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The “monolithic” view on languages in NLP

“L.° )
high-resource versus “low-resource”,
(and typically “standard" varieties) a.k.a. the “long tail”
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Amount of training data in GiB (log-scale) for the 88 languages that appear in both the Wiki-100 corpus used for
mBERT and XLM-100, and the CC-100 used for the XLM-R language model.
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Language Variation is Everywhere ¢

» The spectrum of variation
» Examples:

> |talian

e.g. 9 orthographic variants
iIn Lombard Wikipedia

Ramponi. Language Varieties of Italy: Technology Challenges and Opportunities. TACL 2024.
Signoroni & Rychly. LombardoGraphia: Automatic Classification of Lombard Orthography Variants. LREC 2026.
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Time to go beyond the standard
&
embrace dialectal variation at the W of NLP



What can we do about it and what are the challenges?



Cross-lingual Transfer: Training on a standard high-res. language

> Direct transfer: Applying a multilingual model trained on a source language
(e.g. high-resource like English) directly without further adaptation

Pre-training  language Predictions Modael
modelling N nsfer
ra
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for low-resource language

Fine-tune

English slot filling)



Dialect transfer (generalisation) gap
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Training: since dialectal data is scarce, we train NLP models

on standard variety data



From Transfer Learning to Dialect Transfer

~ Transfer Learning: a generic approach to cross-lingual learning. Two broad approaches:

Model adaptation: Data adaptation:
>~ Apply or modify the model (or its inputs) > Find ways to create new (proxy) training data
Model
INT—[—1\
Src trg
Src trg |

> Question:



What makes dlalects challenging?

Llngwstlc dlfferences ]

standard (spoken/written)

> Data challenges } Standard

>~ Representation & modelling challenges Regional

> Evaluation obstacles standards
Regiolects

Traditional /
dialects

dialects/

The cone model of dialect-standard variation based on Auer.
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BAR Isches sunnig afoure? |  mechad wissn, wia hoas dass des weard.

DEU Istes sonnig drauBen? Ich mochte wissen, wie heil3 es wird.

Isit  sunny outside? | want know how hot that it becomes.

Differences (standard/dialect)

Output desiderata
Usage situation
Morphosyntax = ) .
3% Modelling
Lexicon -
Spelling o \
Phonetics & phonology — |nput representations

Data scarcity
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What makes dialects challenging?

> Linguistic differences

Datachallenges
>~ Representation & modelling challenges

> Evaluation obstacles

standard (spoken/written)

dialects
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A Survey of Corpora for
Germanic Low-Resource Languages and Dialects

Lack of (accessible) datasets

arb lnk '{

{ VerenaBlaschke  Hinrich Schiitze

140+ datasets
(~30 languages / dialect groups)

e Sentence level (or longer)
e Written or spoken

e With or without further annotations YFA0 )
VD
e Findable; licenses allowing re-use
o] ope SCO
e | ong-term storage + accessibility
‘L T FRR,.
e Two communities: variationists & NLP researchers GOS RS
— data exchange  ACRTWD
Vs ks 'sxu
77 PFLVMF
github.com/mainlp/germanic-Irl-corpora G:VVVV(;“‘ N
¢~ Saxon
WAE CIM
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Many possible written representations

Written representations aren’'t necessarily comparable across datasets
(or always well-documented)!

Ad-hoc spelling

Normalized

Phonemic
transcriptions
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wie
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vEet.

weard.
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What makes dialects challenging?

> Linguistic differences
g Data challenges
Representatlon & modellmg challenges

> Evaluatlon obstacles

standard (spoken/written)

dialects
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What's the input representation?

Output
' |label/text

N

—_

— e —

~—Tnput text sequence goes h

Map input to
“subword tokens”
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ere o

16



Tokenization and non-standardness

> State-of-the-art LMs are based on subwords (not characters). This representation is sensitive to
slight surface variations: minor changes will lead to different segmentations & representations:

German zweisprachig zwei || sprach ||ig

Bavarian zZwaasprochig zllwallas| prollchillg
zwasprachig z|was||pri|lalichi| g
zwoasprochig z|{lwo||las||pro|ichil|lg

zwasprochig z|lwas||priiproflchi| g



Tokenization and non-standardness — approaches

German zweisprachig zwei || sprach ||ig
Bavarian zwaasprochig z||wa|las!|prol/chillg
zwasprachig z|lwas||pr|lallchillg

