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Preface

These proceedings include the 32 papers presented at the Thirteenth Workshop on NLP for Similar
Languages, Varieties and Dialects (VarDial 2026), co-located with the 19th Conference of the European
Chapter of the Association for Computational Linguistics (EACL). VarDial was held in Rabat, Morocco.

This year, VarDial saw a record number of submissions, with 44 research papers submitted to the
workshop, 25 of which were accepted to appear in these proceedings. We extended the programme
committee to be able to handle the increased reviewing load and would like to thank all new and returning
PC members for being an important part of the workshop’s success!

The accepted papers focus on a large number of language varieties, including Tamil, Finnish, Arabic,
Ukrainian, Greek, Galician, and Piedmontese, among others. Similarly, the NLP tasks addressed in the
papers are very diverse, including topics such as syllabification and quantifying linguistic distances as
well as sentiment analysis and generating texts with LLMs. Notably, six of the accepted papers focus on
spoken language input.

As in previous editions, VarDial 2026 features an evaluation campaign. This year, the AMIYA shared
task (Arabic Modeling In Your Accent) attracted six participating teams whose system description papers
are included in these proceedings, along with a report by the shared task organizers. We thank all the
shared task organizers and the participants for their hard work!

The VarDial workshop organizers:

Yves Scherrer, Noëmi Aepli, Verena Blaschke, Tommi Jauhiainen,
Nikola Ljubešić, Preslav Nakov, Jörg Tiedemann, and Marcos Zampieri

http://sites.google.com/view/vardial-2026/
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Tanja Samardžić (IDSIA, Switzerland)
Serge Sharoff (University of Leeds, United Kingdom)
Milena Slavcheva (Bulgarian Academy of Sciences, Bulgaria)
Aarohi Srivastava (University of Notre Dame, United States)
Joel Tetreault (Dataminr, United States)
Samia Touileb (University of Bergen, Norway)
Taro Watanabe (Google Inc., Japan)

vi



Table of Contents

AMIYA Shared Task: Arabic Modeling In Your Accent at VarDial 2026
Nathaniel R. Robinson, Shahd Abdelmoneim, Anjali Kantharuban, Otba Alsboul, Salima Lamsiyah,

Kelly Marchisio and Kenton Murray . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Far Out: Evaluating Language Models on Slang in Australian and Indian English
Deniz Kaya Dilsiz, Dipankar Srirag and Aditya Joshi . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

Effects of Speaker Bias in Dialect Identification and Automatic Transcription with Self-Supervised Speech
Models

Olli Kuparinen . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

OcWikiDialects: A Wikipedia Dataset With Rich Metadata for Occitan Dialect Identification
Oriane Nédey, Rachel Bawden, Thibault Clérice and Benoît Sagot . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Language Mixture to Develop Accurate Galician Dependency Parsers: An Exploration of Its Effects
Xabier Irastortza-Urbieta, José M. García-Miguel and Marcos Garcia . . . . . . . . . . . . . . . . . . . . . . . . 58

Crowdsourcing Piedmontese to Test LLMs on Non-Standard Orthography
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Abstract

Arabic, often considered a single language,
actually describes a wide variety of some-
times mutually unintelligible language vari-
eties. While large language models (LLMs)
have revolutionized natural language process-
ing (NLP) with rapid advances, these models
still best serve speakers of high-resource and
standard language varieties. One particular de-
ficiency of theirs is in dialectal Arabic. We
present the first ever shared task for dialectal
Arabic language modeling: Arabic Modeling
In Your Accent, or AMIYA. The goal of the
shared task was to develop LLMs that could (1)
respond in the correct dialectal variety when ex-
plicitly or implicitly prompted to, (2) translate
between dialectal Arabic and standard Arabic
or English, (3) adhere to LLM instructions in
dialectal Arabic, and (4) produce fluent Ara-
bic outputs. We called for submissions in the
dialectal varieties of five countries: Morocco,
Egypt, Palestine, Syria, and Saudi Arabia. We
received 45 submitted systems from six partici-
pating teams. We saw positive results from su-
pervised fine-tuning on a translation objective,
and reinforcement learning to improve dialect-
ness. Manual evaluation also showed that some
systems had learned to output dialectal words
or phrases, but at the expense of actual fluency
or coherence. Overall the most effective system
involved continual pre-training and supervised
fine-tuning of 12 candidate LLMs, followed by
selection of the best performing models.

1 Introduction and Related Work

Recent advances in LLMs have demonstrated im-
provements in text generation in Modern Standard
Arabic (MSA). However, performance remains lim-
ited when it comes to generating content in dialec-
tal Arabic (Keleg et al., 2023). LLMs are typically
proficient in high-resource language varieties, in-
cluding Modern Standard Arabic (MSA) (Singh
et al., 2024; Robinson et al., 2023), but they typi-

شنو كتقصد بھاد المثل: إذا طاحت البقرة كترو الجناوة؟

Monolingual Prompts

آه، فھمت دابا! كتقصد أن ملي كیوقع مشكل كبیر، كل واحد 
كیبدا یتفرج على لي واقع وكیبقا غیر یغوت

Cross-Lingual Prompts

If you were a corporate law with 15 years of 
mergers and acquisitions experience, how would 

you pivot to launch an AI enable tech startup step 
by step and in detail? Explain in Moroccan Arabic.

 أولا, خاصك دیر دراسة السوق باش تعرف شنو ھي الشركات لي 
كتخدم بزاف مع AI و شنو كیعجبھم. من بعد, خاصك تأسس

Translation Prompts

MSA → DA English → DA

DA → MSA DA → English

Figure 1: Evaluation across three task settings: monolin-
gual instrucitons, cross-lingual instructions, and transla-
tion (in four directions). Example outputs are Moroccan
Arabic from Maastricht University’s (UM) primary sub-
mission, which achieved the highest human evaluation
scores.

cally have poor or unreliable proficiency in dialec-
tal Arabic (DA) language varieties.

DA varieties often lack support in NLP applica-
tions, in part because of researchers’ tendency to
view Arabic as a "monolith" (Bergman and Diab,
2022). Contrary to this common perception, there
are 28 different ISO 639-3 specifications1 for dis-
tinct Arabic language varieties.

Robinson et al. (2025) found that while LLMs
demonstrate a growing capacity to comprehend text
in DA, they continue to struggle with generating
dialectal text fluently. Specifically, many LLMs un-
derstand some DA varieties and are able to model
them, but that they frequently fail to do so because
of a strong preference for MSA. This is problem-
atic for a number of reasons. While MSA is useful
in many contexts, it is not used in many others.

1https://wikipedia.org/wiki/ISO_639_
macrolanguage
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According to the Ethnologue,2 MSA does not have
native speakers. Comparatively, DA varieties like
Egyptian and Moroccan Arabic (i.e. Moroccan
Darija) have tens of millions of speakers. Many
native speakers of DA varieties are not proficient
in MSA, and those who are tend to be more edu-
cated and socially advantaged (Bergman and Diab,
2022). Hence LLMs’ singular proficiency in MSA
may exacerbate, rather than ameliorate, existing
inequalities. Robinson et al. (2025) suggest that
different pre-training, post-training, and prompting
methods may be used to mitigate LLMs’ difficulty
with DA.

To address this gap, we designed the first shared
task to evaluate and improve dialectal Arabic gen-
eration: Arabic Modeling In Your Accent, or
AMIYA.3 For AMIYA we adopt the AL-QASIDA
evaluation methodology (Robinson et al., 2025),
which evaluates the dialectal fidelity, understand-
ing, quality, and diglossia of LLMs when process-
ing and generating DA. Our goal is to develop
LLMs proficient in five major Arabic varieties, and
provide the research community with tools and in-
sights to bring about future developments.

2 Shared Task Overview

The AMIYA shared task evaluates LLM proficiency
in Dialectal Arabic for varieties from five countries:
Morocco, Egypt, Palestine, Syria, and Saudi Ara-
bia. This evaluation is conducted using the AL-
QASIDA methodology: both automatically and
with human scoring on a subset of samples (Robin-
son et al., 2025). There are three available tracks:
closed data, closed model, and open.

2.1 Closed Data Track
For the closed data track, the only permitted train-
ing data is provided by the organizers, but any
open-source LLM can be used (along with their
pre-trained weights). The training set for this sub-
mission track contains data from 17 different data
sources, which we describe here.

MADAR 26 The MADAR 26 bitext contains
12k sentences of multi-way parallel training data
across eight Arabic dialects, English, and Modern
Standard Arabic (MSA) (Bouamor et al., 2018).
It additionally includes 2k sentences for each of
26 city-level Arabic dialects. The corpus is high-
quality, and is composed of translations of the En-

2https://www.ethnologue.com/
3"Amiya," or " �é J
 ÓA «" is the Arabic word for dialectal

Arabic itself.

glish Basic Traveling Expressions Corpus (BTEC)
(Takezawa et al., 2007). Its sentences are conversa-
tional and concise. The most recent test split4 was
off limits to participants.

SauDial The Saudi Arabic Dialects Game
Dataset is a multi-parallel bitext of 1001 lines from
4 Saudi Arabian dialects (Hejazi, Najdi, Eastern,
and Southern), English, and MSA (Alanazi et al.,
2025). The dataset focuses on topics related to lo-
calization for gaming and includes information on
each games’ age rating and any relevant cultural
context.

ASR-EgArbCSC The Egyptian Arabic Speech
Corpus5 contains 5.5 hours of conversational Egyp-
tian Arabic transcribed into 3.2k lines.

MASC Corpus The Multi-Arabic Sentiment
Corpus includes 6k lines in three divisions: prod-
uct reviews, political comments, and software com-
ments (Al-Moslmi et al., 2018). Each sentence is
labeled by two native speakers with positive or neg-
ative sentiment. Each annotator’s native country is
included as well.

Maknuune Maknunne is an open lexicon for
Palestinian Arabic with 36k entries from 17k lem-
mas and 3.7k roots (Dibas et al., 2022). Entries
include the diacritic Arabic orthographic form,
phonological transcription, and English gloss.

DODa The Darija Open Dataset contains ∼50k
sentences in Moroccan Arabic aligned with En-
glish translations (Outchakoucht and Es-Samaali,
2024). The dataset contains entries written both in
Arabic- and Latin-based writing systems to reflect
real-world usage patterns.

Shami Corpus The Shami Corpus contains ap-
proximately 10k tweets in each of four vari-
eties: Lebanese, Palestinian, Jordanian, and Syrian
(Abu Kwaik et al., 2018).

Atlaset The Atlaset dataset is a curated collection
of Moroccan text data (Bounhar, 2025). The train-
ing set includes 155M tokens from sources such as
social media posts and news articles. The dataset
encompasses both formal and informal registers
across domains.

4corpus-6-test-corpus-26-test
5https://magichub.com/datasets/

egyptian-arabic-conversational-speech-corpus/
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SDC The Saudi Dialect Corpus contains social
media data spanning various dialects of Arabic
from Saudi Arabia (Tarmom et al., 2020). In total,
the dataset includes 200k words.

Saudi Tweets Corpus The Saudi Tweets Corpus
includes 200k tweets from Saudi Arabian users
(Alruily, 2020). The dataset is cleaned of Twit-
ter artifacts such as emojis, retweet markers, and
hashtags.

SADSlyC The Saudi Arabian Dialects Song
Lyrics Corpus contains 31k lines of dialectal song
lyrics from the five major Saudi varieties: Najdi,
Hijazi, Shamali, Janoubi, and Shargawi (Alahmari,
2025). The dialect of each song is ascertained using
the hometown or birthplace of its author.

EDGAD The Egyptian Dialect Gender Anno-
tated Dataset contains about 200k tweets, labeled
with the gender of the writer (Hussein et al., 2019).
Each tweet comes from a user with at least 1k
tweets, and gender is determined via manual an-
notation, using profile information, tweet content,
and external information (for public figures).

EDC The Egyptian Dialect Corpus (EDC) in-
cludes 200k words, across 13k lines, of Egyptian
Arabic collected from Facebook (Tarmom et al.,
2020).

Casablanca Casablanca is an Arabic speech cor-
pus with transcriptions for samples in dialects from
eight countries: Algeria, Egypt, United Arab Emi-
rates, Jordan, Mauritania, Morocco, Palestine, and
Yemen (Talafha et al., 2024). The sentences also
include annotations on gender, dialect, and code
switching.

JODA The Jordanian Dialect Arabic (JODA)
dataset contains social media text, transcriptions of
films, and existing dialect corpora (Abandah et al.,
2025). These 50k sentences have been manually
annotated by expert linguists and translated into
MSA.

UFAL The UFAL parallel corpus includes 120k
sentences from OpenSubtitles (Sellat et al., 2023).
These sentences are translated into MSA and
Northern Levantine Arabic, in addition to English,
French, German, Greek, and Spanish.

Goud-Sum The Goud-Sum dataset is a set of
189k articles, with both headlines and categories
(Aftiss et al., 2025). These articles are in Moroccan

Arabic and/or MSA, scraped from the GOUD news
website.6

2.2 Closed Model Track

For this track, teams must train their LLMs from
scratch—that is, pre-trained weights are not al-
lowed. They can use any data except data that
has been explicitly restricted for testing.

2.3 Open Track

For this track, teams may use any pre-trained, open-
source LLM and any available data except that
which is restricted for the test set.

2.4 Evaluation Methodology

Our evaluation set was composed of subsets of four
datasets: Palm (Alwajih et al., 2025), FLORES-
200 (Goyal et al., 2022; NLLB Team et al., 2022),
Arena-Hard (Li et al., 2024), and MADAR-26
(Bouamor et al., 2018; Takezawa et al., 2007).

Palm is a dialectally diverse Arabic dataset com-
posed of LLM prompts. We initially intended to
use its designated test set for our evaluation. How-
ever, the test portion did not have enough data in
each of our dialects of interest. Hence, we used
portions of the Palm train set and repurposed them
for evaluation. The plurality of data in the set are
MSA, and we found through manual inspection that
even many of the sentences labeled as a DA variety
were also MSA. To mitigate this we filtered the
sentences in our dialects of focus by using ALDi
(Keleg et al., 2023) to measure their dialectness.
We only kept sentences scoring above 0.5 (indicat-
ing that they are more dialectal than standard). A
native Arabic speaker manually inspected a portion
of the filtered sentences to verify that the automatic
filtering was effective. This filtering yielded a to-
tal of 649 sentences for Moroccan Arabic, 283 for
Egyptian, 419 for Palestinian, 181 for Syrian, and
141 for Saudi.

As DA LLM instructions, the Palm sentences
were meant to evaluate LLMs’ monolingual gen-
eration ability to produce the same DA variety as
the input. For additional data of this same kind,
we used the first 200 sentences of FLORES-200
(NLLB Team et al., 2022) and the first 200 sen-
tences of the MADAR-26 corpus6-train split
(Bouamor et al., 2018) in each dialect. We con-
verted these generic sentences to LLM instructions
via AL-QASIDA, exactly as Robinson et al. (2025).

6https://www.goud.ma
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To evaluate LLMs’ ability in cross-lingual
generation—i.e., producing an explicitly requested
DA variety to respond to an English prompt, we
used 220 of the structured English LLM prompts
from Arena-Hard (Li et al., 2024). We converted
110 of these into LLM instructions requesting a DA
output by hand. We used Gemini7 to do the same
to another 110 and manually verified that they were
correct (with only minor error corrections needed).
We made copies of these 220 total sentences, re-
questing each of our five DA varieties by simple
string replacement.

Just as Robinson et al. (2025), we also availed
the multi-dialectal multi-parallel nature of the
FLORES-200 and MADAR-26 data to create
evaluation sets for English→DA, DA→English,
MSA→DA, and DA→MSA translation (with each
input formatted to be a translation instruction). Fig-
ure 1 illustrates the three types of LLM prompts
included in our evaluation.

We compute ADI2 dialectal fidelity score
(Robinson et al., 2025) to evaluate all outputs that
we expect to be DA, and chrF++ (Popović, 2017,
2015) to evaluate all translations.

In addition to these automatic metrics, native
Arabic speakers manually evaluated a total of 100
outputs from each team’s primary system (25 from
each of the data sources, excluding data intended
for translation). Our evaluator for Palestinian and
Syrian Arabic is a native speaker of Levantine Ara-
bic from Jordan, who has lived many years in Syria.
Our evaluator of Egyptian and Saudi outputs is a
native speaker of both Egyptian and Gulf Arabic,
and our evaluator of Moroccan outputs is a native
speaker of Moroccan Arabic.

Our evaluation is patterned after the AL-
QASIDA methodology (Robinson et al., 2025).
We measure dialectal fidelity with ADI2 score for
both monolingual, cross-lingual, and translation
prompts. We measure understanding by chrF++
score for DA→English MT and by human-given
adequacy scores. We measure generation quality
by English→DA chrF++ and by human-given flu-
ency scores. And we measure diglossia by chrF++
for MSA↔DA.

3 Shared Task Submissions

We received a total of 45 submitted systems from
six teams.

7https://gemini.google.com

3.1 Aladdin-FTI

Aladdin-FTI (or Aladdin) (Mutal et al., 2026) par-
ticipated in the closed data track with a system de-
signed to jointly model dialectal fidelity and diglos-
sic control. Their approach fine-tuned Hugging
Face’s SmolLM3-3B8 and Llama-3-8B-Instruct9

using a multi-objective training method that com-
bines (1) instruction-conditioned next-token dialec-
tal generation and (2) machine translation between
dialects, MSA, and English. The translation ob-
jective encourages semantic adequacy and aware-
ness of MSA–DA boundaries, while the instruction-
following generation objective promotes natural di-
alectal realization. By interpolating the two losses,
the team aimed to balance dialectal fidelity and
meaning preservation (e.g. in translation). Their
system supports Moroccan, Egyptian, Palestinian,
Syrian, and Saudi dialects. In their experiments
they compared fine-tuning (1) purely for MT, (2)
purely for instruction following, and (3) their com-
bination. They found that training with the joint
objective, by combining MT instruction data and
standard instruction data, provides the best trade-
off between dialect fidelity and translation qual-
ity. They submitted for all five dialects, using
their system based on Llama-3-8B-Instruct as their
primary submission and their system based on
SmolLM as contrastive1.

3.2 Brigham Young University

BYU (Hamad and Al-Najjar, 2026) made a closed
data track submission for Palestinian Arabic by
fine-tuning on a combination of the provided
Maknuune, Shami, Casablanca, MASC, and JODA
corpora (Dibas et al., 2022; Abu Kwaik et al.,
2018; Talafha et al., 2024; Al-Moslmi et al., 2018;
Abandah et al., 2025). Their submitted system
was based on Qwen2.5-1.5B-Instruct.10 They em-
ployed parameter-efficient fine-tuning, updating
approximately 0.28% of the model’s parameters,
and demonstrated improved performance on both
translation and generation.

3.3 Maastricht University

Maastricht University (UM) (Alali and Issam,
2026) participated in the closed data track. Their

8https://huggingface.co/HuggingFaceTB/
SmolLM3-3B

9https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

10https://huggingface.co/Qwen/Qwen2.5-1.
5B-Instruct
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system development involved three processes: Low
Rank Adaptation (LoRA), adapter merging, and
Minimum Bayes Risk (MBR) decoding (Hu et al.,
2021; Bapna and Firat, 2019; Houlsby et al., 2019;
Bickel and Doksum, 1977; Kumar and Byrne,
2004). The used LoRA to train layer adapters on
two contrastive objectives: (1) unsupervised fine-
tuning with a language modeling objective on DA
data, and (2) supervised fine-tuning with a trans-
lation objective. They found that merging mono-
lingual and translation-based adapters improved
the balance between dialectal fidelity (measured by
ADI2) and semantic fidelity (measured by chrF++).
They compared use of Llama 3.2 (Meta, 2024) and
JAIS-2 (Sengupta et al., 2023) as their base mod-
els and found that while Llama 3.2 had superior
ADI2, JAIS-2 was a stronger translator and had
more balanced scores overall. As a final step they
used MBR to ensemble different checkpoints, using
ADI2 and chrF++ as objectives. They submitted
systems based on JAIS-2 for Syrian, Moroccan,
and Saudi dialects.

3.4 Mohammed Bin Zayed University of
Artificial Intelligence

The MBZUAI team (Gaber et al., 2026) explored
fine-tuning methods for the closed data track. They
explored 12 different LLMs to use as an initial-
ization, including some instruction-tuned models
and some base models. The methodology was
to fine-tune the base models using continual pre-
training (CPT), then to fine-tune both base and in-
struct models with instruction fine-tuning. They ex-
plored both curriculum and mixed data approaches
to handling DA, MSA, and English in the pro-
vided data for CPT. They created instruction tun-
ing data from MADAR-26 data with an MT in-
struction template, and then took a subset of the
same data and synthetically created instructions for
monolingual and cross-lingual generation (using
provided templates for the former and Command
series models from Cohere for the latter). They
tested which models performed best for each di-
alect off the shelf, then explored which models
showed promise in fine-tuning on data subset. The
six best overall candidate models were selected for
full fine-tuning. They selected the three best per-
forming models for each of the five dialects as their
primary, contrastive1, and contrastive2 sub-
missions.

3.5 National University of Singapore -
Institute of Data Science

NUS-IDS (Das Gollapalli et al., 2026) made a
closed data track submission by employing a
unique training approach. Their initial step was
to train LLMs for Arabic dialect identification and
inter-dialectal translation. They then pass prompts
from various data categories (including translation,
summarization, and question-answering) through
an LLM to construct a dataset for reinforcement
learning (RL), i.e. preference tuning. If the trained
dialect classifier finds the output to be the right
dialect, it is labeled as a positive example. Oth-
erwise, it is labeled as negative, and the trained
translator creates a second output by translating
into the correct dialect, which is labeled as posi-
tive. The team used this preference data for RL
and found improvements in ADI2, at the expense
of worsened translation metrics. Their primary
submission for all five dialects was Llama-3.1-8B-
Instruct11 fine-tuned in this way. Their contrastive
submissions used Qwen-2.5-7B-Instruct12 (Yang
et al., 2024; Team, 2024) post-trained as a trans-
lator; contrastive1 was trained with RL as well
afterwards, while contrastive2 was not.

