei oikeastaan ollut, viiliä kun tehtiin niin sitä syötiin
‘there was no dessert really, [when] viili was made it was eaten’

Mining dialects from spoken language and social media | Olli Kuparinen & Yves Scherrer October 5, 2022 4 / 26



USED METHODS

� Latent Dirichlet allocation (LDA; Blei et al. 2003)
� The standard "topic model"
� A probabilistic method

� Non-negative matrix factorization (NMF; Lee & Seung 1999)
� Non-probabilistic matrix decomposition
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DIALECT CORPORA

Corpus Time of the recordings Number of recordings

Samples of Spoken Finnish 1960s–1970s 99
Archimob Corpus (Swiss German) 1999–2001 43

� All datasets consist of transcribed spoken recordings
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APPLYING TOPIC MODELS TO PHONETICALLY

TRANSCRIBED DIALECT CORPORA

� Experiments with different model inputs
� Original words
� Character n-grams (bigrams, trigrams, fourgrams)
� Automatically segmented data (with Morfessor; Virpioja, Smit, Grönroos & Kurimo,

2013)
� LDA and NMF ran on all possible inputs with the number of components

ranging from 3 to 10 for all datasets
� Resulting in 80 possible models for each dataset
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EXAMPLE

Words mini eltere händ es zwäifamiliehuus ghaa

Bigrams
_m mi in ni i_ _e el lt te er re e_ _h hä än nd d_
_e es s_ _z zw wä äi if fa am mi il li ie eh hu uu us s_ _g gh ha aa a_

Trigrams
_mi min ini ni_ _el elt lte ter ere re_ _hä hän änd nd_
_es es_ _zw zwä wäi äif ifa fam ami mil ili lie ieh ehu huu uus us_ _gh gha haa aa_

Fourgrams
_min mini ini_ _elt elte lter tere ere_ _hän händ änd_
_es_ _zwä zwäi wäif äifa ifam fami amil mili ilie lieh iehu ehuu huus uus_ _gha ghaa haa_

Morfessor mini eltere händ e s zwäi familie huus ghaa

Gloss `my parents had a two-family house'

Mining dialects from spoken language and social media | Olli Kuparinen & Yves Scherrer October 5, 2022 9 / 26



MODEL EVALUATION

� Completeness score (Rosenberg & Hirschberg, 2007)
� Measures how well a prede�ned class in the data stays intact in the modeling

(0-1)
� We evaluate on geographical area and dialectal area

� The models that accumulated a top 10 score on both completeness metrics are
analyzed for each dataset
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BEST MODELS FOR FINNISH

Input type Method No. components Geographical compl. Dialectal compl.
Words NMF 7 1.00 0.84
Fourgrams LDA 5 1.00 0.79
Words NMF 8 0.99 0.83
Morfessor NMF 7 0.99 0.84
Morfessor NMF 6 0.99 0.83
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LDA, FOURGRAMS, 5 COMPONENTS [1.0]
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BEST MODELS FOR SWISS GERMAN

Input type Method No. components Geographical compl. Dialectal compl.
Morfessor NMF 7 0.85 0.64
Morfessor NMF 8 0.82 0.62
Morfessor NMF 6 0.82 0.61
Fourgrams NMF 7 0.80 0.61
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NMF, MORFESSOR, 7 COMPONENTS [0.85]
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DATA

Origin (country) Number of messages

Twitter (BA, HR, ME, RS) 391 966
Jodel (CH) 19 488
Jodel (DE, AT) 379 124
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SWISS JODEL DATA
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