Possible approaches
e Normalize input (translate into standard) — but might lose valuable information
e Also change the tokenization of the training data

e Use models without tokens, e.g., apply computer vision methods to screenshots of text

Zweisprachig

zwaasproch|g
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' Standard-to-Dialect Transfer Trends Differ across Text and Speech: |
: A Case Study on Intent and Topic Classification in German Dialects

Written vs. spoken inputs

_____ Verena Blaschke4®  Miriam Winkler4 Barbara Plank4®

Another token-free approach: directly work with audio data if the task allows!
e Continuous input representations (no discrete tokens)

Sentence classification with parallel data

e Text vs. speech A speech - text (accuracy pp.)
e Germanvs. dialect

(often) speech > text

Standard German text > speech

-20

Speech models (smallest to largest)

— Different trends across modalities for standard (German) vs. non-standard

(Bavarian) varieties!
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Modelling challenges

el Output N
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e \

Input text sequence goes here
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Map input to
“subword tokens”
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Lack of robustness to morphosyntactic variation

First Bavarian treebank
— State-of-the-art parsers struggle with Bavarian-specific constructions

obj

root det
advmod
det nsubj
NV O\ / amo

D' Lomma hod a rechd a sauwas Wossa
DET PROPN VERB DET ADV DET ADJ NOUN

£ DET PROPN VERB DET ADV NOUN  ADJ NOUN

A " amod
om
det

det nsubj N poun

MaiBaam:

root A Multi-Dialectal Bavarian Universal Dependency Treebank
obj

Verena Blaschke/A'® Barbara Kovaéié¢/4 Siyao PengAa®
Hinrich SchiitzeA'® Barbara Plank4'®0
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Lack of robustness to morphosyntactic variation

Also a problem for applied tasks, like identifying user intents and relevant slots

Test suite of morphosyntactic perturbations for German
Music item v/ Artist o/

Spiele das von — PlayMusic v/ e Impacts both slot
& intent detection

e Changing the word order
especially affects slot filling

Music item ¢/ Artist/  Contact X
Tue das vom spielen  — SearchCreativeWork X

Exploring the Robustness of Task-oriented Dialogue Systems for
Colloquial German Varieties

Ekaterina Artemova 4 * Verena Blaschkeg Barbara Plank.:o
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What makes dialects challenging?

> Linguistic differences
> Data Cha”enges standard (spoken/written)

g Representatlon & modellmg challenges

> Evaluatlon obstacles

2

*
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dialects



A Multi-Dialectal Dataset for German Dialect ASR |

Eva I uation Ch al Ien ges and Dialect-to-Standard Speech Translation

| Verena Blaschke'2, Miriam Winkler', Constantin Forster, Gabriele Wenger-Glemser®, Barbara
Plank'+* 3

ASR challenges: linguistic differences (pronunciation, lexis, morphosyntax)
But also: How to evaluate the output without a single gold standard?

Dialect] Sofort da  Mathilda ihr Geldstickle sung,

[German] Sofort Mathildas Geldstick suchen,

[ASR] Sofort der Mathilda ihr Geldstick lesung,

9 © ©®

same as German reference different, but acceptable different & wrong

Best model (relative to German references):

Correlations of automatic scores with human judgement: 0.48 < |p| < 0.63
24



A Multi-Dialectal Dataset for German Dialect ASR |

Eva I uation Ch al Ien ges and Dialect-to-Standard Speech Translation

| Verena Blaschke'2, Miriam Winkler', Constantin Forster, Gabriele Wenger-Glemser®, Barbara
Plank!» 3

ASR challenges: linguistic differences (pronunciation, lexis, morphosyntax)
But also: How to evaluate the output without a single gold standard?

In order to build better dialect transcription systems, we need to
e |mprove our automatic metrics!
e know what output style (level of normalization) is the most relevant for, e.g, dialectologists!

9 © ©®

same as German reference  different, but acceptable different & wrong

Best model (relative to German references):

Correlations of automatic scores with human judgement: 0.48 < |p| < 0.63
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Conclusion

>~ By grounding our discussion on Bavarian, we illustrate broader challenges in dialect technology
and propose pathways towards inclusive, variation-aware models

> Collaborations between linguists & NLPers to improve dialect NLP & make NLP more useful for
dialectologists

>~ Accessible/open, well-documented data

~ Better evaluation of NLP systems, also with dialectologists’ use-cases in mind

: ;:: Slack for

Wi sS==  Variation-aware NLP

=)
i!ifii;.
I:I |
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