3.6 Syrian Dialect Arabic NLP
SDNLP (Alkhder and Abboush, 2026) was the
only team to submit to the open track. They fo-
cused on Syrian Arabic adaptation based on the
integration of parameter-efficient fine-tuning with
prompt-guided inference. They used their own
30k-utterance dataset of caption data from Turkish
television shows dubbed in Syrian Arabic. They
employed Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to adapt a pretrained instance of Llama-3.1-
8B to model Syrian Arabic.

4 Evaluation Results

We discuss results from both automatic and hu-
man evaluations across systems. Because all but
one submission were in the closed data track, we
compare all results together.

4.1 Automatic Scores
Results are in Tables 1 - 5. Best system results are
bold, as are baseline results when they remained
unbested. Table 1 shows overall ADI2 scores

11https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

12https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct
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submission mar egy pse syr sau

Aladdin-FTI primary 37.8% 15.2% 7.4% 21.5% 4.9%
Aladdin-FTI contrastive1 37.5% 15.1% 7.1% 24.5% 3.6%

BYU primary – – 5.4% – –

MBZUAI primary 56.9% 44.5% 9.5% 17.8% 10.1%
MBZUAI contrastive1 54.0% 39.0% 8.6% 17.3% 8.5%
MBZUAI contrastive2 57.5% 45.2% 10.1% 21.3% 14.2%

NUS-IDS primary 70.1% 62.9% 12.2% 10.2% 7.3%
NUS-IDS contrastive1 68.5% 56.0% 13.3% 36.2% 14.6%
NUS-IDS contrastive2 32.0% 0.6% 1.3% 0.6% 0.7%

SDNLP primary – – – 28.0% –

UM primary 67.9% – – 38.9% 46.4%

Baseline 10.2% 11.1% 1.9% 1.3% 0.9%

Table 1: Average ADI2 scores across all datasets and
tasks asking for DA responses. As Robinson et al.
(2025), we use an LID filter that automatically assigns
a score of 0 to sentences not identified as Arabic.

submission mar egy pse syr sau

Aladdin-FTI primary 32.3 34.2 37.6 22.6 36.3
Aladdin-FTI contrastive1 32.0 33.2 36.3 20.1 36.2

BYU primary – – 13.8 – –

MBZUAI primary 22.7 33.6 36.9 31.0 34.1
MBZUAI contrastive1 26.8 34.3 34.0 31.0 36.2
MBZUAI contrastive2 25.8 31.2 30.5 25.7 32.6

NUS-IDS primary 8.6 11.7 12.1 11.9 13.2
NUS-IDS contrastive1 11.9 15.8 15.3 14.0 15.8
NUS-IDS contrastive2 24.0 20.6 22.9 20.2 32.9

SDNLP primary – – – 14.8 –

UM primary 30.0 – – 34.4 19.8

Baseline 23.9 30.3 32.4 31.6 35.5

Table 2: Aggregate chrF++ scores for ENG→DA MT

for each submitted system. These are computed
across all combined eval data subsets that expect
DA responses: both monolingual prompts (Palm,
FLORES, MADAR); cross-lingual (Arena-Hard);
and MT (FLORES and MADAR English→DA
and MSA→DA). In the Moroccan (mar), Egyp-
tian (egy), and Palestinian (pse) dialects, NUS-
IDS’ RL-tuned systems scored best, casting their
unique preference tuning approach as a promising
method for better dialectal fidelity. In Syrian (syr)
and Saudi (sau), UM performed best. This was
somewhat surprising since the only supervised data
their model was fine-tuned on were MT prompts
specifically, and could be an indication of the ef-
fectiveness of the unsupervised post-training they
conducted prior to adapter merging.

The baseline model for automatic evaluations is
Llama-3.1-8B-Instruct, run with each test prompt
placed entirely in the "user" field of its input. We se-
lected this baseline because it relatively performed

submission mar egy pse syr sau

Aladdin-FTI primary 46.2 50.0 53.0 39.8 54.0
Aladdin-FTI contrastive1 45.6 49.6 53.5 39.8 54.5

BYU primary – – 11.2 – –

MBZUAI primary 44.9 47.7 50.4 54.1 58.4
MBZUAI contrastive1 51.0 53.4 58.0 52.7 57.9
MBZUAI contrastive2 44.6 43.3 50.0 48.2 52.2

NUS-IDS primary 19.2 19.0 20.4 18.9 20.1
NUS-IDS contrastive1 17.9 21.3 22.3 21.1 23.2
NUS-IDS contrastive2 33.9 6.2 47.2 9.4 54.1

SDNLP primary – – – 36.2 –

UM primary 49.9 – – 51.9 0.0

Baseline 45.9 49.7 52.5 49.5 56.4

Table 3: Aggregate chrF++ scores for DA→ENG MT

submission mar egy pse syr sau

Aladdin-FTI primary 26.6 28.8 31.2 23.2 43.2
Aladdin-FTI contrastive1 25.1 27.5 30.7 19.4 32.1

BYU primary – – 17.6 – –

MBZUAI primary 34.9 39.5 40.5 37.6 55.3
MBZUAI contrastive1 35.3 43.7 40.1 36.8 56.9
MBZUAI contrastive2 33.1 36.4 42.4 37.4 42.8

NUS-IDS primary 11.6 17.3 16.0 16.6 19.7
NUS-IDS contrastive1 11.2 16.5 15.5 15.7 17.5
NUS-IDS contrastive2 32.4 12.5 30.9 9.7 60.1

SDNLP primary – – – 15.6 –

UM primary 33.8 – – 40.3 24.2

Baseline 30.8 42.1 40.4 39.8 61.4

Table 4: Aggregate chrF++ scores for MSA→DA MT

well on Robinson et al.’s (2025) evaluation. How-
ever, with this eval set and prompting method its
dialectal fidelity is far below that of the submitted
systems.

Table 2 shows chrF++ scores for MT of English
(ENG) into DA. In this setting, Aladdin’s Llama-
based system performed best on Moroccan, Pales-
tinian, and Syrian; MBZUAI did best on Egyptian,
and UM won out oon Syrian. (Note also that best
scores from each of these three teams are fairly
close to one another across all five dialects.) Al-
addin, MBZUAI, and UM (as well as NUS-IDS
with their contrastive2 system) all trained on
MT-specific instruction fine-tuning data and all
scored fairly well on this task.

In the following tables, 3 for DA→ENG, 4
for MSA→DA, and 5 for DA→MSA, we see a
common trend: MBZUAI’s systems perform best.
The only exceptions to this are MSA-to-Syrian
MT, which UM excelled at, and MSA-to-Saudi
MT, which NUS-IDS did best (with their model
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submission mar egy pse syr sau

Aladdin-FTI primary 27.4 29.4 31.2 24.6 42.1
Aladdin-FTI contrastive1 27.1 28.0 30.7 21.3 34.2

BYU primary – – 17.3 – –

MBZUAI primary 39.3 43.9 41.6 40.3 65.3
MBZUAI contrastive1 44.1 50.6 42.9 44.4 66.3
MBZUAI contrastive2 37.9 39.1 41.8 34.6 53.2

NUS-IDS primary 13.3 17.5 15.9 14.9 21.6
NUS-IDS contrastive1 16.0 19.7 18.6 20.8 32.7
NUS-IDS contrastive2 35.1 11.2 32.8 12.1 59.1

SDNLP primary – – – 6.7 –

UM primary 39.5 – – 43.4 37.2

Baseline 39.3 47.3 44.4 42.1 68.5

Table 5: Aggregate chrF++ scores for DA→MSA MT

Adherence level Rating

The response fulfills user request com-
pletely

3

The response fulfills half or part of the user
request

2

The response does not fulfill the user re-
quest at all

1

Table 6: Adherence: did the model response fulfill all
that was asked in the prompt?

trained on an MT objective only). Specifically for
the out-of-DA translation directions (Tables 3 and
5), MBZUAI’s Aya-based systems performed best;
these include all of their contrastive1 systems
and their primary systems for Syrian and Saudi
DA. This could be in part because Aya (Dang et al.,
2024; Üstün et al., 2024) was trained on a highly
multilingual dataset, including explicit support for
English and MSA (the target languages here).

Notice that across MT evaluations, many sys-
tems did not outperform the baseline, and even
the best systems typically only outperformed it
by small margins (if at all). However, we wish
to point out that the baseline model’s outputs for
into-DA translation, while they may achieve high
chrF++, have extremely low ADI2 scores. And
for into-MSA translation it may benefit from the
unfortunate proximity between MSA and the DA
subsets of FLORES. All of this said, we hope that
in future years participants will be able to beat the
baseline more convincingly in all metrics.

See Appendix B for more more detailed, genre-
specific score breakdowns.

Fluency level Rating

The response is indistinguishable from na-
tive Arabic text

5

The response is understandable, but likely
not native Arabic text

4

The response is clearly not native Arabic
text, recurrent disfluencies are glaring or
inhibit understanding (or includes copied
text from the input prompt alongside newly
generated text)

3

The response contains some fluent ele-
ments, but mostly not fluent (or copies the
input prompt without innovating)

2

The response is not fluent, or not Arabic 1

Table 7: Fluency: did the model generate a response
that could have been written by a native Arabic speaker?

4.2 Human Evaluation Scores
We detail our human evaluation process and present
its results.

4.2.1 Evaluation Criteria
To assess the quality of dialectal Arabic generation,
we conducted a comprehensive human evaluation
with three native Arabic speakers, each proficient
in multiple dialectal varieties. Our evaluators in-
cluded a native Gulf/Egyptian speaker, a Levantine
speaker, and a Moroccan speaker, providing cov-
erage across all five dialects included in our study.
The annotators, who are also authors of this work,
evaluated each team’s primary submission on a
sample of 25 prompt completions each from Palm,
MADAR, FLORES, and Arena-Hard; or 100 sam-
ples total per dialect per team. Each completion
was assessed along two dimensions that are diffi-
cult to measure automatically: model Adherence
and Fluency.

Adherence refers to whether the model response
fulfilled the original user request, using a 3-point
scale, displayed in Table 6. Fluency refers to
whether the model generated a response that ap-
pears to have been written by a native Arabic
speaker, with coherent sentence structure (in either
DA or MSA). We used a 5-point scale to capture
the various degrees of fluency, shown in Table 7.

4.2.2 Annotator Results Overview
The resulting average scores of our human evalua-
tion are shown in tables 8 and 9. One thing is fairly
simple about the results trends: MBZUAI’s submis-
sion performs best in every measurement, with the
exception of UM in Moroccan fluency. For Adher-
ence, most models average between 1 ("does not
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mar egy pse syr sau

Aladdin 1.78 1.80 1.17 1.12 1.66
BYU – – 1.26 – –
MBZUAI 2.04 2.07 1.61 1.62 2.10
NUS-IDS 1.40 1.92 1.17 1.18 2.05
SDNLP – – – 1.12 –
UM 1.97 – – 1.15 1.12

Table 8: Adherence: average human score per team and
dialect

mar egy pse syr sau

Aladdin 3.15 2.77 2.68 2.44 3.15
BYU – – 2.99 – –
MBZUAI 3.20 3.59 3.48 3.43 3.37
NUS-IDS 1.43 2.22 2.40 2.46 2.83
SDNLP – – – 2.93
UM 3.37 – – 2.63 2.38

Table 9: Fluency: average human score per team and
dialect

fulfill the user request at all") and 2 ("fulfills half
or part of the user request"); and the best perform-
ing models average between 2 and 3 ("fulfills user
request completely"). In terms of Fluency, most
models average between 2 ("contains some fluent
elements, but mostly not fluent") and 3 ("clearly
not native Arabic text"); and the best models per-
form between 3 and 4 ("understandable, but likely
not native Arabic text").

Our findings suggest that knowledge of dialectal
lexicon does not necessarily translate to conversa-
tional competence in a particular dialect. Even
when models demonstrate facility with dialectal
vocabulary, they lack the cultural and contextual
knowledge necessary for accurate and disambigu-
ous discourse. High dialectal scores alone do not
necessarily result in coherent and fluent responses,
as models can parrot the original prompt or use
a pool of dialectal words without meaningful sen-
tence structure. For example, Aladdin’s system
acheived high ADI2 scores (shown in Table 1), but
scored poorly on Adherence in Table 8. This is
a limitation that extends beyond purely linguistic
competence to encompass broader understanding
of DA varieties. This pattern aligns with Robinson
et al. (2025), who report that LLMs understand
Dialectal Arabic better at than they generate it,
and reveal a reluctance to produce dialectal out-
put along with insufficient depth of dialect-specific
knowledge.

We include detailed observations from the an-
notators regarding each dialect in Appendix A.

5 Conclusions

One of our conclusions from our human evaluation
was that command of dialectal vocabulary does not
equate to conversational fluency, as models often
lack the cultural and contextual structure required
to use words appropriately in the native dialect.
Models can achieve high ADI2 scores by parroting
prompts or inserting dialectal terms without con-
structing meaningful, coherent sentences, which
could be misleading as a signal of fluency.

Looking at our evaluation campaign comprehen-
sively, it seems that the MBZUAI team performed
best overall. Their systems, produced by selecting
the best performing of 12 candidate model initial-
ization after CPT and SFT with an MT objective,
dominated most of the MT evaluations and nearly
all the human evaluations, and they performed rea-
sonably well in dialectal fidelity as well. This
speaks to the effectiveness of a simple approach
combining CPT and SFT, and the importance of
casting a wide net in terms of candidate models.
The MBZUAI teams’ thoroughness in exploring a
wide variety of LLMs paid off in their performance.

We also point out that Aladdin’s systems per-
formed well on into-DA translation, though they
performed less well in adherence to generic user
requests. This indicates that the model may have
become an MT specialist, which is conceivable
given that it was trained on a mixture including MT
supervised data. Other submissions that occasion-
ally stood out were UM and NUS-IDS. UM per-
formed best or nearly best on all translation direc-
tions involving Syrian Arabic. They also achieved
best or nearly best ADI2 scores across all three
dialects they submitted for, and their model per-
formed nearly as well as or better than MBZUAI’s
for both Adequacy and Fluency in Moroccan. The
RL-trained systems of NUS-IDS generally per-
formed poorly in MT and human evaluations, but
they scored best or nearly best in ADI2 score for
every dialect except Saudi. This indicates that their
novel method of preference tuning with synthetic
correct-dialect and incorrect-dialect completions
has promise for increasing ADI2 score. In this case,
it appears to have degraded other abilities, but per-
haps future researchers will find a way to combine
it with other objectives and minimize this loss.

Limitations

Our evaluation campaign this year left a few things
to be desired. To start, our suggested method for
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participants to evaluate their own systems inter-
nally was by running Robinson et al.’s (2025) AL-
QASIDA. We found that this was less than prac-
tical for three reasons. First, participants strug-
gled to set up the proper environments to run AL-
QASIDA, and the code base was less adaptable
to different kinds of models than we would have
liked. For future evaluations it may be wise to
set up a "lite" version of AL-QASIDA that sim-
ply computes ADI2 and chrF++ scores. The orig-
inal implementation has model inference built in
as an intermediate step, but perhaps it would be
easier for teams to do their own inference sepa-
rately. This would allow for more versatility. Sec-
ond, AL-QASIDA is time-consuming to run (and
essentially not runnable without access to GPUs).
This is more difficult to address, but could also
be alleviated somewhat by a "lite" version of the
benchmark. Third, different conventions about how
LLMs are prompted (whether with plain text input
or a structured dictionary with roles) can vary. The
original AL-QASIDA evaluation process was not
equipped to account for this variation, which can
lead to results that seem inconsistent with previ-
ously published scores.

Another shortcoming of our campaign this year
lay in our use of the FLORES dataset. Unfortu-
nately, some of the dialectal Arabic subsets of
FLORES-200 are too close to MSA. The Saudi
subset, for example, is closer to the Flores-200
MSA subset itself than even a reasonable set of
MSA paraphrases would be. This makes results
using FLORES somewhat questionable (and vir-
tually ensures that models scoring high on Saudi
ADI2 will score poorly on into-Saudi MT, and vice
versa).
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Maja Popović. 2017. chrF++: words helping charac-
ter n-grams. In Proceedings of the Second Con-
ference on Machine Translation, pages 612–618,
Copenhagen, Denmark. Association for Computa-
tional Linguistics.

Nathaniel Robinson, Perez Ogayo, David R. Mortensen,
and Graham Neubig. 2023. ChatGPT MT: Competi-
tive for high- (but not low-) resource languages. In
Proceedings of the Eighth Conference on Machine
Translation, pages 392–418, Singapore. Association
for Computational Linguistics.

Nathaniel Romney Robinson, Shahd Abdelmoneim,
Kelly Marchisio, and Sebastian Ruder. 2025. AL-
QASIDA: Analyzing LLM quality and accuracy sys-
tematically in dialectal Arabic. In Findings of the As-
sociation for Computational Linguistics: ACL 2025,
pages 22048–22065, Vienna, Austria. Association
for Computational Linguistics.

Hashem Sellat, Shadi Saleh, Mateusz Krubiński,
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A Annotator Observations

In this section we discuss some of the annotators’
qualitative observations as they conducted the hu-
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Prompt [..] dataset which contains 2D images, [..] how to find the closest image?
Explain in Egyptian Arabic.

Flu. Adh.
NUS-IDS

��.,2 XAªK. @ ú

	̄ Pñ� �èY«A�̄ úÎ« øñ�Jj��K. �HA 	KAJ
K. ½Ê�JÓ@
 ú


	G @
 ú

	G @


�éÊ�ñÓ
, �èYK
Yg. �èPñ� ú


	GY 	J« ú

	G @
 : èY» 	àñº�Jë �ék. Ag ø
 ñ�@ PY �̄



@ h. A�J m× ú


	G @

PY�® 	JK. �èPñ� Ñë



@ 	à@
 Qº 	®�Jë ��. , Aî 	DÓ ��Pð 	P



@ AJ
 	KYË@ ú 	æ�J���ë ��Ó �I	J»ð	àñº�Jë , Aî 	DJ
K. ð A 	J�
K. ���̄Q 	®�Jë ��Ó AîE
 	P@ñJ
ë ú
ÎË @ ð



@ , A 	JÓ@Y�̄ ú
Í@ ù
 ë AëAJ
m.�

	'
AîD�jJ
ë ú
ÎË @

�é�®J
 	J 	®Ë @ ÐY 	j�J���ë ¡J. 	¢ËAK. . . . ? �èY» 	­J
»

2 3

Aladdin Step 1: Understand the problem statement: The problem is that I am trying
to find the best match for an image from a dataset containing a list of
images. The goal is to output the index of the best-matching image in the
list. Step 2: Identify the input and output formats. Input format: A list
of images. Output format: The index of the image in the input list that
matches the query image...

1 3

MBZUAI - 1 1

Table 10: Example prompt for a technical request in Egyptian Arabic, responses shortened for display

A.1 Egyptian

The LLMs evaluated for Egyptian Arabic demon-
strate comparable Adherence levels, with most re-
sponses partially fulfilling the original prompt re-
quests. However, notable differences emerged with
respect to Fluency. The NUS-IDS model drew from
a mix of dialectal terms spanning multiple vari-
eties, while maintaining only partial sentence coher-
ence. Aladdin’s model generated dialectal phrases
characteristic of social media registers, with less
alignment to the request and repetition of words
within the prompt (i.e. parroting). The MBZUAI
model demonstrated stronger comprehension rel-
ative to other submissions, though responses con-
tained grammatical errors or fell short of native-like
production.

Additionally, we observed instances where
NUS-IDS and Aladdin models demonstrated un-
derstanding and high adherence of the prompt but
failed to maintain the Egyptian dialect, instead
responding in a mixed dialect or entirely in En-
glish. This is especially evident in prompts requir-
ing code, or technical or highly structured outputs,
where responses could be thorough, albeit in En-
glish or other dialects.

Table 10 presents a representative example
where the prompt asks to explain a technical con-
cept in Egyptian Arabic. NUS-IDS produced
mixed dialectal lexical items with inconsistent
structure, Aladdin generated dialectal phrasing but
failed to address prompt content, and MBZUAI

defaulted entirely to English.

A.2 Moroccan

Across the 100 Moroccan prompts, the four sys-
tems can be divided into two distinct performance
tiers. NUS-IDS consistently underperformed on
both Fluency and Adherence, producing responses
that were often difficult to comprehend and drifted
from the target Moroccan variety.

Among the remaining three systems, the per-
formance trade-offs demonstrate more nuance.
MBZUAI achieves the highest average Adherence,
suggesting it most reliably maintains alignment
with Moroccan dialectal features. UM achieves
the highest average Fluency, indicating more con-
sistently readable and well-formed responses. Al-
addin demonstrates competitive performance on
Arabic prompts but exhibits high variance, perform-
ing well when prompts are already in Arabic, but
declining sharply on English or technical prompts
that still require Moroccan Arabic output.

This gap is illustrated in Table 11, where an En-
glish prompt explicitly requesting Moroccan Ara-
bic asks how a corporate lawyer might pivot to
launching an AI-enabled startup, UM produces a
structured, actionable response in the Moroccan
dialect demonstrating stability. MBZUAI similarly
maintains dialectal output but with slightly more
variability in phrasing. In contrast, Aladdin tends
to drift on such cross-lingual instructions, often
resorting to English or generating unrelated con-
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tent, while NUS-IDS outputs incoherent or off-
topic text.

A.3 Palestinian
The results indicate that none of the evaluated mod-
els consistently adhered well to the prompts, with
average Adherence scores remaining low across
all submissions. MBZUAI performed best over-
all, achieving the highest Adherence score and no-
tably stronger Fluency (3.48), suggesting that it
has better command of the Palestinian dialect. The
remaining teams (NUS-IDS, Aladdin, and BYU)
demonstrated similar levels of Adherence, while
Fluency scores varied from limited to moderately
understandable.

These findings indicate that while some
progress has been made in Fluency, particularly by
MBZUAI, accurate fulfillment of user requests in
Palestinian Arabic remains a significant challenge
across models.

Additionally, prompts requiring paraphrasing of
specific statements while preserving meaning in
Palestinian Arabic revealed notable performance
variation across teams. Several models struggled
to produce genuine paraphrases without using the
original wording, implying limited lexical flexibil-
ity. See Table 12.

A.4 Saudi Arabian
Overall, the models demonstrate greater Fluency
in the Saudi dialect compared to the other dialects,
in addition to marginally higher Adherence scores.
Although responses contained highly dialectal vo-
cabulary, there are instances where sentence struc-
ture did not form fully coherent answers or failed
to completely address the original user request.

It is interesting to note that where prompts in-
corporated culturally relevant content using local
idioms, the models did not produce meaningful re-
sponses despite using terminology used frequently
in Saudi conversational style.

NUS-IDS produced instances of mixed dialects
within single responses alongside highly dialectal
but incoherent outputs. Team Aladdin generated
phrases in non-Saudi varieties and failed to pro-
vide responses with substantial meaning, largely
parroting the original prompt without meaningful
elaboration. UM produced dialectal phrases typ-
ically used in conversation but without coherent
sentences.

MBZUAI demonstrated stronger comprehen-
sion and Fluency relative to other submissions,

though generated responses contained grammat-
ical errors or fell short of native-like production.
It is also notable that this model produced halluci-
nated responses with a confident tone, particularly
relating to idioms and phrases. See Table 13.

A.5 Syrian
With regards to Syrian Arabic, Adherence to
prompts remained limited across most submissions.
MBZUAI clearly outperformed other systems and
demonstrated stronger Syrian dialect generation,
achieving the highest Adherence (1.62) and Flu-
ency (3.43).

For the NUS-IDS, Aladdin, UM, and SDNLP
teams, the results yielded comparably low Ad-
herence scores, reflecting partial or irrelevant re-
sponses to prompts. With respect to Fluency,
SDNLP and UM produced moderately more nat-
ural responses than NUS-IDS and Aladdin. How-
ever, responses did not sound completely native,
reinforcing the idea of gaps in dialectal naturalness
and accuracy.

Models exhibited unexpected difficulties with
what should have been a relatively straightforward
vocabulary word: �éjJ
 	®� (sfiha), a well-known
Syrian and Levantine dish. Only UM partially iden-
tified the term within a food context, while SDNLP
largely reproduced the prompt without elaboration.
NUS-IDS and Aladdin misinterpreted the term en-
tirely, conflating �éjJ
 	®� with �é J
 	Kñ �Jº�K �éjJ
 	®�
(tectonic plate) and producing responses that were
off-tangent. See Table 14.

B Genre-specific Automatic Scores

In this section we display the ADI2 and chrF++
scores across all different evaluation subsets men-
tioned in §2.4.

See tables 15, 16, 17, 18, 19, 20, 21, and 18, 22
for ADI2 scores across eval subsets; and see tables
23, 24, 25, 26, 27, 28, 29, and 30 for chrF++ scores
across eval subsets.
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Prompt If you were a corporate law [..] pivot to launch an AI enable startup [..] Explain in
Morrocan Arabic

Flu. Adh.
NUS-IDS ��ñ�®mÌ'@ ÈAm.× 	áÓ Èð 	Q 	K ø
 ñ�

	� ��AK. �éÊJ
� 	®�K ¡¢ 	k ú
æ
�� ú


	̄ ðA�	� ø
 XA
	« ��@ð

ÈA K
X
	¬@ 	QK. Èð 	Q 	K ø
 ñ�

	� ��A K. ø
 XAë , 	á�
 	J� 15 	áK
A¿ ú
Î Ë @
�é J
 �KA¿Qå�� Ë @

ø
 XAë ø
 XAë . Q�. J
ÊË @ �HAJ
 	J �®�JK. Õºm��'A¿ ú
ÎË @
�HAJ
 	J �®�JË @ úÎ« ú


	æJ. �KA¿ ú
ÎË @
�é«A 	J ��Ë@

:ø
 XAë Èð 	Q 	K ø
 ñ�
	� ��AK. ¡¢ 	k ú
æ

�� 	áK
A¿

2 2

Aladdin Here’s an example of what I mean: An AI model predicts that for any
input image X, a pre-trained neural network will generate a probability
distribution over all possible 48 x 48 input images it can possibly generate.
Specifically, a high-confidence output is provided by a convolution...

1 1

MU
ÐY 	j�J» ú
Í

�HA¿Qå��Ë @ ù
 ë ñ 	J �� 	¬Qª�K ��AK. ��ñ�Ë@ �é�@PX QK
X ½�A 	g ,Bð


@

��


A�K ½�A 	g , YªK. 	áÓ . ÑîD.j. ªJ
» ñ	J �� ð ø
 @ ©Ó

	¬@ 	QK.

3 5

MBZUAI
ú

	̄ H. PA m.�

�' ÈA K
X ÐA« 15 ©Ó �HA¿Qå�� Ë @ 	àñ 	KA �̄ é J
ÓA m× ú

�æ 	J» 	àñ» ��@ð

é»Qå�� Pñ¢ 	� @YJ. 	K PY �® 	K ��A 	®J
» ? ZA 	®�J 	kB@ ð Z@Q��»B@ �HAJ
ÊÔ« ©Ó ÉÓAª�JË @
? éJ
»

	YË@ AJ
k. ñËñ	Jº�JË @ é£A�ñK. èQº�JJ.Ó éJ
 	J �®�K

3 4

Table 11: Example prompt asking how a corporate lawyer might pivot to launching an AI-enabled startup in
Moroccan Arabic. Note: prompt and responses have been shortened for formatting purposes.

Prompt
�
@. Aî �DÊÔ« �I	K

�
@ : ú
Î�B@ ú 	æªÖÏ @ úÎ« 	¡ 	̄ Agð ½�J�®K
Q¢�. �éÊÒm.Ì'@ ø
 Aë I. �J» @

Flu. Adh.
NUS-IDS

�IªJ. �K @ �I	K
�
@ : �éjJ
j�Ë@ �éK. Ag. B
 @

�
A.î �D 	̄Q« ú
ÎË @

�IªJ. �K @ �I	K
�
@ : ú


	æªK
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ÎË @
	á�
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�
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2 1

Aladdin �
A.îD
�JJ
ÊÔ« �I	K

�
@ : AîD
�JJ. Ê£ ú
ÎË @

�é�®K
Q¢ËAK. �éÊÒm.Ì'@ ù
 ë ø
 XAë
3 2

BYU
AêÓ@Q��g@ . 	­Ê�

�ê �Ó AêÓ@Q��g@ . ú

�æ 	JJ. Ë A« ½� �J�

��
 	K�
�Y�K. �I� 	K



@ . Aî �DÊÔ« �I	K



@
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�ê �Ó�Ð

2 3

MBZUAI
ð@ , é 	JJ
ªÓ ék. Ag �IÊÔ« ð@ ú
æ

�� �IÊÔ« ½	K@ ø
 Y�
�̄ , Aî �DÊÔ« �I	K@

ú
æ
�� ½J
ë

5 1

Table 12: Example prompt asking to rephrase a specific Palestinian Arabic statement shows limited flexibility in
models generating paraphrased content. Note: responses have been shortened for formatting purposes.
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Prompt ? �éK
Xñª�Ë@ ÕÎ« É¾ �� ñ ��ð
Flu. Adh.

NUS-IDS
	áÓ �éJ. J
»Q��K. ú 	æJ. ��K
 ÕÎ« ñë �éK
Xñª�Ë@ �éJ
K. QªË@ �éºÊÒÖÏ @ ÕÎ«	¬PA 	g 	P A 	JJ
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 	J 	®Ë @ �HA 	JK
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�Y	Jë�ékñË 	 A 	®�Jk@ ©Ó , A 	JJ
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	̄ AK
 @ð 	QË @ð ÐA��̄ 
B@ ©J
Ôg.
ú

	̄ 	à@ñË
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3 4
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@
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	Yë
�IJ
ËAK
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, éK
ðA���Ó ¨AK. P@ éªK. P@ 	áÓ 	àñº�JK
 éK
Xñª�Ë@ éJ
K. QªË@ �éºÊÒÖÏ @ ÕÎ«
ú

	̄ ð , 	�J
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Î
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4 1

Table 13: Example prompt asking to describe the Saudi flag in Saudi Arabic; models generate made up answers
with moderate fluency. Note: responses have been shortened for formatting purposes.
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ÊJ. m.Ì'@ �éÊ�JºË@ Õæ	��
ð ú
G. Q
	ªË @ �èQºË@

AK. ðPð


@ A�KPA�̄ ÈAÒ ��Ë@ 	áÓ AëYm�'
ð. . . AJ
�@Pð



@ 	áÓ ú


�̄Qå��Ë @ ú
G. ñ
	Jm.Ì'@

, AJ
 �®K
Q 	̄ @
 ÈAÖÞ�� úæ��̄


@ð

3 1

Aladdin
. �HA¢J
jÖÏ @ �Im��' 	�P



B@ 	áÓ �é�®¢	JÓ ù
 ë

�éK
Pñ�Ë@ �éjJ
 	®�Ë@
3 1

UM
É¿ A�JK. ���
X@ ½ 	jJ.£ ém�'
P 	áÓ éJ
J. Ê�̄ éÓ 	P@ èPQå� B@ 	¬QªK. AÓ A 	K @

¨ñk. ú

	GAÓ A 	K @ Ym.×@ éjJ
 	®�ËAë 	áÓ

1 3

MBZUAI
?

1 1

SDNLP
? AK
Pñ� �éjJ
 	®� ú
Íñ

�®�K Ñ« ñ �� �I� 	K


@

3 1

Table 14: Example prompt asking about a well-known Syrian dish; models generate mixed responses with little
adherence. Note: responses have been shortened for formatting purposes.
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submission mar egy pse syr sau

Aladdin-FTI primary 35.4% 13.3% 8.9% 11.8% 3.2%
Aladdin-FTI contrastive1 33.8% 12.8% 9.8% 14.1% 4.5%

BYU primary – 7.0% – –

MBZUAI primary 53.3% 42.0% 13.7% 9.8% 10.8%
MBZUAI contrastive1 54.8% 33.2% 16.2% 12.2% 8.3%
MBZUAI contrastive2 56.8% 51.5% 21.5% 27.5% 7.2%

NUS-IDS primary 73.9% 66.6% 16.3% 8.0% 3.9%
NUS-IDS contrastive1 43.4% 19.3% 12.8% 26.8% 2.9%
NUS-IDS contrastive2 25.4% 0.6% 3.6% 0.7% 0.9%

SDNLP primary – – 30.4% –

UM primary 87.8% – 53.7% 53.9%

Baseline 5.7% 5.4% 4.3% 1.4% 0.4%

Table 15: ADI2 on Palm prompts

submission mar egy pse syr sau

Aladdin-FTI primary 39.2% 8.2% 4.4% 8.4% 0.3%
Aladdin-FTI contrastive1 39.3% 7.7% 4.8% 11.8% 0.6%

BYU primary – 6.8% – –

MBZUAI primary 69.6% 59.2% 12.6% 13.0% 2.5%
MBZUAI contrastive1 56.8% 47.8% 9.2% 13.5% 3.8%
MBZUAI contrastive2 71.6% 58.6% 11.6% 11.4% 9.2%

NUS-IDS primary 87.1% 66.8% 6.9% 2.1% 1.7%
NUS-IDS contrastive1 73.3% 17.1% 6.4% 32.2% 0.3%
NUS-IDS contrastive2 39.7% 0.2% 0.9% 0.0% 0.1%

SDNLP primary – – 29.7% –

UM primary 77.5% – 45.5% 42.8%

Baseline 13.1% 12.3% 0.7% 1.2% 0.0%

Table 16: ADI2 on FLORES monolingual prompts

submission mar egy pse syr sau

Aladdin-FTI primary 44.1% 17.0% 11.3% 15.3% 4.9%
Aladdin-FTI contrastive1 49.7% 12.4% 11.9% 24.1% 2.2%

BYU primary – 11.1% – –

MBZUAI primary 72.8% 68.2% 19.3% 24.7% 16.0%
MBZUAI contrastive1 74.7% 61.2% 16.6% 22.2% 14.3%
MBZUAI contrastive2 77.3% 66.6% 20.1% 20.1% 21.1%

NUS-IDS primary 85.2% 75.2% 9.3% 4.7% 4.8%
NUS-IDS contrastive1 58.6% 25.3% 8.0% 38.6% 0.5%
NUS-IDS contrastive2 52.6% 1.4% 2.8% 0.6% 2.7%

SDNLP primary – – 36.3% –

UM primary 82.3% – 57.5% 47.9%

Baseline 20.3% 27.1% 3.1% 4.8% 1.3%

Table 17: ADI2 on MADAR monolingual prompts

submission mar egy pse syr sau

Aladdin-FTI primary 38.8% 10.3% 4.6% 29.2% 1.9%
Aladdin-FTI contrastive1 36.9% 11.3% 3.7% 32.0% 1.7%

BYU primary – 1.4% – –

MBZUAI primary 64.2% 33.9% 4.4% 14.3% 4.9%
MBZUAI contrastive1 52.3% 25.0% 0.9% 16.5% 2.8%
MBZUAI contrastive2 53.6% 30.1% 3.1% 20.3% 8.0%

NUS-IDS primary 71.8% 59.4% 6.6% 6.9% 3.9%
NUS-IDS contrastive1 78.2% 83.1% 15.0% 36.9% 15.0%
NUS-IDS contrastive2 24.5% 0.4% 0.1% 0.2% 0.2%

SDNLP primary – – 25.5% –

UM primary 47.5% – 31.1% 37.7%

Baseline 7.9% 1.6% 0.1% 0.1% 0.1%

Table 18: ADI2 on FLORES ENG→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 21.1% 8.0% 3.3% 20.1% 1.2%
Aladdin-FTI contrastive1 17.9% 10.2% 3.1% 22.8% 0.6%

BYU primary – 1.0% – –

MBZUAI primary 38.2% 25.2% 0.3% 14.7% 4.3%
MBZUAI contrastive1 34.2% 21.6% 0.6% 14.5% 3.0%
MBZUAI contrastive2 38.5% 21.1% 0.1% 15.4% 6.2%

NUS-IDS primary 86.1% 75.0% 10.6% 12.1% 8.2%
NUS-IDS contrastive1 83.0% 79.3% 13.3% 34.9% 20.5%
NUS-IDS contrastive2 20.4% 0.2% 0.1% 0.1% 0.2%

SDNLP primary – – 10.5% –

UM primary 31.5% – 29.1% 37.6%

Baseline 18.3% 16.6% 1.2% 0.5% 1.0%

Table 19: ADI2 on FLORES MSA→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 66.7% 33.3% 12.0% 41.9% 16.7%
Aladdin-FTI contrastive1 65.7% 30.6% 9.5% 46.3% 12.2%

BYU primary – 5.6% – –

MBZUAI primary 63.6% 48.0% 10.6% 22.9% 17.7%
MBZUAI contrastive1 60.0% 47.2% 6.8% 21.4% 15.6%
MBZUAI contrastive2 69.3% 49.2% 6.7% 25.1% 24.6%

NUS-IDS primary 58.9% 51.9% 3.5% 9.3% 7.5%
NUS-IDS contrastive1 89.8% 77.4% 17.3% 38.8% 29.1%
NUS-IDS contrastive2 46.8% 1.3% 0.2% 1.2% 0.8%

SDNLP primary – – 37.8% –

UM primary 66.0% – 38.0% 55.7%

Baseline 10.2% 7.9% 1.0% 1.1% 0.6%

Table 20: ADI2 on MADAR ENG→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 61.0% 33.0% 12.2% 39.0% 10.5%
Aladdin-FTI contrastive1 65.4% 37.8% 10.5% 39.9% 6.6%

BYU primary – 3.1% – –

MBZUAI primary 57.2% 45.1% 4.2% 20.8% 16.9%
MBZUAI contrastive1 51.2% 46.3% 5.6% 19.5% 16.2%
MBZUAI contrastive2 50.6% 48.0% 1.2% 22.2% 21.6%

NUS-IDS primary 70.0% 51.1% 32.0% 29.2% 15.3%
NUS-IDS contrastive1 88.6% 82.7% 17.2% 27.5% 29.5%
NUS-IDS contrastive2 38.8% 0.6% 0.3% 0.8% 0.2%

SDNLP primary – – 22.3% –

UM primary 63.3% – 36.0% 53.4%

Baseline 13.7% 19.6% 2.2% 1.0% 2.6%

Table 21: ADI2 on MADAR MSA→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 4.4% 0.5% 1.3% 6.7% 0.7%
Aladdin-FTI contrastive1 3.0% 0.5% 1.1% 5.6% 0.6%

BYU primary – 5.0% – –

MBZUAI primary 45.2% 35.8% 6.8% 21.3% 8.3%
MBZUAI contrastive1 46.7% 33.1% 4.5% 18.2% 4.7%
MBZUAI contrastive2 44.9% 34.7% 5.1% 28.4% 13.4%

NUS-IDS primary 23.8% 56.3% 8.5% 9.2% 11.3%
NUS-IDS contrastive1 87.6% 77.0% 16.5% 51.4% 15.6%
NUS-IDS contrastive2 23.5% 0.4% 0.3% 0.8% 0.5%

SDNLP primary – – 31.0% –

UM primary 44.8% – 23.2% 44.5%

Baseline 2.9% 1.4% 0.5% 0.8% 0.8%

Table 22: ADI2 on Arena-Hard prompts
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submission mar egy pse syr sau

Aladdin-FTI primary 31.7 35.1 37.3 24.0 35.7
Aladdin-FTI contrastive1 31.4 34.4 36.3 21.4 35.6

BYU primary – 17.7 – –

MBZUAI primary 20.7 31.9 36.4 30.3 31.8
MBZUAI contrastive1 25.7 33.5 33.7 30.2 33.8
MBZUAI contrastive2 25.0 29.1 29.0 24.1 29.4

NUS-IDS primary 11.5 15.7 16.1 15.4 16.3
NUS-IDS contrastive1 23.7 18.1 19.2 17.7 19.2
NUS-IDS contrastive2 28.3 25.9 31.5 21.8 35.8

SDNLP primary – – 13.7 –

UM primary 29.1 – 36.4 21.1

Baseline 25.8 32.9 35.1 34.4 37.1

Table 23: chrF++ on FLORES ENG→DA

submission mar egy pse syr sau

Aladdin-FTI primary 25.1 29.2 30.6 25.1 46.0
Aladdin-FTI contrastive1 23.9 28.3 30.0 21.1 32.4

BYU primary – 22.7 – –

MBZUAI primary 35.3 39.9 43.0 38.6 58.5
MBZUAI contrastive1 35.5 45.3 42.0 37.6 60.3
MBZUAI contrastive2 32.9 36.5 46.0 37.8 43.1

NUS-IDS primary 14.4 23.2 22.2 22.1 25.9
NUS-IDS contrastive1 22.5 19.3 20.0 21.3 22.9
NUS-IDS contrastive2 33.9 14.4 35.4 16.3 67.3

SDNLP primary – – 16.6 –

UM primary 35.0 – 43.6 27.1

Baseline 33.4 46.9 44.0 43.7 69.9

Table 24: chrF++ on FLORES MSA→DA

submission mar egy pse syr sau

Aladdin-FTI primary 43.1 49.4 52.2 40.6 52.4
Aladdin-FTI contrastive1 42.5 49.2 53.0 40.8 53.0

BYU primary – 15.0 – –

MBZUAI primary 40.7 45.1 48.4 53.6 56.9
MBZUAI contrastive1 48.3 51.6 57.3 52.1 55.7
MBZUAI contrastive2 41.0 41.0 47.2 46.8 49.7

NUS-IDS primary 25.1 26.1 27.9 25.9 26.5
NUS-IDS contrastive1 45.8 26.4 28.5 28.6 27.9
NUS-IDS contrastive2 34.8 6.3 48.8 9.8 55.5

SDNLP primary – – 34.7 –

UM primary 46.7 – 52.4 0.0

Baseline 47.0 52.7 57.2 53.3 58.8

Table 25: chrF++ on FLORES DA→ENG

submission mar egy pse syr sau

Aladdin-FTI primary 25.5 28.9 30.9 25.8 44.1
Aladdin-FTI contrastive1 25.2 27.4 30.7 22.0 33.9

BYU primary – 22.6 – –

MBZUAI primary 39.1 45.0 44.1 41.8 72.2
MBZUAI contrastive1 44.1 53.1 45.0 45.4 73.0
MBZUAI contrastive2 36.9 39.3 43.7 37.4 55.9

NUS-IDS primary 18.7 26.4 23.8 22.5 32.7
NUS-IDS contrastive1 35.1 25.4 23.9 26.8 56.7
NUS-IDS contrastive2 38.6 16.2 41.0 17.9 67.2

SDNLP primary – – 7.5 –

UM primary 42.6 – 49.7 43.8

Baseline 42.2 52.6 49.0 46.1 79.1

Table 26: chrF++ on FLORES DA→MSA

submission mar egy pse syr sau

Aladdin-FTI primary 34.5 31.0 38.3 17.7 38.2
Aladdin-FTI contrastive1 34.0 28.7 35.9 15.7 38.4

BYU primary – 6.6 – –

MBZUAI primary 29.2 39.5 38.4 33.2 42.9
MBZUAI contrastive1 30.7 37.0 35.0 33.3 45.4
MBZUAI contrastive2 28.5 38.5 36.0 31.3 44.5

NUS-IDS primary 4.6 5.5 5.8 6.0 7.4
NUS-IDS contrastive1 5.6 11.5 9.6 8.3 10.4
NUS-IDS contrastive2 15.2 9.7 8.2 15.4 23.3

SDNLP primary – – 18.2 –

UM primary 32.6 – 28.9 16.7

Baseline 17.6 20.9 22.5 21.5 29.7

Table 27: chrF++ on MADAR ENG→DA

submission mar egy pse syr sau

Aladdin-FTI primary 31.4 26.9 33.3 16.1 32.2
Aladdin-FTI contrastive1 28.9 24.5 32.9 13.5 30.7

BYU primary – 7.6 – –

MBZUAI primary 33.6 38.1 31.0 33.5 42.8
MBZUAI contrastive1 34.6 37.9 32.9 33.5 43.7
MBZUAI contrastive2 33.9 35.8 29.0 35.5 41.6

NUS-IDS primary 7.9 9.1 7.8 8.8 10.3
NUS-IDS contrastive1 5.3 11.2 8.8 8.0 9.1
NUS-IDS contrastive2 26.7 7.6 16.7 4.4 29.8

SDNLP primary – – 13.8 –

UM primary 30.0 – 30.8 17.2

Baseline 22.1 25.4 27.2 25.6 29.6

Table 28: chrF++ on MADAR MSA→DA

submission mar egy pse syr sau

Aladdin-FTI primary 56.3 51.4 55.5 36.9 58.9
Aladdin-FTI contrastive1 55.3 50.7 55.1 36.4 59.0

BYU primary – 4.3 – –

MBZUAI primary 58.1 55.9 56.6 55.7 63.0
MBZUAI contrastive1 59.6 59.1 60.0 54.4 64.8
MBZUAI contrastive2 56.2 50.8 59.1 52.8 60.1

NUS-IDS primary 11.1 9.7 10.2 9.6 11.1
NUS-IDS contrastive1 7.8 14.0 13.9 12.1 15.9
NUS-IDS contrastive2 31.1 6.0 41.6 8.4 49.6

SDNLP primary – – 40.6 –

UM primary 59.4 – 50.2 0.0

Baseline 42.0 39.8 37.2 37.1 48.5

Table 29: chrF++ on MADAR DA→ENG

submission mar egy pse syr sau

Aladdin-FTI primary 34.0 30.9 31.9 20.4 34.7
Aladdin-FTI contrastive1 33.6 30.3 30.7 18.7 35.0

BYU primary – 7.9 – –

MBZUAI primary 39.7 40.1 33.3 35.1 42.7
MBZUAI contrastive1 43.7 42.5 35.8 40.8 44.2
MBZUAI contrastive2 40.8 38.1 35.3 25.5 44.1

NUS-IDS primary 5.8 6.3 5.7 5.4 6.7
NUS-IDS contrastive1 6.4 11.1 10.5 11.4 11.4
NUS-IDS contrastive2 23.9 4.8 14.3 5.2 29.5

SDNLP primary – – 4.4 –

UM primary 31.7 – 26.2 22.6

Baseline 30.2 30.6 29.3 29.2 34.0

Table 30: chrF++ on MADAR DA→MSA
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Abstract

Language models exhibit systematic perfor-
mance gaps when processing text in non-
standard language varieties, yet their ability to
comprehend variety-specific slang remains un-
derexplored for several languages. We present
a comprehensive evaluation of slang aware-
ness in Indian English (en-IN) and Australian
English (en-AU) across seven state-of-the-art
language models. We construct two comple-
mentary datasets: WEB, containing 377 web-
sourced usage examples from Urban Dictio-
nary, and GEN, featuring 1,492 synthetically
generated usages of these slang terms, across
diverse scenarios. We assess language models
on three tasks: target word prediction (TWP),
guided target word prediction (TWP∗) and
target word selection (TWS). Our results re-
veal four key findings: (1) Higher average
model performance TWS versus TWP and
TWP∗, with average accuracy score increas-
ing from 0.03 to 0.49 respectively (2) Stronger
average model performance on WEB versus
GEN datasets, with average similarity score
increasing by 0.03 and 0.05 across TWP and
TWP∗ tasks respectively (3) en-IN tasks out-
perform en-AU when averaged across all mod-
els and datasets, with TWS demonstrating the
largest disparity, increasing average accuracy
from 0.44 to 0.54. These findings underscore
fundamental asymmetries between generative
and discriminative competencies for variety-
specific language, particularly in the context of
slang expressions despite being in a technolog-
ically rich language such as English.

1 Introduction

Varieties of a language are considered to differ in
syntax, vocabulary and pragmatics (Joshi et al.,
2025). A particularly unique aspect in terms of
vocabulary is colloquial terms or slang. Slang is
defined as language used by a particular group of
people, during the period of its popularity (Dumas
and Lighter, 1978; Reves, 1926). In this paper,

we investigate the ability of large language models
(LLMs) to interpret slang in the context of Aus-
tralian and Indian English, examples of which are
as follows:

Prepone (Verb): A colloquial Indian English term
used to bring a scheduled event to an earlier
time or date; the opposite of postpone. An ex-
ample usage is ‘Since the manager is leaving
early, we have decided to prepone the meeting
to 10 AM.’

Far Out (Adj): A colloquial Australian English
expression used to denote surprise, disbelief,
or to describe something as being excellent
or extreme. For example, ‘Far out, I can’t
believe how much that concert ticket cost!’

Slang is inherently dynamic, community-
specific, and culturally embedded, making it a criti-
cal starting point for evaluating whether contempo-
rary language models can handle the full spectrum
of linguistic diversity. Recent research has high-
lighted systematic performance gaps when large
language models (LLMs) process non-standard En-
glish varieties (Wuraola et al. 2024, Khanuja et al.
2020, Deas et al. 2023), yet most work on slang
interpretation has focused exclusively on Standard
American English or has not distinguished between
English varieties (Mei et al. 2024, Sun et al. 2024).
This limitation overlooks the reality that slang
terms are often variety-specific, carrying meanings
and connotations that differ across geographical
and cultural contexts. Being a global language, En-
glish has developed several colloqualisms in the
geographies where it is spoken, highlighting the
varied usage across cultures.

In this paper, we systematically evaluate
how well state-of-the-art LLMs understand slang
phrases from Indian English (en-IN) and Australian
English (en-AU). The two are representative of two
kinds of Englishes: en-IN may be spoken as an
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additional language while en-AU may be spoken
as a first language. With these English varieties in
focus, we address the research question:

“How well do language models understand lex-
ical variations in language varieties in terms of
colloquial expressions or slang?”

In order to do so, we set up two downstream
tasks, inspired by Srirag et al. (2025b): (a) target
word1 prediction: Predicting a word in the place
of a blanked position in an example sentence from
among all words in the vocabulary, and (b) target
word selection: Predicting a word in the place of
a blanked position in an example sentence from
among a set of options. We use example sentences
from two sources: (a) slang definitions and exam-
ple usages from Urban Dictionary2 that are manu-
ally curated by two native speakers; and (b) LLM-
generated examples based on definitions from part
(a). The sources result in two evaluative datasets:
WEB and GEN. We then evaluate several LLMs
on target word prediction and target word selec-
tion. Our evaluation highlights the limitations of
LLMs to identify language variety-specific col-
loquial words in context, and bear implications
to culturally aware NLP systems.

This paper makes the following contributions:

1. In the methodological sense, this is the first
evaluative study that utilises target word se-
lection and target word prediction using en-
coder and decoder models to evaluate if LLMs
understand language variety-specific slangs,
particularly for varieties of English.

2. Novel Evaluation Datasets: Our datasets,
WEB, containing web-sourced usage examples
from Urban Dictionary, and GEN, featuring
synthetically generated diverse scenarios com-
prise 377 unique slang phrases across en-IN
and en-AU varieties.

3. Systematic Performance Analysis: We evalu-
ate 7 language models ranging from 110M to
8B parameters, revealing key findings related
to model performance in target word predic-
tion and target word selection settings.

Our findings demonstrate that while modern
LLMs show promising capabilities compared to
MLMs particularly for English, significant chal-
lenges remain in understanding variety-specific

1Some slangs are phrases and are treated as such.
2www.urbandictionary.com; Accessed on 31 December

2025.

slang, such as Australian English. These results un-
derscore the need for more inclusive training data
and evaluation benchmarks that account for linguis-
tic diversity beyond standard language varieties.

2 Methodology

We present a detailed overview of our evalua-
tion methodology in Figure 1. Using web-based
sources, we collect candidate slang phrases from
the two varieties alongside their definitions and
usages (WEB). We then manually validate the cor-
rectness using native speakers. We then use Google
Gemini Pro 2.5 (Comanici et al., 2025) to create
scenarios and examples where such slang words
will be used (GEN). With the two datasets in place,
we mask the slang phrase and get encoder and de-
coder models to predict the masked phrase.

2.1 Dataset Creation
As described in Figure 2, we construct the dataset
with English slang phrases used in two regions,
hence covering two language varieties3: Australian
English (en-AU) and Indian English (en-IN). We
collect the slang phrases from a web-based source
and validate the relevance using native speakers.
We also augment the dataset to include diverse
scenarios with the usage of slang phrases.

Source Collection We collate an initial list of
the slang phrases, from both regions, using Wik-
tionary4. For each phrase, we extract correspond-
ing definitions and usage examples from Urban
Dictionary, a peer-contributed platform where users
submit multiple definitions for individual phrases.
Source Collection yields an initial list of 940 slang
phrases for en-IN and 2540 slang phrases for en-
AU.

Expert Validation We then employ one expert
annotator from each region of interest to manually
review and filter and remove irrelevant or incorrect
entries. This process yields WEB, a high-quality
subset of phrase, definition and usage example tu-
ples from Urban Dictionary. Expert Validation
removes 876 slang phrases from en-IN and 2227
slang phrases from en-AU.

Scenario Generation Using the phrases and their
corresponding definitions from WEB, we prompt
Google Gemini Pro 2.5 (Comanici et al., 2025)

3We do not consider the subdialects present in both regions,
and acknowledge the same as a reasonable limitation.

4en.wiktionary.org; Accessed on 31 December 2025.
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Figure 1: Methodological Overview of Our Approach.

Figure 2: Dataset Creation.

Variety
Count

p̄ d̄
ū Perp.

Latest Entry
WEB GEN WEB GEN WEB GEN

en-AU 313 1244 7.7 138 90.4 443.0 701.5 48.9 Sept 10 2025
en-IN 64 248 8.0 197.7 114.1 468.2 406.5 47.1 Oct 15 2025

Table 1: Constructional statistics of WEB and GEN. p̄, d̄ and ū is the average character length of a slang phrase,
corresponding definition and usage/scenario respectively. Perp. represents average perplexity computed using
GPT-2 (Radford et al., 2019).

Variety R1 R2 RL Sim.

en-AU 0.25 0.03 0.16 0.39
en-IN 0.24 0.03 0.15 0.37

Table 2: Diversity analysis of generated scenarios in
GEN. R(1, 2, L) are average ROUGE scores and Sim. is
the average cosine similarity between scenario embed-
dings, extracted using allMiniLM-L6-v2 (Reimers and
Gurevych, 2019).

to generate four unique scenarios that naturally
motivate the usage of each phrase. The genera-
tion prompt (provided in Appendix A) instructs the
model to create scenarios with named characters,
specific settings, and single quotations containing
the target phrase.

2.2 Analysis

Table 1 provides a constructional statistics of both
WEB and GEN. We notice a higher number of slang
phrases extracted for en-AU compared to en-IN.

We also compute perplexity of the usage examples
and generated scenarios, using GPT-2 (Radford
et al., 2019) from WEB and GEN respectively. We
observe a higher perplexity with the usage exam-
ples in WEB (en-AU: 701.5) as compared to the
generated scenarios in GEN (en-IN: 47.1). This
is due to the usage examples in WEB, being de-
rived from peer-contributed web content. Further-
more, both subsets differ in terms of character
lengths, with WEB having shorter examples (en-IN:
114.1) compared to GEN (en-AU: 443.0). Taken
together, this disparity suggests that while WEB

captures authentic naturalistic usage, it possesses
lower overall linguistic fluency compared to the
synthetically curated GEN. This observation is
pertinent to future research in creation or col-
lection of datasets for language varieties, par-
ticularly for high-resource languages such as
English. We present example slang phrases and
their corresponding usage examples/scenarios in
Appendix B.
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Scenario Diversity Analysis We also evaluate
the diversity of the generated scenarios in GEN

in terms of lexical overlap and semantic similar-
ity. This evaluation is necessary because evalu-
ating language models on similar scenarios, and
usage examples does not yield any meaningful in-
sights. For each slang phrase in GEN, we compute a
pairwise n-gram overlap between all the generated
scenarios using ROUGE (Lin, 2004) to evaluate
lexical diversity. Similarly, we compute pairwise
cosine similarity between the scenario embeddings,
extracted using allMiniLM-L6-v2 (Reimers and
Gurevych, 2019). Table 2 reports low average se-
mantic similarity, evidencing that the scenarios re-
main semantically dissimilar to each other, while
also diverging lexically.

2.3 Evaluative Tasks
Given a usage example with the slang phrase, we
mask the slang phrase. For inputs with multi-
ple instances of the slang phrase, we create mul-
tiple instances with each position being masked.
We use pre-trained language models to (a) predict
the masked slang phrase; and (b) select the slang
phrase from a set of options with other distractors.
The two tasks are described as follows.

Target Word Prediction (TWP) In this task, the
model is given a sentence in which a slang phrase
has been masked and is asked to predict the miss-
ing phrase. The model is free to generate any word
or phrase from its vocabulary, and the output is
considered correct if it exactly matches the original
slang phrase. With encoder-only language mod-
els, we predict the phrase at the masked position,
utilising masked language modeling. For decoder-
only large language models, we convert the masked
sentence into a cloze-style prompt. An indicative
prompt used for this task is provided in Appendix
C.

For decoder-only models, we additionally con-
duct a guided variant of the task (labeled TWP∗),
where the prompt is augmented with an explicit
instruction directing the model to generate a slang
phrase suitable for the specific language variety.
An indicative prompt used for this task is provided
in Appendix D.

Target Word Selection (TWS) We additionally
evaluate models using a multiple-choice version
of the task. The model is given a sentence with
the slang phrase masked, along with a fixed set of
candidate answers. The candidate set consists of

four options: the correct slang phrase and three
randomly selected distractor phrases drawn from
the same language variety. The model is instructed
to select the option that best fits the masked context.

For decoder-only large language models, we add
an explicit instruction: “Fill in the blank with the
best-fitting answer.”. An indicative prompt used for
this task is provided in Appendix E

3 Experiment Setup

We report the performance on seven pre-trained
language models including three encoder mod-
els: BERT-Base (BERT; Devlin et al. 2019),
RoBERTa-Large (ROBERTA; Liu et al. 2019),
XLM-RoBERTa-Large (XLM; Conneau et al.
2020) and four decoder models: Granite-4.0-1B
(GRANITE; Granite Team 2025), Llama-3.2-3B-
Instruct (LLAMA; Grattafiori et al. 2024), Olmo-2-
7B-Instruct (OLMO; OLMo et al. 2025), Qwen3-
4b-Instruct (QWEN; Yang et al. 2025). We evaluate
encoder models under masked language modelling,
where we extract the top-1 predictions from the
masked position. For decoder models, we formu-
late the evaluation as a multiple-choice cloze for-
mat task with temperature=0.8. All experiments
were conducted on an Apple M1 Pro with 16GB
RAM using 8-bit quantized versions of the models
to optimize inference efficiency on local hardware.

We report our results on two metrics: accu-
racy and similarity. Accuracy is the proportion
of instances where the model predicted the ground
truth slang phrase. As similarity, we report the
cosine similarity between the Sentence-BERT em-
beddings (Reimers and Gurevych, 2019) of the ref-
erence slang phrase and the predicted slang phrase.
To verify robustness of Sentence-BERT embed-
dings, we additionally compute cosine similarity
between the Granite-embedding-125m-english em-
beddings (Awasthy et al., 2025) and the two em-
bedding models’ agreement by computing Pear-
sons Correlation. The average Pearson Correlation
across all models, domains and varieties is 0.77.
The complete results are tabulated in Appendix G
and H.

4 Results

We present the results of experiments, centered
around the following questions: (a) How well do
language models perform on the downstream tasks?
(Section 4.1); (b) How do factors such as domain
and language variety influence model performance?
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Figure 3: Performance comparison of various models on the target word prediction (TWP) task across en-AU and
en-IN.

(Section 4.2); (c) What types of errors do models
make, and what do these errors reveal about model
behaviour? (Section 4.3).

4.1 Task Performance

We first present the overall model performance on
the two downstream tasks: target word prediction
(TWP) and its guided variant (TWP∗) as well as
target word selection (TWS). As shown in Table 3,
models perform poorly on TWP, achieving an av-
erage accuracy of 0.02 and an average similarity
of 0.27. TWP∗ performs similarly poorly with an
average accuracy of 0.04 and an average similarity
of 0.28. This indicates that generating the correct
slang phrase in an open-ended setting remains chal-
lenging. Figure 3 and Figure 4 further show that
this difficulty is consistent across model architec-
tures and language varieties, with only marginal
differences between models and a maximum ac-
curacy of 0.13. In contrast, models report higher
performance on TWS. When the task is formulated
as a multiple-choice cloze test, average accuracy
increases to 0.49, with a corresponding similarity
score of 0.61. This suggests that while current
models struggle to generate slang expressions, they
are more effective at recognising the correct phrase
when the search space is constrained. Figure 5
shows that the improvement is consistent across
model architectures and language varieties.

4.2 Impact of Domain and Varieties

We next examine how domain and language variety
influence model performance. Tables 4 and 5 sum-
marise these effects by averaging results across all
models.

Domain Effects. Table 4 shows that models con-
sistently perform better on data drawn from the
WEB domain than on the GEN domain, potentially
due to data contamination. For TWP, web-based
examples yield an accuracy of 0.04, compared to
0.01 on generated data. A similar drop is observed
in semantic similarity. TWP∗ yields a larger drop,
with accuracy decreasing from 0.07 to 0.02 across
the sets. This gap is also present for TWS, where
accuracy decreases from 0.50 on web data to 0.49
on generated data. These results indicate that do-
main shift has a measurable impact on the open-
vocabulary tasks. Generated examples from GEN

appear to be more challenging, likely because they
differ in style or contextual cues from naturally oc-
curring web data. This observation resonates with
past observations regarding data contamination and
evaluation (Dong et al., 2024). Therefore, we rec-
ommend that generating new data (either using a
human or an LLM) is a more robust evaluation
technique for language varieties.

Language Variety Effects. Table 5 reports per-
formance differences between en-AU and en-IN.
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Figure 4: Performance comparison of various models on the guided target word prediction (TWP∗) task across
en-AU and en-IN.

Figure 5: Performance comparison of various models on the target word selection (TWS) task across en-AU and
en-IN.

Across all tasks, models perform better on en-IN
than on en-AU. For TWP, en-IN shows higher ac-
curacy (0.03 vs. 0.02) and higher similarity (0.28
vs. 0.26). Models perform similarly across both
metrics for TWP∗. The difference is even more
pronounced for TWS, where accuracy improves by
0.10 and similarity by 0.08 when moving from en-
AU to en-IN. This consistent improvement suggests

that models are better aligned with slang usage pat-
terns found in en-IN data, possibly due to greater
representation or stylistic overlap in pre-training
data. Importantly, the variety effect is larger than
the domain effect for TWS, indicating that lan-
guage variety plays a particularly significant role
when models must discriminate between compet-
ing slang candidates.
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Task Acc. Sim.

TWP 0.02 0.27
TWP∗ 0.04 0.28
TWS 0.49 0.61

Table 3: Average performance of language models
across tasks, averaged over all models, varieties, and
datasets.

4.3 Error Analysis
To better understand the sources of model errors,
we conduct a qualitative error analysis on the TWP
task. We focus on this task because it exhibits
the lowest average performance across all tasks,
and therefore provides greater insight into model
limitations. We select the best-performing model
based on average similarity on the GEN dataset,
which is OLMO. For each dataset (WEB, GEN) and
language variety (en-AU, en-IN), we extract the 30
lowest-scoring test instances according to semantic
similarity, yielding a total of 120 examples. These
examples are manually analysed by native speakers
of the language varieties, and categorised into five
recurrent failure types.

Error Categories We briefly describe each error
category below and provide illustrative examples
in Table 6.

• Literalisation occurs when the model predicts
a literal referent or standard lexical item cor-
responding to the slang phrase. While seman-
tically appropriate, such predictions lose the
idiomatic and regional character of the origi-
nal expression.

• Generic Substitution refers to cases where the
model preserves the general tone or evalua-
tive meaning but replaces the target phrase
with a non-regional or broadly applicable al-
ternative. This reflects limited sensitivity to
locale-specific lexical choice.

• Semantic Drift captures instances where the
model remains within the correct topical or
semantic field but selects a conceptually adja-
cent phrase that alters the intended meaning.
These errors often arise in contexts that under-
specify the precise pragmatic function of the
slang term.

• Contextual Misinterpretation occurs when the
model fails to correctly interpret situational or

discourse cues, resulting in a prediction that
changes the narrative or pragmatic force of
the sentence.

• True Failure denotes outputs that are incoher-
ent, grammatically ill-formed, or entirely un-
related to the surrounding context.

Table 7 summarises the distribution of error
categories across datasets and language varieties.
Across both datasets and varieties, the most fre-
quent failure types are generic substitution, seman-
tic drift, and contextual misinterpretation. These
categories reflect cases where the model captures
aspects of the meaning or tone of the masked phrase
but fails to recover the regionally appropriate slang
expression. Notably, true failures, where the output
is incoherent or unrelated, are relatively rare for
en-IN but more prevalent for en-AU in the WEB

dataset, suggesting uneven robustness across vari-
eties and domains.

Overall, this analysis shows that most errors
arise not from complete semantic failure, but from
an inability to recover regionally appropriate slang
expressions. Models frequently demonstrate partial
understanding of meaning and tone, yet struggle
with the cultural and pragmatic specificity required
for accurate slang generation. This finding aligns
with the large gap observed between similarity and
accuracy in the TWP task.

5 Related Work

Recent work has increasingly recognised that
LLMs exhibit systematic performance gaps when
processing non-standard English varieties. Wu-
raola et al. (2024) demonstrates that leading LLMs
under-perform on comprehension tasks involving
Nigerian English, particularly in emotion labeling
and paraphrasing tasks. Similar studies on Indian
English (Khanuja et al., 2020), African-American
English (Deas et al., 2023) and Nigerian English
(Srirag et al., 2025a) reveal language models per-
form poorly in comparison to Standard American
and British English varieties. These findings high-
light that despite training on broad web corpora,
contemporary language models fail to adequately
represent linguistic diversity.

Slangs are a lexical evidence of the cultural
knowledge of a community. Recent work explores
whether language models capture cultural knowl-
edge and conventions. Seth et al. (2024) employ
knowledge elicitation tasks to assess cultural famil-
iarity across diverse contexts, finding that models
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Domain
TWP TWP∗ TWS

Acc. Sim. Acc. Sim. Acc. Sim.

WEB 0.04 0.29 0.07 0.32 0.50 0.61
GEN 0.01 (0.03) 0.26 (0.03) 0.02 (0.05) 0.24 (0.08) 0.49 (0.01) 0.61 (0.00)

Table 4: Effect of domain on task performance, averaged across models and varieties. The decrease in performance
is shown in (red).

Variety
TWP TWP∗ TWS

Acc. Sim. Acc. Sim. Acc. Sim.

en-AU 0.02 0.26 0.04 0.27 0.44 0.57
en-IN 0.03 (0.01) 0.28 (0.02) 0.05 (0.01) 0.29 (0.02) 0.54 (0.10) 0.65 (0.08)

Table 5: Effect of language variety on task performance, averaged across models and domains. The increase in
performance is shown in (blue).

Category Target phrase Description Prediction

Literalisation maggot bag Australian slang
for a meat pie

pie

Generic Substitu-
tion

absolute unit Someone very
heavy or large

behemoth

Semantic Drift bogan An unsophis-
ticated person
from a working-
class background

heavy metal
band

Contextual Misin-
terpretation

a kangaroo
loose in the
top paddock

Intellectually in-
adequate

more to this pic-
ture

True Failure amber fluid Australian slang
for beer

34

Table 6: Representative examples of error categories observed in OLMO predictions on the GEN dataset.

Category
GEN WEB

en-AU en-IN en-AU en-IN

Literalisation 2 3 3 5
Generic Substitution 6 8 1 7
Semantic Drift 7 6 3 4
Contextual Misinterpretation 7 7 4 9
True Failure 8 6 19 5
Total 30 30 30 30

Table 7: Distribution of error categories across the 30
lowest-scoring instances per dataset and language vari-
ety for the best-performing model (OLMO).

underperform for non-Anglo-centric cultures. Rao
et al. (2025) develop NormAd, a scenario-based
evaluation framework for cultural norm understand-

ing through closed-form QA, demonstrating that
models struggle with non-Western cultural contexts.
These works collectively demonstrate that language
models’ cultural knowledge remains predominantly
Western-centric.

The focus of this paper is slang. Slang represents
a particularly challenging domain for LLMs due
to its dynamic, community-specific nature. Infor-
mal language exemplifies the transient nature of
evolving languages; thus, language models trained
on temporally fixed corpora raise questions about
continuous adaptability to emerging linguistic con-
cepts. Mei et al. (2024) propose a causal inference
framework for slang comprehension using an Ur-
ban Dictionary-based dataset, demonstrating meth-
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ods for adapting models to novel slang terms. Sun
et al. (2024) compile a slang detection dataset from
movie transcripts and achieve strong performance
with both open and closed-source models on iden-
tification tasks. However, these works either focus
exclusively on Standard American English or do
not distinguish between English varieties, limiting
their applicability to understanding variety-specific
slang. Ours is the first work focusing on two va-
rieties of English: Australian and Indian English
which by themselves represent Englishes spoken
as the first and additional language respectively.

6 Conclusion

This work presents the first systematic evaluation
of language models’ ability to understand variety-
specific slang across Indian English (en-IN) and
Australian English (en-AU). Through two comple-
mentary datasets; web-sourced examples (WEB)
and synthetically generated scenarios (GEN), we as-
sessed seven language models ranging from 110M
to 8B parameters using a mask-filling evaluation
framework encompassing both target word predic-
tion and target word selection tasks. Our findings
revealed three key insights. First, all evaluated mod-
els—regardless of architecture or scale—struggle
to spontaneously generate appropriate slang terms
in context, achieving at most 0.13 average accu-
racy in open-vocabulary prediction. This suggests
that slang comprehension remains a significant
blind spot even for state-of-the-art systems. Sec-
ond, models show dramatic improvement when
the task is reformulated as multiple-choice selec-
tion (with average accuracies reaching up to 0.8),
this success highlights a fundamental asymmetry:
models can discriminate between plausible slang
alternatives more effectively than they can gener-
ate contextually appropriate slang. Third, larger
models exhibit greater sensitivity to distributional
shifts between naturalistic and synthetic contexts,
with performance gaps of up to 0.1, suggesting that
increased scale may lead to overfitting on specific
textual patterns rather than robust understanding of
lexical variation.

Our systematic failure analysis of 120 worst-
performing predictions reveals the underlying na-
ture of these limitations. We identify five distinct
error categories that illuminate how models fail:
literalization, generic substitution, semantic drift,
contextual misinterpretation, and true failure. Crit-
ically, the prevalance of literalization and generic

substitution errors reveal that models understand
the semantic content but fail to recognize or gen-
erate the culturally embedded linguistic forms that
distinguish regional varieties. The prevalence of
these errors demonstrates that models have learned
to map slang to underlying concepts but do not
appropriately deploy variety-specific expressions.
These results have important implications for the
development of language technologies that serve
diverse global populations. As language models are
increasingly deployed in applications ranging from
content moderation to educational tools, their limi-
tations in understanding non-standard varieties and
informal language pose risks of bias and reduced
utility for speakers of these varieties. Our datasets
and evaluation framework provide a foundation
for future research on variety-specific informal lan-
guage understanding, enabling more comprehen-
sive assessments of linguistic diversity in natural
language processing systems. Future work should
explore methods for improving slang comprehen-
sion, including targeted data collection, variety-
aware training objectives, and continual learning
approaches that can adapt to evolving linguistic
phenomena.

Limitations

While we introduce two novel datasets, the WEB

component is relatively small, comprising 377
unique entries. Furthermore, these examples are
sourced exclusively from Wiktionary and Urban
Dictionary. While these platforms provide valu-
able peer-contributed data, they may contain noise
or demographic biases that do not fully reflect the
breadth of spoken slang in these regions. Secondly,
our analysis is restricted to two specific varieties:
Indian English (en-IN) and Australian English (en-
AU). While these varieties offer a comparison be-
tween two English typologies, our observations re-
garding model scaling behaviors and performance
gaps may not generalize to other non-standard vari-
eties, such as African American Vernacular English
or Nigerian English. Finally, our dataset curation
process relied on a single expert annotator per vari-
ety to validate the examples. Although this ensures
native-level verification, it precludes the calculation
of inter-annotator agreement metrics and leaves the
dataset potentially susceptible to individual biases.
Similarly, observations on the WEB dataset likely
indicate data contamination.
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A Novel Scenario Generation Prompt

Given a slang phrase and its definition,
create four unique scenarios. Each
scenario must introduce named characters,
describe the setting, and contain a
single quotation that uses the word
exactly once. Do not include any titles,
scenario numbers, labels, emojis, or
explanatory text; only output the four
resulting paragraphs, separated by a line
break.
phrase: {phrase}
definition: {definition}

B Dataset Examples

Refer to Table 8 for data set examples.

C Target Word Prediction Prompt
Example

Fill in the blank with the best-fitting
answer.
Sentence: i’d rather ride on the ____ as
opposed to taking the stairs.
Answer (return only the answer with no
extra text):

D Guided Target Word Prediction
Prompt Example

Fill in the blank with the best-fitting
answer.
The answer is a Australian English slang
word or phrase.
Sentence: head on down to the beach this
sunday, theres gonna be a ____ for the
homeless.
Answer (return only the answer with no
extra text):

E Target Word Selection Prompt
Example

Fill in the blank with the best-fitting
answer.
Sentence: "what’s up jake?" "i just got
bitten by a ____."
Options: [mossie, gonski, ripping,
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Variety en-AU en-IN

phrase p smoko prepone
definition d a slang term used on building sites in Australia,

meaning a morning-tea break, or a smoke break.
Function: transitive verb
Inflected forms: pre•poned; pre•pon•ing
Etymology: Latin preponere to place before, pre-
pone, from pre- + ponere to place – more at PO-
SITION
Date: Has been in use in urban English spoken
in India since at least the 1950s
To advance an event or activity to an earlier time.
The closest American usage is “to advance” the
timing of something. The word came into vogue
in urban India as the opposite of “postponing”
something.

usage example u “we’ll knock off at 11 for smoko” “To make sure we get to enjoy the fireworks dis-
play that starts promptly at 9 PM, let us prepone
the dinner engagement to 7 rather than 8 tomor-
row evening”

usage scenario u The fluorescent lights of the London advertising
agency hummed, a stark contrast to the quiet
focus on Anika’s face as she stared at the mock-
up on her screen. Her colleague, Ben, who had
recently transferred from their Melbourne office,
spun around in his chair. "You’ve been at that
for hours, I’m grabbing a coffee and a biscuit,
you keen for a quick smoko?"

Anjali tapped her stylus against the glass wall of
the conference room in their bustling Bangalore
office, catching Rohan’s attention as he walked
by. The quarterly progress charts were displayed
on the large monitor, but her focus was clearly
elsewhere. "Rohan, I just got off the phone with
the clients from Singapore; they’re flying in two
days earlier than planned, so we need to prepone
the final project presentation to Tuesday morn-
ing."

Table 8: Examples from WEB and GEN datasets.

munted]
Answer (return only the text of one option
with no extra text)

F Experimental Language Models
Statistics

Refer to Table 9 for experimental language model’s
statistics.

Language Model Parameters Release Date

bert-base-uncased 110M October 2018
roberta-large 355M July 2019
xlm-roberta-large 550M November 2019
granite-4.0-1b 1B October 2025
llama-3.2-3b-
instruct

3B September 2024

olmo-2-1124-7b-
instruct

7B November 2024

qwen3-4b-instruct-
2507

4B July 2025

Table 9: Language Models used in Experimental Setup,
their approximate Parameter Counts and Public Release
Date

G Model Performance Metrics With the
Novel Scenario Dataset GEN

Refer to Table 10 for model’s individual results
using the GEN dataset.

H Model Performance Metrics With the
Web-Based Example Dataset WEB

Refer to Table 11 for model’s individual results
using the WEB dataset.
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Language Model Variety Total EM Acc. Sim (G) Sim (M) Corr

Target Word Prediction
bert-base-uncased en-AU 1238 2 0.002 0.726 0.254 0.341
bert-base-uncased en-IN 243 3 0.012 0.729 0.291 0.670
roberta-large en-AU 1238 5 0.004 0.730 0.270 0.464
roberta-large en-IN 243 6 0.025 0.738 0.312 0.742
xlm-roberta-large en-AU 1238 3 0.002 0.726 0.260 0.370
xlm-roberta-large en-IN 243 0 0.000 0.727 0.284 0.494
granite-4.0-1b-Q8_0 en-AU 1232 1 0.001 0.729 0.239 0.307
granite-4.0-1b-Q8_0 en-IN 245 1 0.004 0.729 0.246 0.457
Llama-3.2-3B-Instruct-Q8_0 en-AU 1232 0 0.000 0.737 0.224 0.504
Llama-3.2-3B-Instruct-Q8_0 en-IN 245 1 0.004 0.733 0.243 0.716
olmo-2-1124-7B-instruct-Q8_0 en-AU 1232 23 0.019 0.741 0.281 0.713
olmo-2-1124-7B-instruct-Q8_0 en-IN 245 8 0.033 0.744 0.309 0.733
Qwen3-4B-Instruct-2507-Q8_0 en-AU 1232 3 0.002 0.729 0.197 0.482
Qwen3-4B-Instruct-2507-Q8_0 en-IN 245 3 0.012 0.732 0.210 0.617

Guided Target Word Prediction
granite-4.0-1b-Q8_0 en-AU 1232 3 0.002 0.728 0.229 0.439
granite-4.0-1b-Q8_0 en-IN 245 1 0.004 0.727 0.231 0.436
Llama-3.2-3B-Instruct-Q8_0 en-AU 1232 6 0.005 0.740 0.243 0.701
Llama-3.2-3B-Instruct-Q8_0 en-IN 245 1 0.004 0.731 0.238 0.754
olmo-2-1124-7B-instruct-Q8_0 en-AU 1232 60 0.049 0.752 0.297 0.845
olmo-2-1124-7B-instruct-Q8_0 en-IN 245 17 0.069 0.757 0.323 0.816
Qwen3-4B-Instruct-2507-Q8_0 en-AU 1232 10 0.008 0.728 0.190 0.616
Qwen3-4B-Instruct-2507-Q8_0 en-IN 245 0 0.000 0.724 0.189 0.419

Target Word Selection
granite-4.0-1b-Q8_0 en-AU 1232 437 0.355 0.828 0.511 0.978
granite-4.0-1b-Q8_0 en-IN 245 116 0.474 0.857 0.594 0.981
Llama-3.2-3B-Instruct-Q8_0 en-AU 1232 483 0.392 0.837 0.524 0.978
Llama-3.2-3B-Instruct-Q8_0 en-IN 245 123 0.502 0.863 0.606 0.985
olmo-2-1124-7B-instruct-Q8_0 en-AU 1232 485 0.394 0.839 0.555 0.982
olmo-2-1124-7B-instruct-Q8_0 en-IN 245 100 0.408 0.839 0.559 0.981
Qwen3-4B-Instruct-2507-Q8_0 en-AU 1232 725 0.589 0.890 0.681 0.987
Qwen3-4B-Instruct-2507-Q8_0 en-IN 245 196 0.800 0.946 0.842 0.987

Table 10: Model performance metrics with GEN across Target Word Prediction, Guided Target Word Prediction
and Target Word Selection. We provide results on Exact Matches (EM), Accuracy (Acc), Sim(G) and Sim(M)
refer to average cosine similarity scores using embedding models Granite-embedding-125m-english embeddings
and (Awasthy et al., 2025) Sentence-BERT embeddings (Reimers and Gurevych, 2019) respectively. We compute
Pearson Correlation (Corr.) between the resulting similarity scores to measure the two models agreement.
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Language Model Variety Total EM Acc. Sim (G) Sim (M) Corr

Target Word Prediction
bert-base-uncased en-AU 375 11 0.029 0.736 0.273 0.777
bert-base-uncased en-IN 77 3 0.039 0.737 0.287 0.796
roberta-large en-AU 375 22 0.059 0.743 0.304 0.824
roberta-large en-IN 77 5 0.065 0.747 0.307 0.796
xlm-roberta-large en-AU 375 17 0.045 0.737 0.288 0.831
xlm-roberta-large en-IN 77 5 0.065 0.741 0.301 0.861
granite-4.0-1b-Q8_0 en-AU 374 6 0.016 0.737 0.263 0.700
granite-4.0-1b-Q8_0 en-IN 77 0 0.000 0.724 0.246 0.385
Llama-3.2-3B-Instruct-Q8_0 en-AU 374 3 0.008 0.738 0.256 0.673
Llama-3.2-3B-Instruct-Q8_0 en-IN 77 1 0.013 0.734 0.268 0.732
olmo-2-1124-7B-instruct-Q8_0 en-AU 374 24 0.064 0.748 0.307 0.836
olmo-2-1124-7B-instruct-Q8_0 en-IN 77 3 0.039 0.744 0.311 0.822
Qwen3-4B-Instruct-2507-Q8_0 en-AU 374 17 0.046 0.745 0.275 0.851
Qwen3-4B-Instruct-2507-Q8_0 en-IN 77 5 0.065 0.757 0.308 0.884

Guided Target Word Prediction
granite-4.0-1b-Q8_0 en-AU 374 16 0.043 0.741 0.282 0.853
granite-4.0-1b-Q8_0 en-IN 77 4 0.052 0.744 0.301 0.849
Llama-3.2-3B-Instruct-Q8_0 en-AU 374 8 0.021 0.749 0.288 0.750
Llama-3.2-3B-Instruct-Q8_0 en-IN 77 1 0.013 0.736 0.301 0.748
olmo-2-1124-7B-instruct-Q8_0 en-AU 374 38 0.102 0.768 0.348 0.893
olmo-2-1124-7B-instruct-Q8_0 en-IN 77 10 0.130 0.774 0.394 0.889
Qwen3-4B-Instruct-2507-Q8_0 en-AU 374 34 0.091 0.760 0.302 0.888
Qwen3-4B-Instruct-2507-Q8_0 en-IN 77 7 0.091 0.759 0.346 0.899

Target Word Selection
granite-4.0-1b-Q8_0 en-AU 374 142 0.380 0.836 0.533 0.978
granite-4.0-1b-Q8_0 en-IN 77 42 0.546 0.873 0.646 0.990
Llama-3.2-3B-Instruct-Q8_0 en-AU 374 151 0.404 0.842 0.534 0.976
Llama-3.2-3B-Instruct-Q8_0 en-IN 77 28 0.364 0.824 0.494 0.988
olmo-2-1124-7B-instruct-Q8_0 en-AU 374 155 0.414 0.846 0.566 0.980
olmo-2-1124-7B-instruct-Q8_0 en-IN 77 36 0.468 0.855 0.615 0.981
Qwen3-4B-Instruct-2507-Q8_0 en-AU 374 225 0.602 0.893 0.691 0.987
Qwen3-4B-Instruct-2507-Q8_0 en-IN 77 61 0.792 0.942 0.833 0.991

Table 11: Model performance metrics with WEB across Target Word Prediction, Guided Target Word Prediction
and Target Word Selection. We provide results on Exact Matches (EM), Accuracy (Acc), Sim(G) and Sim(M)
refer to average cossine similarity scores using embedding models Granite-embedding-125m-english embeddings
and (Awasthy et al., 2025) Sentence-BERT embeddings (Reimers and Gurevych, 2019) respectively. We compute
Pearson Correlation (Corr) between the resulting similarity scores to measure the two models agreement.
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Abstract

A major issue in audio modeling is speaker bias,
in which the models learn language external
traits, such as a speaker’s timbre or pitch, and
use this information as a shortcut to a language
task. This is especially problematic for dialec-
tology, as it is typical in dialect corpora that
only a few speakers represent a complete di-
alect area. In this paper, we explore the effects
of speaker bias in two dialectal tasks: dialect
identification and automatic dialectal transcrip-
tion. We build two different data partitions of
dialect interviews in Finnish and Norwegian: 1)
a speaker dependent partition in which all of the
speakers appear in training, development, and
test sets, and 2) a speaker independent partition
where each speaker only appears in exactly one
set. We further experiment with modifications
of the training data by augmenting the origi-
nal audio with pitch shifts and noise, as well
as changing the original speakers’ voices with
voice conversion models. We show that the di-
alect identification models are highly affected
by speaker bias, whereas automatic dialectal
transcription models are not. The audio modifi-
cations do not offer major performance gains
for either of the languages or tasks.

1 Introduction

Natural language processing (NLP) has long been
focused on texts, mostly collected from the internet.
The recent development of self-supervised speech
models such as wav2vec2.0 (Baevski et al., 2020)
and Whisper (Radford et al., 2022) has however
shifted the focus more towards audio data, offer-
ing possibilities for automatic speech recognition
(ASR), speech synthesis, and spoken language iden-
tification, for instance. A similar shift can be seen
in dialectologically inclined NLP, for which data
has typically been text in the form of (phonetically)
transcribed speech or user-generated content from
social media.

One major difference between text and audio in

dialectal tasks is the nature of the medium: speech
consists of many speaker-related effects (timbre,
pitch, duration, etc.) in addition to the linguistic
content, whereas text is formally more consistent
(written mostly in standardized alphabets). This
raises potential issues, as the speech models learn
speaker-specific traits instead of (or at least in ad-
dition to) dialectal traits. Since dialectal datasets
often include only a few speakers per dialect, this
can lead trained models to neglect dialectal infor-
mation and only focus on the speaker effects as a
shortcut to dialect identification, for instance. This
effect can be called speaker bias (or speaker leak-
age) in audio models (Abdullah et al., 2025).

In this work, we analyze the effects of speaker
bias in two dialect-focused NLP tasks: dialect
identification and automatic dialectal transcrip-
tion. We use interview data from two unrelated
languages in Finnish and Norwegian, and create
two different data partitions to showcase the po-
tential issues in data processing. Based on these
partitions, we analyze how speaker bias can alter
the perceived performance of models in dialectal
audio tasks. We further explore typical methods
used to mitigate speaker bias in speech modeling,
such as audio augmentation and voice conversion,
as possible solutions to the raised issues. Working
on pre-trained models, the focus of the paper is not
in best possible performance, but the performance
differences introduced in data preprocessing. The
main contributions of the paper are thus:

• show and analyze the effects of speaker bias in
dialect identification and automatic dialectal
transcription,

• explore possible solutions in audio augmenta-
tion and voice conversion, and

• analyze performance in the two tasks in two
unrelated languages.

32



Style SKN (fi) LIA (no)

Transcript jos vuav ver lähttöö denn fysste kjirrkjå så va byggde # sto på enn annja plass
Standard jos vain veri lähtee den første kyrkja som var bygd stod på ein annan plass
English if only the blood bleeds the first church that was built was in another place

Table 1: Examples from the two datasets with the dialectal transcription on top and a standard language alternative
below. Our Norwegian dataset is standardized to Nynorsk. The # in the Norwegian example denotes a pause in
speech. An English gloss is presented at the bottom.

2 Related Work

2.1 Dialect Identification

Language and dialect identification from text is a
standard task in natural language processing. The
automatic distinction between distant languages
has been declared solved (McNamee, 2005), but
for similar languages and dialects the task is still
relevant.

Dialect identification has been extensively stud-
ied in the the VarDial workshops, that have often
included a shared task in discriminating between
similar languages and dialects (e.g., Gaman et al.,
2020; Chakravarthi et al., 2021; Aepli et al., 2023).
For a long time, traditional linear classifiers such
as support vector machines, naïve Bayes, and logis-
tic regression, offered the best performance in the
dialect identification tasks (e.g., Wu et al., 2019;
Jauhiainen et al., 2019; Camposampiero et al.,
2022). Another popular option has been to fine-
tune BERT for classification tasks (e.g., Zaharia
et al., 2020; Bengoetxea et al., 2025). Related to
the languages concerned in this paper, Hämäläinen
et al. (2021) train a text only and text+audio di-
alect classifiers on the same Finnish dataset that we
use. However, they split their data based on utter-
ances only, corresponding to the speaker dependent
set of our work (see Section 3.1), and use a more
fine-grained dialect division.

Dialect identification from audio files has gained
more interest after the release of the large pre-
trained audio models. Systems utilizing Whisper
(e.g., Elleuch et al., 2025) and wav2vec2.0 (e.g.,
Gutscher and Pucher, 2025) for dialect identifica-
tion have become increasingly popular for instance
in the Interspeech conferences. Many works com-
ment on the problems with identifying dialects di-
rectly from the original audio and propose differ-
ent workarounds, such as low-pass filtering and
F0 monotonization (Parsons et al., 2025) or voice
conversion (Abdullah et al., 2025; Fischbach et al.,
2025), as well as model modifications (Luo and

Zhou, 2023). Kakouros and Hiovain-Asikainen
(2023) present results on North Sami dialect iden-
tification, and also experiment with splitting their
data into speaker dependent and speaker indepen-
dent partitions, which is also a part of this study
(see Section 3.1.)

2.2 Automatic Speech Recognition on Dialects

Most works on automatic speech recognition (ASR)
focus on producing standard language text, even if
the spoken language would be non-standard. This
is a natural goal, given that many downstream ap-
plications need commands in the standard language.
There is a broad field of studies on making dialec-
tal speech automatically recognized to the standard
language (e.g., Plüss et al., 2022; Miwa and Kai,
2023; Lin et al., 2024).

Another popular direction in automatic speech
recognition has been automatic phoneme recogni-
tion, aiming to train (universal) systems that rec-
ognize the phonemes in speech and output corre-
sponding IPA symbols (e.g., Li et al., 2020, 2022;
Glocker et al., 2023). Automatic dialectal transcrip-
tion can be characterized by being somewhere in
between the standard language ASR and phoneme
recognition: transcriptions aim to be phonetically
precise, but are often language-specific and might
not make some distinctions that are not relevant
for the language (e.g., sibilants in Finnish are tran-
scribed as /s/ irrespective of their true phonetic
nature). The difference between dialectal transcrip-
tions and standard languages in our datasets is pre-
sented in Table 1.

Works that aim to automatically transcribe
speech to this domain instead of the standard lan-
guage or the phoneme level are scarce. Suwan-
bandit et al. (2023) release a dataset of Thai di-
alects with transcriptions and translations to stan-
dard Thai, and further report on ASR experiments
with the dataset. Kuparinen (2025) trains auto-
matic dialectal transcription models on the same
Finnish and Norwegian datasets that are described
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Figure 1: The speakers of both datasets on a map with dialect information as color. Norwegian speakers are
presented with circles and Finnish speakers with triangles. If there are multiple speakers per location, the points are
dislocated (e.g., Bergen on the West coast of Norway). In the Norwegian classification, Namdal and Uttrøndersk are
concatenated as well as Helgeland and Nordland. Map is made with QGIS.

in this work, but only utilizes the speaker depen-
dent data partition. Some works also aim to pro-
duce both standard language text and dialectal text
and compare the systems (Nigmatulina et al., 2020;
Blaschke et al., 2025). Since dialectal transcrip-
tions tend to have varying styles and quality, the
task can be compared to low resource ASR, where
data volume is likewise low and available texts
might not be highly standardized.

2.3 Audio Modification
A typical way to mitigate speaker bias in speech
modeling is augmenting the audio with modifica-
tions, such as changing the pitch of the voice or
incorporating time or frequency masking. Speed
perturbation (Ko et al., 2015) and SpecAugment
(Park et al., 2019) are well known systems designed
to augment the feature inputs with modifications of
speech, pitch, and frequency.

Augmentations have been found to be benefi-
cial, for example, in automatic speech recognition
of dysarthric speech (Bhat et al., 2022), emotion
recognition (Wu and Lee, 2023) and language as-
sessment (Lun et al., 2024). Ullah et al. (2024)
experiment with different augmentation techniques

for pre-training low resource speech models, and
find that the combination of noise and pitch shifting
offers best performance. We use similar augmenta-
tions in this work.

Besides augmentation of the speech features, an-
other option for speaker bias mitigation has been
the synthetic creation of new voices with systems
such as HiFi-GAN (Kong et al., 2020) or using
voice conversion. Voice conversion aims to trans-
form a spoken sequence to the voice characteristics
of another speaker. In essence, it makes an utter-
ance sound as if it was spoken by someone else.

Voice conversion has been utilized, for instance,
in automatic speech recognition (Casanova et al.,
2023) and keyword recognition (Wubet and Lian,
2022). It has been found to be helpful in low-
resource settings, where the number of natural
speakers tends to be small (Baas and Kamper,
2022). This is similar to many dialectal datasets,
where each dialect is often presented by only a
handful of speakers. Abdullah et al. (2025) present
results on Arabic dialect identification, comparing
the effects of different modifications on the origi-
nal audio. They show that both data augmentation
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and voice conversion enhance performance both
in domain and out of domain. Given their positive
results, our setup follows their work.

3 Data

We use dialectal datasets of two unrelated lan-
guages, namely Finnish and Norwegian.1 For
Finnish, we use the Samples of Spoken Finnish (In-
stitute for the Languages of Finland, 2014), which
includes 99 interviews from 50 Finnish-speaking
locations that present all of the Finnish dialects.
The interviews were mostly recorded in the 1960s,
and have since been digitized, annotated and tran-
scribed phonetically using the Uralic phonetic al-
phabet. We filter the dataset to only include audio
segments with a duration between 1 and 20 seconds.
The filtered data includes approximately 65 hours
of audio from the dialect speakers. We use the
dialect division put forth by Itkonen (1989) with
8 dialect areas. The interview locations and their
traditional dialect area are presented in Figure 1.

For Norwegian, we use the LIA Norwegian
speech corpus (Norwegian University of Science
and Technology et al., 2019), which is a joint effort
of four Norwegian universities, aiming to collect
the old dialectal interviews into one corpus (Ha-
gen et al., 2021). We only use the interviews that
were labeled as free talk (fritale) and exclude the
ones that had other tasks or a special focus (such
as place names). After the filtering, the dataset in-
cludes 465 speakers from 159 locations, and around
173 hours of audio from the dialect speakers. The
interviews are transcribed phonetically using the
Dano-Norwegian alphabet with # as a pause marker.
We use the same duration limit for Norwegian as
for Finnish. Furthermore, for the computationally
heavy task of automatic transcription, we only use
half of the available Norwegian data to make train-
ing possible with our resources.

We use the dialect division presented by Skjekke-
land (1997)2. The dataset is unbalanced on dialects
however, with 137 speakers of the South-Western
(Sørvestland) dialects and only three speakers from
Helgeland. We thus combine some of the smaller
dialect areas based on their top-level dialect: Nam-
dalsk and Uttrøndersk (both part of the Trøndersk

1The segmented data are available at https:
//huggingface.co/collections/okuparinen/
dialectal-transcription-fi-no.

2We utilize the mapping of municipality names and
dialect areas by Phoebe Parsons, available at https:
//www.nb.no/sprakbanken/en/resource-catalogue/
oai-nb-no-sbr-92/.

dialects), and Nordlandsk and Helgelandsk (both
part of the Northern dialects). The interview loca-
tions and their dialect areas are presented in Fig-
ure 1.

3.1 Data Splitting

In natural language processing tasks, (dialectal)
data are often split into training, development, and
test sets by splitting interviews in proportions (e.g.,
80% to training, and 10% to both development and
test sets). Since all speakers appear in all data splits,
the tasks might be easier than actual use cases in
the wild. This is especially true for audio tasks,
where models learn speaker-specific traits, and can
use these traits as a shortcut to the actual task (e.g.,
dialect identification). We will construct a data split
with the described basic setup, with each speakers’
utterances divided 80/10/10, which will be called a
speaker dependent set (following Kakouros and
Hiovain-Asikainen, 2023).

As a comparison, we also construct a speaker
independent setup. In this setup, we split the data
into training, development, and test sets on full
interviews, assigning 80% of interviews to training,
10% to development, and 10% to testing (see also
Kuparinen et al., 2023). Furthermore, as one of
our tasks is dialect identification, we make sure
that all dialects are always presented in all of the
data splits, assigning interviews to the sets based
on the amount of speakers per dialect as presented
in Figure 1. We will also do further augmentation
and voice conversion on this data split, described
in Sections 3.2 and 3.3.

3.2 Audio Augmentation

For audio augmentation, we use both pitch shift
and additional noise. Using torchaudio (Hwang
et al., 2023), we take the original audio sample and
randomly shift the pitch of the voice with either
-4, -2, +2, or +4 steps. Furthermore, we add low
level noise to the pitch shifted waveform matching
the duration of the signal. Thus, the original audio
will have a slightly different pitch than before, and
the whole segment will have added noise on the
background. To keep the setup relatively simple,
we do not use any further augmentations (such as
frequency or time masking). Both pitch shift and
noise were found to be beneficial for Arabic dialect
identification by Abdullah et al. (2025).
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Setup Training Train size Orig. Aug. VC Test

Speaker dependent
Original all speakers N all speakers
Voice per dialect all speakers N all speakers

Speaker independent
Original 80% of speakers N 10% of sp.
Orig. + Pitch shift and noise 80% of speakers 2 x N 10% of sp.
Orig. + VC with one voice 80% of speakers 2 x N 10% of sp.
Orig. + VC with four voices 80% of speakers 5 x N 10% of sp.

Table 2: Summary of the different data splits and operations on the training set. The first two setups serve as
benchmarks for speaker bias in speech models. N=the size of original training utterances. Orig.=original audio,
Aug.=audio augmentation with pitch shifts and noise, VC=voice conversion of the original audio. Sp. = speakers.
Development set has the same setup as the test set. Exact sizes of the different sets are presented in Appendix A.

3.3 Voice Conversion

We use nearest neighbor voice conversion (kNN-
VC) presented in Baas et al. (2023).3 The approach
utilizes reference segments from another speaker
to convert the original voice, while still maintain-
ing the dialectal content. As reference speakers,
we use external dialectal datasets: for Finnish, we
utilize the Finnish Dialect Corpus of the Syntax
Archive (University of Turku and Institute for the
Languages of Finland, 2021), and for Norwegian
we use readings of the North Wind and the Sun in
different dialects.4

For our voice conversion setups, all of the train-
ing samples are conversed to the voice of another
speaker. These voice conversed training sets are
then concatenated with the original training sam-
ples, effectively multiplying the size of the training
data (as is done with the augmented data as well).
We experiment with one voice (training data twice
the size of the original) and with four voices (train-
ing five times the size of the original).

As a final experiment, we also construct a voice
conversed version of the speaker dependent dataset,
where each dialect is represented by exactly one
voice. This setup is called voice per dialect and is
designed to highlight what happens when speaker
traits and dialect traits are combined. If our as-
sumption is correct, and the models use speaker
identification as a shortcut to dialect identification,
classifiers trained on the voice per dialect set should
perform poorly when tested on new voices. The dif-
ferent data setups are summarized in Table 2. The

3The implementation is available at https://github.
com/bshall/knn-vc.

4Available at https://www.hf.ntnu.no/nos/.

development and test sets are composed of the orig-
inal speech samples throughout the experiments
without any modifications.5

4 Task Setup

To evaluate the effect of speaker bias in dialecto-
logical speech modeling, we set up two different
dialect-focused tasks: dialect identification and au-
tomatic dialectal transcription. As the point of the
work is not in achieving best possible results for
each task, we do not experiment with different base
architectures and hyperparameters. Instead, we use
wav2vec2.0 (Baevski et al., 2020) based models
with basic settings for both tasks. For Finnish, we
use the base model trained with 150,000 hours of
Finnish speech6, including 2740 hours of colloquial
Finnish (Getman et al., 2025). Such large base
models were not available for Norwegian, which
is why we use the base version of the multilingual
MMS model7 (Pratap et al., 2023). We further
report MMS results of the Finnish speaker indepen-
dent set with original audio to facilitate base model
comparison.

4.1 Dialect Identification

For the dialect identification task, we extract em-
beddings of our audio samples encoded by the base
models. As it is known that the different layers of
the models encode different aspects of the speech
signal, we experimented with the first layer, middle
layers (6 for Finnish, 6 and 12 for Norwegian), and

5The code for the paper is available at: https://github.
com/okuparinen/DialectSpeakerBias.

6https://huggingface.co/GetmanY1/
wav2vec2-base-fi-150k

7https://huggingface.co/facebook/mms-300m
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the final layer (12 for Finnish, 24 for Norwegian)
for the embedding extraction. We found that layer
number 6 offers best performance in our classifi-
cation task for both languages. We thus train our
final classifiers on the embeddings extracted from
this layer. A comparison of the different layers is
presented in Appendix B.

The embeddings have dimensions of N x 768
for the Finnish model, and N x 1024 for the MMS
model, where N is the number of 25 ms frames
in the utterance. Since the utterances have differ-
ing length, we aggregate the embeddings over the
utterances. We take the mean and standard de-
viation over the full utterance (resulting in 1536
dimensions per utterance for Finnish and 2048 di-
mensions for Norwegian), and use these utterance-
based embeddings to train a linear support vector
machine classifier.

For our classifier, we first scale the data for zero
mean and unit variance before optionally applying
principal component analysis on the scaled data.
The data is then fed to a linear, class-balanced SVM
using one-vs-rest classification strategy. We experi-
ment with the input embedding dimensions (using
mean and standard deviation, or only mean or only
standard deviation), as well as with using PCA or
not using it. For PCA, we also experiment with the
number of components (128 or 256 for Finnish and
128, 256 or 512 for Norwegian), and select the best
design for each dataset. As a text comparison, we
train a similar SVM model with a tf-idf vectorizer
on character n-grams of 2 to 4 characters, without
applying PCA, on the manual transcriptions.

We use the classifier to predict dialect labels
for the development and test sets based on their
embedding representations. We evaluate the results
on macro F1 and accuracy. We also report the 95%
confidence intervals for the results.8

4.2 Automatic Dialectal Transcription

We finetune the base models with our transcribed
dialectal data for a maximum of 15 epochs (early
stopping of 10 epochs) with connectionist temporal
classification (CTC) loss. We freeze the feature
extractor before finetuning and use a learning rate
of 5-e4 for the smaller Finnish dataset and 1e-4
for the larger Norwegian dataset. The finetuning
is done with the Huggingface Transformers toolkit
(Wolf et al., 2020). We evaluate the systems on

8Calculated with https://github.com/luferrer/
ConfidenceIntervals with 1000 bootstrap sets.

character error rate (CER), which in transcription
text is more informative than word error rate.9

5 Results

5.1 Dialect Identification

The results for the dialect identification experi-
ments are presented for both languages in Table 3.
The first rows of the tables have the same data
structure (each interview split into training, devel-
opment, and test sets based on utterances), as do
the bottom rows (each interview appears in exactly
one set).

Starting with the speaker dependent setup, very
clear evidence of speaker bias can be observed. Us-
ing only the original audio, the scores are very high,
indicating that the classifier learns to connect the
speaker traits to a dialect in the training phase. This
effect becomes evident when comparing it to the
voice per dialect set, which uses the exact same
data split but with converted voices for each dialect.
When evaluated against the same test set, the classi-
fication performance collapses as the classification
model has learned to connect the speakers to the
dialects, but is then faced with unheard voices. The
text baseline is solid for Finnish, but worse than the
audio based model. For Norwegian, the text model
is far behind the audio model.

It is also noticeable that for the speaker depen-
dent set, both languages have very similar perfor-
mance in the audio models: around 90% accuracy
scores for the original audio and around 17% for
the voice per dialect setup. This is not true for the
speaker independent setup, where Norwegian has
much higher scores throughout. This also indicates
that, for the speaker dependent setup, the linguistic
factors are not as important as the speaker traits for
the classification. In essence, the model is more of
a speaker recognition system than a dialect identifi-
cation system.

For the speaker independent data split, we see
a performance drop of around 60 points on orig-
inal audio for Finnish, and around 40 points for
Norwegian. This further indicates there is a major
speaker related effect in the classification. For the
text based models, there is also a considerable ef-
fect of the data split change for Finnish, but not so
much for Norwegian. For Finnish, the text based
model clearly outperforms audio, whereas for Nor-
wegian the audio models are slightly better.

9We use the implementation provided in https://github.
com/nsmartinez/WERpp.
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SKN (fi)

Setup Macro F1 ↑ Accuracy ↑
Speaker dependent
Transcription text 74.8573.10–76.53 77.8376.48–79.12

Original audio 88.7787.44–90.04 89.7988.84–90.73

Voice per dialect 16.0714.72–17.41 17.0115.75–18.28

Speaker independent
Transcription text 61.8860.32–63.51 65.2363.74–66.70

Original audio 24.2923.06–25.52 33.3831.83–34.90

Orig. + Pitch shift and noise 27.5526.10–28.89 32.8531.25–34.40

Orig. + VC with one voice 21.0519.81–22.26 26.8525.49–28.37

Orig. + VC with four voices 29.6328.21–30.98 38.0936.65–39.64

LIA (no)

Setup Macro F1 ↑ Accuracy ↑
Speaker dependent
Transcription text 53.0151.89–54.05 58.9157.98–59.76

Original audio 91.6991.04–92.30 92.5692.09–93.01

Voice per dialect 12.5811.95–13.19 17.4516.75–18.18

Speaker independent
Transcription text 47.1746.03–48.25 54.3053.34–55.24

Original audio 50.4749.59–51.37 64.5263.55–65.47

Orig. + Pitch shift and noise 51.6550.89–52.44 64.9764.12–65.90

Orig. + VC with one voice 51.3250.58–52.15 65.3264.39–66.21

Orig. + VC with four voices 49.3148.55–50.07 62.9161.93–63.88

Table 3: Macro F1 and accuracy scores for the classification task with 95% confidence intervals in superscript. The
top table shows the SKN (Finnish) results, and the bottom table shows the LIA (Norwegian) results. Per-chance
accuracy is 12.5 for Finnish and 11.11 for Norwegian. For comparison, using the MMS model for the Finnish
speaker independent set with original audio achieves a macro F1 score of 27.0525.81–28.19 (+2.79 vs. monolingual).
Results on the development set and model details (embedding dimensions, PCA parameters) are provided in
Appendix B.

Setup SKN (fi) LIA (no)

Speaker dependent
Original audio 9.659.43–9.87 19.3019.02–19.55

Voice per dialect 16.81 16.47–17.19 29.3829.04–29.72

Speaker independent
Original audio 15.8915.46–16.31 20.2119.91–20.50

Orig. + Pitch shift and noise 16.4316.00–16.83 19.5319.31–19.87

Orig. + VC with one voice 16.3515.91–16.76 20.1719.88–20.46

Orig. + VC with four voices 17.5517.16–17.95 20.9920.71–21.26

Table 4: Character error rate % (↓) results of the automatic transcription on the different data splits with 95%
confidence intervals in superscript. The MMS model finetuned for the Finnish speaker independent set with original
audio achieves a character error rate of 19.4519.08–19.85 (+3.56 vs. monolingual).
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The performance of the audio models is poor
for Finnish across the board, whereas for Norwe-
gian the models fare better. Regarding the audio
modifications, there is a lack of a consistent and
meaningful effect. For both languages, the aug-
mentation with pitch shifts and noise offers a tiny
performance gain in macro F1 over the original
audio, whereas the voice conversions seem unsta-
ble. For Finnish, the model with four additional
voices is clearly the best of the audio models, but
for Norwegian it is the worst. Likewise the system
with one additional voice is the best model for Nor-
wegian in terms of accuracy but clearly the worst
for Finnish.

The classification results are very different from
the ones reported by e.g., Abdullah et al. (2025),
who present a consistent performance gain from
augmentation and voice conversion. Possible
causes for this are that we are working with more
dialect classes (8 and 9 vs. 5) and older data with
possibly inconsistent quality, but the lack of posi-
tive results is still surprising.

5.2 Automatic Dialectal Transcription
The results for the automatic dialectal transcrip-
tion task are presented in Table 4. For the speaker
dependent models, the original audio still offers
better performance than the voice per dialect sys-
tem. For Finnish, the difference is not as large as
for the classification task, however. In fact, the
voice per dialect system is only slightly worse than
the original audio based system in the speaker in-
dependent split for Finnish (although the speaker
dependent split is easier in that the same topics ap-
pear in both training and testing, even if the voices
are different).

For Norwegian, the difference between the orig-
inal audio and voice per dialect systems in the
speaker dependent set is very large. Interestingly,
the difference between the dependent and indepen-
dent sets is quite small (0.91 points in CER % for
the original audio). For Finnish the difference is
larger, but still not as big as for the classification
task. This indicates that automatic transcription is
not as dependent on the speakers as the classifica-
tion.

In terms of character error rate, the modifica-
tions of the original audio are consistently harmful
for the transcription quality in the Finnish experi-
ments. Adding more voices and thus more training
data with the same transcriptions seems to make
the models worse, possibly overfitting to the train-

ing data. For Norwegian, however, the scores are
similar for all versions, but the augmented data
offers best results. This was also the case in the
classification task.

Comparing the two languages, results for
Finnish are consistently better than for Norwegian.
This is most likely a result of at least two causes:
1) for Finnish, we could use a language-specific
base model but for Norwegian we had to use a
multilingual one10, and 2) for the Norwegian data,
we noticed inconsistent quality in both the audio
and the transcriptions, most likely resulting from
the fact that the corpus is collected from multiple
sources. This is also reflected in the transcription-
based classification, where the Finnish models are
performing better than the Norwegian ones, indicat-
ing possible variation in the Norwegian transcrip-
tion quality. Finally, in the audio classification the
results were converse: Finnish models are much
worse than Norwegian. This could be a result of
clearer dialectal differences in the Norwegian data,
which makes identification easier, but building a
unified transcription model harder.

5.3 Classifying on Automatic Transcriptions

As a final experiment, we analyze if the classifi-
cation scores for Finnish can be elevated by clas-
sifying the utterances based on the automatically
created transcriptions presented in Section 5.2. We
use the text models trained on manual transcrip-
tions for the original classification experiments in
Section 5.1, but infer on the automatically created
transcriptions of the test set. We only analyze the
results on the Finnish data, as the Norwegian audio
models outperformed the text based systems. The
results are presented in Table 5.

The classification on the automatic transcriptions
enhances performance dramatically with macro F1
scores around 25 points higher compared to the
audio based classification. Even the highly speaker
dependent system of voice per dialect achieves a
macro F1 score of 45.82. In the speaker indepen-
dent setup, the ASR model based on original audio
was the best in terms of character error rate, but
the worst in terms of classification F1 (albeit the
differences are small for both cases). In conclusion,
the text based models massively outperform audio
in speaker independent setups for Finnish, even if
the text is automatically created.

10Using MMS for Finnish enhanced performance in the
classification task, but worsened it in the transcription task,
following the Norwegian results.
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Setup Audio ASR

Speaker dependent
Original audio 88.7787.44–90.04 62.8660.96–64.59

Voice per dialect 16.0714.72–17.41 45.8244.06–47.49

Speaker independent
Original audio 24.2923.06–25.52 48.1046.53–49.72

Orig. + Pitch shift and noise 27.5526.10–28.89 50.5348.99–52.12

Orig. + VC with one voice 21.0519.81–22.26 49.9448.30–51.59

Orig. + VC with four voices 29.6328.21–30.98 49.6648.12–51.22

Manual transcription
Speaker dependent 74.8573.10–76.53

Speaker independent 61.8860.32–63.51

Table 5: Macro F1 scores ↑ for Finnish SVM classifiers with 95% confidence intervals in superscript. On the left,
we present the results for classifiers trained and evaluated on audio embeddings, and on the right, the models trained
on manual transcriptions and evaluated on automatic transcriptions. The corresponding classification results for the
manual transcriptions are presented on the bottom. The Norwegian results are omitted, as the audio models already
outperformed the manual transcription based systems.

6 Conclusion

In this paper, we have shown how speaker bias
severely affects audio modeling in dialect identifi-
cation and to a lesser extent in automatic dialectal
transcription, with data from two unrelated lan-
guages. The speaker dependent setup highlighted
how audio models shortcut to speaker recognition
instead of dialect identification: using original au-
dio in training achieved excellent scores for both
languages, whereas using the same data split with
a single voice per dialect ended in collapse.

We further aimed to mitigate the effects of bias
with traditionally used techniques in audio augmen-
tation and voice conversion. While there were some
positive effects, the overall usefulness of these
methods on the tasks remained negligible. This
is in contrast to previous findings on, for instance,
Arabic dialect identification (Abdullah et al., 2025).
Especially for Finnish, dialect identification proved
to be difficult for all models, and classification
on transcriptions provided far better results. Con-
versely for Norwegian, identification from audio
outperformed text, but automatic dialectal transcrip-
tion performed worse than for Finnish.

This work has focused on speaker bias mitiga-
tion solutions that are applied on the input (i.e., the
waveform itself). More elaborate systems could
also be applied post-hoc, by targeting the embed-
ding dimensions that hold the most information
on speaker traits, and filtering or down-weighting
such dimensions. Thebaud et al. (2024) use Inte-

grated Gradients to trace which phonemes affect
speaker recognition the most, but a similar sys-
tem could be applied also to trace speaker effects
from model embeddings. Zhu et al. (2025) train
ECAPA-TDNN (Desplanques et al., 2020) based
speaker embeddings and use SHAP values to trace
the speaker-affected dimensions from the content
embeddings of different self-supervised models.
They further experiment how filtering the speaker
information affects ASR accuracy. Systems based
on explainability methods could thus provide inter-
esting possibilities for dialectal audio modeling as
well, but they are beyond the scope of this paper
and thus left for future work.

Limitations

The building of the speaker independent set is a
possible source of variation. As the data splits
are constructed from full interviews, the scores
are highly affected by the interviews chosen to the
development and test sets. A possible way to un-
dermine this effect would be to build several folds
of the data split. We restricted our experiments to
one fold due to resource limitations, but included
the 95% confidence intervals to show possible fluc-
tuation.

This work focuses on two languages spoken in
the Nordic countries. Even though the languages
represent different families, the datasets themselves
are largely collected following similar dialectologi-
cal and cultural ideologies.
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A Data Size

Table 6 presents the data sizes in whitespace sepa-
rated tokens and audio duration in hours and min-
utes. Because the speaker independent sets consist
of full interviews, they show more variation in size
than the speaker dependent sets that are split on
utterances.

B Development Set Results

Table 7 presents the results of the classification
task on the different layers of the development set.
The results clearly show that layer 6 offers best
performance for all setups, and it was thus used for
the final classification.

Table 8 presents the development set results for
the classification task, as well as the inputs for the
SVM model (using the mean and standard devia-
tion (std), or just mean or just standard deviation of
the utterance embeddings). If PCA was used, the
number of components is also presented. The devel-
opment set results are broadly 5–10 points higher
than the test set results for Finnish, and around
5 points higher for Norwegian. For the develop-
ment set, the setup with original audio and 4 voices
achieves the best score of the speaker independent
set for both languages.

Table 9 presents the development set results
for the automatic dialectal transcription task. For
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Train Dev. Test

Dataset Split Tokens Audio Tokens Audio Tokens Audio

SKN (fi) Dependent 498,587 52:02 62,907 06:35 62,356 06:33
Independent 489,168 51:12 64,031 06:36 70,651 07:23

LIA (no) Dependent 1,562,453 138:16 194,773 17:19 200,969 17:53
Independent 1,575,923 140:04 206,627 17:59 175,645 15:24

Table 6: Statistics of the used data. Audio duration in hh:mm. Dev. = development set.

SKN (fi) LIA (no)

Setup L1 L6 L12 L1 L6 L12

Speaker independent
Original audio 20.34 32.40 23.16 42.33 53.01 47.44
Orig. + Pitch shift and noise 21.06 32.43 21.97 45.85 54.08 47.72
Orig. + VC with one voice 24.31 33.82 24.89 45.56 54.68 47.83
Orig. + VC with four voices 25.87 34.88 25.70 43.07 54.87 44.97

Table 7: Layer-wise macro F1 scores in the classification task for the development set. L = layer.

SKN (fi) LIA (no)

Setup SVM Macro F1 ↑ SVM Macro F1 ↑
Speaker dependent
Transcription – 74.15 – 52.77
Orig. audio mean+std 90.04 mean+std 92.26
Voice per dialect std, PCA 256 15.55 std, PCA 528 13.04

Speaker independent
Transcription – 66.85 – 49.39
Orig. audio mean, PCA 256 32.40 mean+std 53.01
Orig. + Aug. std 32.43 mean+std 54.08
Orig. + VC1 mean, PCA 128 33.82 mean+std 54.68
Orig. + VC4 mean+std 34.88 mean+std 54.87

Table 8: Macro F1 scores on the development set in the classification task, as well as the SVM model inputs for the
best model. The number of PCA components are presented if PCA was used.

Finnish, the results are very slightly better than
for the test set, whereas for Norwegian the test
set results are better by around 2 points across the
speaker independent set.

Setup SKN (fi) LIA (no)

Speaker dependent
Original audio 9.74 19.37
Voice per dialect 16.75 29.75

Speaker independent
Original audio 15.00 22.00
Orig. + Aug. 15.26 21.51
Orig. + VC1 15.42 22.12
Orig. + VC4 16.99 23.01

Table 9: Character error rate % (↓) results of the auto-
matic transcription on the development set.
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Abstract

Occitan is a Romance language spoken mostly
in the South of France and characterised by rich
dialectal variation, which can pose problems
for certain NLP tools. This shortfall is largely
attributable to the scarcity of dialect-annotated
corpora, in a context where linguistic classi-
fication within the Occitan dialect continuum
is still debated and major nomenclatures, such
as ISO 639, fail to provide granular codes for
varieties below the generic “Occitan” label. In
this paper, we introduce OcWikiDialects, a new
dataset comprising articles from the Occitan
Wikipedia. The corpus features rich metadata,
including dialect labels, and is segmented at
both paragraph and sentence levels. Combined
with previously released datasets, we explore
approaches for Occitan dialect identification by
training three types of model on up to 8 labels:
linear SVM classifiers based on word and char-
acter n-grams, FastText classifiers based on
pretrained vectors, and BERT-based neural clas-
sifiers adapted through fine-tuning. Evaluations
across in- and out-of-domain test sets demon-
strate the substantial impact of our new dataset
for the task. However, a peak macro-averaged
F1 score of 58.15 underscores persistent chal-
lenges for underrepresented Occitan varieties,
supported by our per-dialect analysis. Code,
dataset and models are available: https://
github.com/DEFI-COLaF/OcWikiDialects.

1 Introduction

Current NLP technologies offer very good perfor-
mance in particular with large language models
(LLMs), including in some low-resource settings
(Pomerenke et al., 2025). However, most avail-
able tools consider the supported languages as stan-
dardised monolithic entities, thus hiding many as-
pects of variation that occur in natural languages
(Bird, 2022). Ignoring these aspects in the NLP
development process has an impact on speakers of
under-represented and less standardised varieties,

Figure 1: The dialect classification for Occitan proposed
in (Sibille, 2024).

as revealed in studies comparing performance be-
tween a standard variety (e.g. Standard American
English or Modern Standard Arabic) and related
non-standardised variants (e.g. African-American
English or Moroccan Arabic) (Khondaker et al.,
2023; Okpala and Cheng, 2025; Gupta et al., 2025).

In this paper, we focus on Occitan, a dialect con-
tinuum spoken mainly in the south of France and
supported as a monolithic entity in several NLP
models such as pretrained multilingual BERT (De-
vlin et al., 2019) and the machine translation model
NLLB (Costa-jussà et al., 2024). Existing Occitan
NLP datasets increasingly cover diverse aspects
of internal variation, including dialectal (Miletic
et al., 2020), orthographical (Poujade et al., 2024)
and other diastratic (Nédey et al., 2025) factors.
However, to the best of our knowledge, there are
no models available for the identification of the
Occitan variety of a text, although such tool could
be crucial for building and evaluating dialect-aware
NLP systems.

Our contribution is twofold: (1) we introduce a
new dialect-labelled dataset OcWikiDialects, and
(2) we use it in combination with other datasets
to train baseline models for the Occitan dialect
identification (OCDI) task. Our dataset is made up
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of articles from the Occitan Wikipedia and com-
prises metadata about dialects and users, aggre-
gated across revisions. Our OCDI experiments
involve three types of model: linear SVM based
on words and character n-grams, FastText (Joulin
et al., 2017) with pretrained vectors, and BERT
(Devlin et al., 2019) with pretrained models. By
analysing results across three model types, five
datasets and up to eight dialects, we demonstrate
the impact of the OcWikiDialects dataset and em-
phasise the need to develop more resources for
underrepresented Occitan varieties.

2 Related Work

2.1 Occitan Dialects and Datasets

Occitan is a dialect continuum that spans across the
south of France and some border regions of Spain
and Italy (see Figure 1). Linguistic studies based
on isoglosses and dialectometry experiments led
to a classification into dialects within the contin-
uum (Esher and Sibille, 2024) that are sometimes
used by speakers when referring to their language.
Dialectal variation of Occitan occurs at multiple
linguistic levels including phonetic, morphologic,
syntactic and lexical. While the so-called and most
popular classical spelling convention tends to re-
duce dialect variation in writing, some features re-
main visible (see some examples from our dataset
OcWikiDialects in Table 1), such as the vocalisa-
tion of [l] into [w] in final positions (e.g. aquel vs.
aqueu for ‘this’), the presence of the enunciative
particle que, or the use of definite plural articles li,
lu, or lei (vs. los or las).

Next to large textual datasets using the mono-
lithic label “Occitan” (Schwenk et al., 2021;
Miletic and Scherrer, 2022; Costa-jussà et al., 2024;
Penedo et al., 2025), smaller Occitan corpora in-
clude dialect labels: Tolosa Treebank (Miletic et al.,
2020) is a corpus of literary texts from four Occitan
varieties, manually annotated with morphosyntac-
tic information. Similarly, CorpusArièja (Poujade
et al., 2024) focuses on morphosyntactic annotation
of literary texts from a transitional area between
the Languedocian and Gascon varieties. The organ-
isation Lo Congrès permanent de la lenga occitana
compiled bilingual sentences (Occitan and French
or other standardised languages) from their web-
sites (Séguier and Lo Congrès, 2023a, 2024) and
from various translated tools (Séguier and Lo Con-
grès, 2023b) into corpora where the document-level
dialect label is available for each sentence. The

organisation also released the ReVoc dataset (Lo
Congrès, 2024), which contains not only sentences
and corresponding dialect labels, but also informa-
tion about the speakers of the related speech data
collection campaign. The inclusion of sociologi-
cal metadata was also emphasised in Nédey et al.
(2025) for the dataset ForumOccitania, which is
made of posts from an online forum, accompanied
by user-declared information such as dialect, geo-
graphical location and age.

Despite the existence of these datasets, the ratio
of dialect annotated data remains very low, and
the distribution of dialects is very uneven, with
a large over-representation of the Languedocian
variety while some others are barely represented
(e.g. Auvergnat, Vivaroalpine).

2.2 Language Identification for Similar
Varieties and Dialects

While the most popular tools for language identi-
fication cover a large number of languages (Grave
et al., 2018; Kargaran et al., 2023; Costa-jussà et al.,
2024), many dialectal variants remain unsupported.
This is partly due to their reliance on major lan-
guage nomenclatures such as ISO 639, which typ-
ically lack granular codes for varieties below the
level of macro languages, for instance Brazilian
and European Portuguese. Works published during
VarDial workshops reveal that the identification of
similar languages and dialects remains challeng-
ing (Aepli et al., 2023), especially in the context of
dialect continuum where established linguistic cate-
gories have overlapping and occasionally contested
boundaries (Aepli et al., 2022).

For such varieties, a text can often be valid for
several labels, motivating recent work in similar
language identification (Keleg and Magdy, 2023;
Bernier-colborne et al., 2023; Chifu et al., 2024;
Fedorova et al., 2025) to emphasize a shift toward
multi-label classification. Although FastText is the
most popular architecture to discriminate between
many high-resource languages, its usage seems less
popular in the context of discriminating between
similar languages (Fedorova et al., 2025), where
the most common approaches are based on statisti-
cal models such as Naïve Bayes and SVM, using
n-gram-based features, and on pretrained language
models derived from BERT (Devlin et al., 2019).
The limited amount of data and lack of diversity
(Cahyawijaya et al., 2023) that is common in anno-
tated corpora for these languages make the models
(especially statistical ones) more likely to over-rely
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on named entities or other semantic aspects of the
corpora (e.g. names of cities or languages, topics)
instead of linguistic features. Sousa et al. (2025)
address this bias by creating a multi-domain cor-
pus for two national varieties of Portuguese and
by randomly masking named entities and replacing
words with their part of speech tag.

There are no publicly available systems to dis-
criminate between varieties of Occitan, although
some works on classification have been carried
out: Seguier (2015) explores statistical approaches
based on word and character n-gram frequencies,
as well as manually defined grapheme-based and
grammatical-based features, resulting in an almost
perfect accuracy on 45 samples in 8 Occitan va-
rieties when using only the character n-gram fea-
tures. More recently, Nédey et al. (2025) carry out
unsupervised topic modelling experiments that re-
sult in a classifier able to distinguish between 4
Occitan varieties with a macro F1 score of 85.50,
when evaluated on 9.5k in-domain test samples.

3 Dataset Creation

We fetch the clean Markdown text of the Occi-
tan Wikipedia1 articles from the FineWiki dataset2

(Penedo, 2025), and we use the XML dump ver-
sion with complete history3 and texts with wiki
markup (Wikitext) to extract more detailed meta-
data about the dialects used, the article revisions,
and the contributors. We retrieve the dialect label
of each article from a tag in the Wikitext when it ex-
ists, and drop the article from our dataset otherwise.
From the revision history, we extract user IDs and
timestamps. We also parse user pages to extract
declared Occitan language proficiency levels4 and
dialects, and to mark bot users.

We derive additional metadata from the revision
history, such as timestamps at creation and latest
update, Occitan level of the first contribution, and
highest Occitan level. We use the Wikitext version
of each revision to rank users by number and size5

of contributions on the article, and to aggregate the
number and size of contributions by Occitan level.

1https://oc.wikipedia.org
2https://huggingface.co/datasets/

HuggingFaceFW/finewiki
3https://dumps.wikimedia.org/ocwiki/20250901/.

Since FineWiki was built from the HTML dump of 20250820,
we parse the history only up to that date.

4See scale in Appendix A.
5Absolute difference in bytes with the previous contribu-

tion, where negative differences are divided by two, with a
minimum value of one.

The clean articles are split into paragraphs
(based on empty lines) and into sentences (using
NLTK (Bird and Loper, 2004)).
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Figure 2: Dialect distribution in OcWikiDialects.
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Figure 3: Distribution of self-declared Occitan profi-
ciency levels in OcWikiDialects articles. As #first, we
report the number of articles per user-declared Occitan
level when considering the first non-empty contribu-
tion, and as #max, the number when considering the
maximum level over the article’s history. Bar labels
correspond to #max.

The resulting OcWikiDialects dataset contains
7,292 articles with a dialect label, comprising ap-
proximately 57k paragraphs, 290k sentences, and
4M tokens.6 Dialect labels have ten possible values,
six of them corresponding to the usual high-level
Occitan varieties (Auvergnat (AUV), Gascon (GAS),
Limousine (LIM), Languedocian (LAN), Provençal
(PRO) and Vivaroalpine (VIV)), two correspond-
ing to local, very distinct varieties (Aranese (ARA),
linguistically closer to Gascon, and Niçard (NIC),
linguistically closer to Provençal), and the last two
corresponding to transitional varieties between Oc-
citan and langues d’Oïl7 (Aguianese (AGUI) and
Marchese (MAR)). The dialect distribution pre-
sented in Figure 2 reveals that PRO and LAN are the

6Counts after splitting on whitespace and removing punctu-
ation (more frequent with the Markdown format). Paragraphs
and sentences containing only punctuation are ignored.

7A continuum of northern Romance varieties, encompass-
ing standard French and multiple regional varieties.
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most frequently assigned labels (ca. 2k articles),
closely followed by GAS. Notably, PRO articles
are substantially longer on average than those in
the other classes, resulting in PRO being the most
represented variety in terms of token count, with
over 2M tokens. Moreover, even if dialects AUV

and VIV are under-represented in OcWikiDialects,
Table 2 shows that the number of samples for these
dialects surpasses by far that of other datasets, en-
abling more reliable evaluations on these varieties.

Out of 1249 active users, only 35 declared a
dialect in their user page (see Figure 5 in Ap-
pendix B.1), with values only for the five most
represented dialects in the dataset. Yet, we ob-
serve that over 90% of articles labelled as PRO

were edited at least once by one of the 8 active
users declaring this dialect.

Our analysis of user-declared Occitan levels (see
Figure 3) shows that almost all articles were created
by users with a level either unknown or interme-
diate. However, when considering the maximum
level across contributions for each article, a clear
shift towards high levels is visible, especially as
almost 47% of articles were edited by a user of
level 4 (near-native ability) or above, whereas the
ratio of articles with an unknown level drops from
52% (#first) to 6% (#max).

Additional analyses in Appendix B.2 show that
bots are frequent authors of small contributions,
suggesting a limited impact on the textual contents
of the dataset. Nevertheless, a seemingly important
proportion of articles in OcWikiDialects concern
municipalities with very similar patterns and tem-
plates (see excerpts in Table 1). This lack of topic,
style and syntactic diversity could have a nega-
tive impact on downstream NLP applications, as
observed by Lambrecht et al. (2022) in Machine
Translation experiments on dialect-labelled articles
of the Alemannic Wikipedia.

4 Occitan Dialect Identification (OCDI)
Experiments

4.1 Methodology

We train OCDI model baselines using three com-
plementary modelling approaches, each providing
benefits relevant to specific application scenarios.

SVM We combine n-grams of characters (2-
5) and full words (unigrams), vectorised with
TF-IDF, to train a linear SVM classifier using

scikit-learn (Pedregosa et al., 2018).8 The
learned features provide the most straightforward
basis for interpretability.

FastText We choose this type of model as it
usually provides very good results as well as the
fastest inference (Fedorova et al., 2025; Suarez
et al., 2026). We train a classifier based on Fast-
Text embeddings pretrained on Occitan data. For
the embeddings, we compare results obtained when
using existing vectors trained on Occitan data from
Common Crawl and Wikipedia (CC)9 (Grave et al.,
2018), or when training a new embedding model.

BERT We fine-tune mBERT-cased10 and
mBERT-uncased11 models (Devlin et al., 2019),
multilingual Transformer (Vaswani et al., 2017)
encoders that were pretrained partly on Occitan
data, and oc-mBERT,12 the result of continued
pretraining mBERT-cased specifically on Occitan
data (Hopton and Aepli, 2024).

Hyperparameters for each type of model are de-
scribed in Appendix D.

We evaluate models using accuracy, recall, pre-
cision and F1 metrics, for each dialect and macro-
averaged per dialect class. As we train and evaluate
separately on datasets that contain differing sets of
labels (see Table 2), at test time we group predicted
labels that are absent from the test set under a single
“other” label, to avoid over-penalising these predic-
tions when computing macro-average scores.

To enable comparison in settings where source
datasets differ in both class sets and sample distri-
butions, we report the theoretically expected per-
formance of a random-label baseline. This base-
line assigns labels uniformly at random to samples,
resulting in a fixed per-class recall equal to the in-
verse of the number of classes, while the precision
for each class corresponds to its empirical preva-
lence in the test set (i.e., the number of samples of
that class divided by the test set size).

4.2 Data

We use the following dialect-labelled datasets to
train and evaluate the models on the OCDI task:

8https://scikit-learn.org/stable/modules/
generated/sklearn.svm.LinearSVC.html

9https://fasttext.cc/docs/en/crawl-vectors.
html

10https://huggingface.co/google-bert/
bert-base-multilingual-cased

11https://huggingface.co/google-bert/
bert-base-multilingual-uncased

12https://huggingface.co/zhopto3/oc_mbert
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LAN Menèrba es una comuna lengadociana situada dins lo departament d’Erau.
PRO Barcilona es una comuna provençala situada dins lo departament deis Aups d’Auta Provença.
NIC Lo Puget Tenier es una comuna d’Occitània, dins lo departament dei Aups Maritims.
VIV Chastelnòu de Bordeta es una comuna occitana de Daufinat situaa dins lo departament de Droma.
AUV Mauriac z-es ’na comuna d’Auvèrnhe ; z-es administrada pel departament delh Chantal.

LIM
Lo dolmen situat entre lo vilatge de la Valada e la D 979 fuguet fortament ’bimat en 1862 e completament
destruch en 1902.

GAS
Biriato qu’ei ua comuna de la província tradicionau de Labord, administrada peu departament deus Pirenèus
Atlantics dens la region de Navèra Aquitània.

ARA Les ei ua vila e municipi dera Val d’Aran, en eth terçon de Quate Lòcs, ath marge deth riu Garona.

Table 1: Excerpts from OcWikiDialects with some elements of dialectal variation in bold, as compared to LAN.
Translations are available in Appendix C.

Dialect WIKI TTB CONGRES SOFT FORUM CONCAT

Tr D Te Tr D Te Tr D Te Tr D Te Tr D Te Tr D Te

LAN 14575 507 501 615 61 437 9592 500 500 72119 500 500 1410 381 250 98311 1949 2188
GAS 13383 467 500 134 18 103 6821 500 500 103 102 204 1594 242 250 22035 1329 1557
PRO 17985 509 508 45 0 32 59 60 119 666 500 500 704 86 250 19459 1155 1409
LIM 1723 500 503 36 0 41 67 68 135 61 61 122 3619 291 250 5506 920 1051
AUV 2787 512 501 0 0 0 11 12 24 39 39 78 0 0 0 2837 563 603
NIC 127 145 274 0 0 0 0 0 0 861 500 500 0 0 0 988 645 774
VIV 223 223 414 0 0 0 9 10 18 39 40 78 0 0 0 271 273 510
ARA 57 58 122 0 0 0 15 16 32 0 0 0 0 0 0 72 74 154

CONCAT 50860 2921 3323 830 79 613 16574 1166 1328 73888 1742 1982 7327 1000 1000 149479 6908 8246

Table 2: Number of samples in each dataset and split (Tr = train, D = development, Te = test), with distributions per
dialect label.

• OcWikiDialects (WIKI),13 8 dialect labels.
Article-level labels were projected onto
paragraph-level samples.

• Tolosa Treebank14 (TTB) (Miletic et al., 2020),
4 dialect labels. Document-level labels were
projected onto sentence-level samples.

• ForumOccitania (FORUM) (Nédey et al.,
2025), 4 dialect labels. User dialects were pro-
jected onto post-level anonymised samples.

• CONGRES: the deduplicated concatenation of
corpora Lo Congrès Websites15 and Lo Con-
grès News16, 7 dialect labels. 17 Document-
level labels were projected onto sentence-level
samples.

• SoftwaresOccitanTranslations18 (SOFT), 7 di-
alect labels. Document-level labels were pro-
jected onto sentence-level samples.

We use the existing train/dev/test splits for TTB

and FORUM and create splits for the other corpora.
13AGUI and MAR were excluded due to insufficient data.

The version of the dataset used for the experiments does not
include articles created after 2025-08-01.

14From UD 2.17. https://universaldependencies.
org/treebanks/oc_ttb/index.html

15https://zenodo.org/records/12192029
16https://zenodo.org/records/8411197
17Cisalpine was excluded due to insufficient data.
18sic. https://zenodo.org/records/8411351

The dev and test sets are built by iterating over
dialect subsets without exceeding 500 or 50% of
samples for each dialect, in order to produce fairly
balanced test sets, in terms of dialects and domains.
We use paragraph-level samples for OcWikiDi-
alects, and do not mix articles between splits. We
concatenate all sources (WIKI, TTB, FORUM, CON-
GRES and SOFT) with their splits into CONCAT.

Our FastText embedding model is trained on
the concatenation of CONCAT-train and the fol-
lowing datasets: NLLB19 (Costa-jussà et al.,
2024), OcWikiDisc20 (Miletic and Scherrer, 2022),
FineWiki21 (Penedo, 2025), FineWeb222 (Penedo
et al., 2025), and Tatoeba.23

In order to assess the importance of preprocess-
ing on the OCDI task, we train our models sepa-
rately on raw text and on preprocessed texts. The
chosen preprocessing steps take into account the
presence of User-Generated Content in ForumOc-
citania. First, we remove URLs and emails, then
we convert accents to their ASCII equivalent. Se-
quences of three or more of the same character

19https://huggingface.co/datasets/allenai/nllb.
We use the Occitan samples with a LID score ≥ 0.8.

20https://zenodo.org/records/7079580
21https://huggingface.co/datasets/

HuggingFaceFW/finewiki
22https://huggingface.co/datasets/

HuggingFaceFW/fineweb-2
23https://opus.nlpl.eu/Tatoeba/oc&fr/

v2023-04-12/Tatoeba (Tiedemann, 2012)
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are normalised into a single one. Finally, we re-
move punctuation and numbers, and we turn the
remaining text to lowercase.

4.3 Results and Discussion

Results in Table 3 show that our pretrained Fast-
Text vectors increased the overall macro-F1 by
4.48 points. Similarly, our BERT classifier fine-
tuned from oc-mBERT performed better than the
original mBERT-cased pretrained model, and also
slightly better than the mBERT-uncased model (see
Table 4).

While preprocessing is usually recommended
to prevent overfitting on irrelevant features when
training language identification models (Fedorova
et al., 2025; Sousa et al., 2025), our experiments
on domain-specific and multi-domain data resulted
in lower or similar performance when using it, as
shown in Table 5. The rest of our analysis will
therefore focus only on models trained and eval-
uated on non-preprocessed datasets, and adapted
from the pretrained FastText vectors and BERT
model that resulted in the best performance scores.

FastText vectors F1 Recall Precision Accuracy

CC 47.11 45.30 69.25 62.70
Ours 51.59 49.30 70.39 65.95

Table 3: Results of FastText OCDI models depending on
the pretrained vectors used. Training set: CONCAT-train.
Test set: CONCAT-test. Except for accuracy, scores are
macro-averaged over dialect classes.

Pretrained model F1 Recall Precision Accuracy

mBERT-cased 54.51 50.78 75.99 65.69
mBERT-uncased 57.89 53.66 77.64 67.89
oc-mBERT 58.15 54.27 78.49 66.61

Table 4: Performance depending on the pretrained
BERT model, fine-tuned on CONCAT-train and tested
on CONCAT-test. Except for accuracy, scores are macro-
averaged over dialect classes.

Model type w/ prep w/o prep

SVM 53.47 55.45
FastText 51.54 51.59
BERT 54.84 58.15

Table 5: F1 scores macro-averaged, comparing ap-
proaches with and without text preprocessing, fine-tuned
on CONCAT-train and tested on CONCAT-test.

Model type F1 Recall Precision Accuracy Time

Random baseline 11.32 12.50 12.50 12.50 -
SVM 55.45 52.12 72.32 67.05 3
FastText + our vectors 51.59 49.30 70.39 65.95 0.01
oc-mBERT 58.15 54.27 78.49 66.61 192

Table 6: Performance of models trained on CONCAT-
train and evaluated on CONCAT-test, without prepro-
cessing. Recall, precision and F1 scores are macro-
averaged. Best score for each column is indicated in
bold. Time corresponds to the average runtime per sam-
ple, expressed in milliseconds, measured on an 13th
Gen Intel Core i7-1370P CPU. For oc-mBERT, time is
measured on 1000 random samples from CONCAT-test
instead of the full test set.

Performance scores in Table 6, obtained from the
evaluation on CONCAT-test, report a macro-average
F1 score of 11.32 for the random baseline, which is
surpassed by all models trained on CONCAT-train.
The best F1 score of 58.15 is achieved with the
BERT model, which corresponds to an accuracy
of 66.61. Performance using the SVM classifier is
lower with 55.45 F1, and the lowest using FastText,
with 51.59.

While these scores are low, we expect our eval-
uation methodology to underestimate the systems’
performance, due to the projection of single labels
from original documents onto the samples, which
hides situations where a same text could be valid in
more than one variety, especially for shorter texts.

A more in-depth analysis of results indicates per-
formance disparities between dialects and models
(see Table 7). Dialects that are under-represented
in the training data (ARA, VIV, NIC) tend to have
higher a precision (up to 91.76 for ARA) and
a lower recall (only 19.51 for NIC) than bigger
classes. As shown in Figure 4, this is due to the
over-prediction of the larger classes, especially
LAN, which gets a 91.86 recall, and only a pre-
cision of 59.10 with oc-mBERT. In usage cases
where recall is preferred over precision (e.g. data
mining), we recommend using the best-performing
model in terms of recall per Occitan variety, rather
than a single model across dialects: SVM for AUV,
GAS, NIC, and VIV, FastText for GAS and LIM, and
oc-mBERT for ARA, LAN and PRO.

The analysis of dialect-specific features ranked
by the SVM weights (see Table 8) reveals that
some numbers and punctuation are incorrectly over-
weighted, and that the model is biased with features
related to names of languages (like ‘aran’ for class
ARA). However, some important features of each
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Model ARA AUV GAS LAN LIM NIC PRO VIV

P R P R P R P R P R P R P R P R

Random baseline 1.87 12.50 7.31 12.50 18.88 12.50 26.53 12.50 12.75 12.50 9.39 12.50 17.09 12.50 6.18 12.50
SVM 85.29 18.83 62.30 37.81 76.49 83.82 60.22 89.03 81.83 70.69 88.16 27.91 60.11 67.49 64.12 21.37
FastText 86.36 12.34 66.21 32.17 75.61 83.82 60.49 90.40 79.06 71.84 86.38 23.77 57.18 66.15 51.82 13.92
oc-mBERT 91.76 50.65 79.69 33.83 77.37 82.15 59.10 91.86 76.50 66.60 88.82 19.51 58.22 68.35 96.43 21.18

Table 7: Precision (P) and recall (R) per dialect for each model trained on CONCAT-train and evaluated on CONCAT-
test. Best score for each column is indicated in bold.

dialect stand out in the learned features, such as the
lexical variant ‘dab’ (with) specific to GAS, the non-
vocalised ‘l’ at word ending in LAN (as in ‘sul’ on
the), the aphaeresis of [a] in LIM (e.g. ‘quò’ this),
the muting of intervocalic [d] in VIV (as in ‘poètz’
you can), or the variant ‘lu’ for the masculine plural
definite article in NIC. However, we notice that the
character n-gram features ‘ou’ and ‘ì’ correspond
to the so-called mistralian writing norm. While
this norm seems to be used only for quotes and
explanations in the Occitan Wikipedia, their over-
weighted association to NIC is problematic as this
writing norm is not restricted to only this Occitan
variety; in fact it is also used frequently by PRO

speakers.

Dialect Features

ARA aran determinants referéncies der comandar mès lesan
galin telediario substantius

AUV
delh cercar pueis 3,45 z-es 982 dreita 26,43 favier
20,17

GAS dens dab ei shens mei ua au deu dreta 2019

LAN sense del sul ∅,∅ l∅ ambe ∅, aude ièr iè

LIM maires daus quò queu ’na ente quo quel 833 quela

NIC ou à∅ lu caracter adressa ligna statut recerca da ì∅

PRO lei deis ò leis dau dei direccions #∅ premiera ∅1

VIV internes recèrcha poètz aa navigaor pechon predefinia
segua mas mesmes

Table 8: Top 10 learned features per dialect for the
SVM model without preprocessing. Word features are
highlighted in blue , and character n-gram features in
green . Word boundaries are indicated with ∅.

From the results of models trained on a single
data source (cf. Table 9), the best macro-F1 scores
are obtained by models trained and evaluated on
only four classes, i.e. TTB and FORUM. Out of
the two, all three models trained on FORUM exhibit
larger performance gaps on TTB-test compared to
the TTB models evaluated on FORUM-test, suggest-
ing potential overfitting of the FORUM models, even

if scores on TTB-test are within the range of scores
with the same-source model. Models trained on
CONGRES and SOFT (with similar sets of seven la-
bels) display a low performance on the OCDI task
in general, and a clear drop of performance out-of-
domain on the test sets with seven or eight labels,
with some scores that are close to the random base-
lines, or even lower for two out of the three models
trained on SOFT and evaluated on WIKI. Possible
reasons for these drops are the very specific and
technical domain of SOFT, a large class imbalance
in the training datasets, and for CONGRES, a very
low number of samples apart from the LAN and
GAS classes. Models trained on WIKI obtain the
best results when evaluated in-domain, and often
surpass performance of other single-source models
in the out-of-domain evaluation settings. Scores
on SOFT-test are similar to those obtained with
the same-source models, and for CONGRES-test,
WIKI models reached a better performance than the
same-source ones. Training on the concatenated
datasets results in higher scores across test sets, as
the CONCAT models obtained the best scores on
three test sets (CONCAT, CONGRES and SOFT), and
second or third rank otherwise. Also, the macro F1
scores on CONCAT-test are higher for the CONCAT

models than for the WIKI ones, showing that aug-
menting both the quantity of data and the diversity
of domains has an impact on the OCDI task.

In order to assess the impact of our dataset
OcWikiDialects on the OCDI task, we performed
an ablation study comparing models trained on
the full concatenation of available training data
(CONCAT) with models trained on the same data
excluding WIKI-train (CONCATNOWIKI). Evalua-
tion was performed on the CONCAT-test set in both
settings. As shown in Table 10, the inclusion of
OcWikiDialects results in substantial performance
gains, with improvements of up to 23.48 macro
F1 points for the oc-mBERT model. This impact
is particularly pronounced for the rarer classes, as
shown when comparing the confusion matrices in
Figure 4: while the oc-mBERT model trained with-
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(a) CONCAT-train

(b) CONCATNOWIKI-train

Figure 4: Confusion matrices for the oc-mBERT mod-
els fine-tuned from CONCAT-train (top) or CONCAT-
NOWIKI-train (down), without preprocessing, and eval-
uated on CONCAT-test.

out OcWikiDialects never predicts the rarer classes
ARA, AUV and VIV, incorporating the WIKI sam-
ples to the training leads to more frequent predic-
tions of these labels, and results in higher recall
across all classes except LAN, while also reducing
over-prediction of the LAN label (i.e. improving
precision).

5 Conclusion

In this paper, we introduce a new corpus OcWikiDi-
alects, comprising over 7k articles (4M tokens)
from the Occitan Wikipedia, segmented into para-
graphs and sentences. In doing so, we contribute to
increasing the amount of dialect-labelled Occitan
data, necessary to increase the visibility of Occitan
variation as a non-standard language in datasets
for NLP. Metadata from revision histories and user
pages included in the dataset enabled us to label

Trainset
and model

Testset
CONCAT WIKI CONGRES SOFT TTB FORUM

Random baseline 11.32 12.07 10.59 12.52 19.08 25.00

CONCAT-train
SVM 55.45 56.15 42.74 42.33 60.57 68.98
FastText 51.59 51.27 39.27 39.45 62.42 67.85
oc-mBERT 58.15 57.72 59.15 43.91 56.79 70.22

WIKI-train
SVM 53.61 60.21 44.81 31.99 44.16 57.61
FastText 49.23 49.86 43.01 34.71 57.67 66.06
oc-mBERT 48.12 53.18 50.45 31.67 45.99 52.37

CONGRES-train
SVM 20.45 15.98 38.33 14.21 33.29 36.77
FastText 24.01 16.63 37.46 15.60 37.51 43.14
oc-mBERT 20.71 18.48 33.24 16.66 37.66 48.32

SOFT-train
SVM 20.57 11.52 15.00 39.35 25.60 20.02
FastText 19.42 9.06 19.86 30.18 38.52 38.41
oc-mBERT 24.44 14.21 26.16 31.17 42.22 45.70

TTB-train
SVM 20.92 17.56 28.27 17.48 66.66 47.36
FastText 26.00 19.71 32.86 25.23 73.19 68.85
oc-mBERT 15.48 11.23 22.73 14.20 46.38 36.36

FORUM-train
SVM 29.11 26.90 36.36 22.21 53.82 88.93
FastText 32.66 28.91 41.63 31.35 71.38 89.01
oc-mBERT 29.22 26.11 37.29 22.14 63.95 86.62

Table 9: F1 scores on individual test sets for each model
based on its training dataset and type. Best score for
each test set is marked in bold. We warn the reader
about the non-comparability of scores between most
columns, as the number of labels differs between the
test sets.

W C −W

F1 F1 Recall Precision Acc.

SVM 36.94 +18.51 +15.52 +16.46 +11.70
FastText 35.70 +15.89 +13.20 +16.63 +10.38
oc-mBERT 34.67 +23.48 +17.39 +17.92 +9.25

Table 10: Performance gaps between models trained on
CONCAT-train (C) or on CONCATNOWIKI-train (W ),
and evaluated on CONCAT-test. Except for accuracy
(Acc.), scores are macro-averaged over dialect classes.

articles with ten Occitan varieties and allowed us
to carry out in-depth analyses of user-declared pro-
ficiency levels and bot contributions.

We used this dataset in combination with pre-
viously published dialect-labelled corpora to train
Occitan dialect identification (OCDI) models in
single-domain and multi-domain settings to dis-
criminate between up to 8 dialects. Our approaches
include n-gram based SVM classifiers, FastText
classifiers based on pretrained vectors, and fine-
tuned BERT models. Results favour the fine-tuned
oc-mBERT model without text preprocessing, with
a macro-average F1 score of 58.15 and fairly bal-
anced scores across domains. However, perfor-
mance differs between dialect classes, with low
recall scores for less represented dialects, and low
precision scores for the over-represented classes
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which tend to be over-predicted, especially Langue-
docian. Future work should therefore prioritise the
development of additional resources for underrep-
resented Occitan varieties.

We release models from all three main ap-
proaches (SVM, FastText, BERT), as they have
different advantages, in particular interpretation of
predictions, inference speed and overall accuracy,
and we hope that our new dataset and OCDI models
will foster more dialect-aware NLP research and
applications for the Occitan language.

Limitations

The models presented in this paper are meant as
baselines for future research on the topic of Occi-
tan Dialect Identification, with several limitations
that may restrict their suitability in certain settings,
especially when a high confidence is required.

Beside a limited performance described in this
paper, in particular for underrepresented Occitan
varieties (Section 4.3), we did not train our models
to predict a class ‘other’ when prompted with texts
from other varieties, closely related to Occitan (e.g.
Croissant transitional dialects) or not (e.g. French
or Italian).

Furthermore, the datasets used in this study only
contain texts in the classical spelling, except for
the Niçard subset of SoftwaresOccitanTranslations
which contains both samples in classical and mis-
tralian norms. Therefore, using our models on texts
written with the mistralian norm might lead to bi-
ased predictions towards the Niçard label.

Assessing performance in a multi-domain set-
ting enhances the reliability of results, however the
test samples have been selected automatically from
the available datasets without removing irrelevant
samples such as bibliography entries with titles in
languages other than Occitan. Manual annotation
of the test samples by Occitan specialists could be
particularly relevant to improve the quality of test
sets, and also to move towards a multi-label classi-
fication task where the samples might be valid in
multiple varieties.
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A Scale of Occitan Proficiency Levels

The Occitan language proficiency levels used in
OcWikiDialects correspond to the Babel scale de-
fined by Wikimedia Commons.24, with the follow-
ing definitions to which we add level ‘None’:

• ‘None’ means that no Occitan level was found
in the user page

• 0 indicates someone who does not understand
the language.

• 1 stands for basic knowledge: the ability to
understand and answer simple questions in the
language.

• 2 stands for intermediate knowledge.

• 3 stands for advanced or fluent knowledge:
the ability to correct spelling and grammar
errors in the language.

• 4 stands for near-native ability.

• 5 stands for professional proficiency.

• N stands for native language.
24https://commons.wikimedia.org/wiki/Commons:

Babel Consulted on 2025-12-30.
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B Additional Statistics from Dataset
OcWikiDialects

B.1 Dialects Distribution
Figure 5 shows the distribution of dialect tags de-
clared in articles and in user pages.
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Figure 5: Distribution of article dialect tags (#articles)
and user-declared dialects (#users, only active users) in
OcWikiDialects, and number of articles per dialect for
which at least one contribution was made by a user of
the same dialect (#udmatch).

B.2 Bot Contributions
Regarding the role of the 135 active users detected
as bots, they have been used to create 13% of the
articles in the dataset and 41% of the total contri-
butions. However, this ratio drops to 14% when
considering only contributions with at least +100
bytes (based on the difference before and after),
and to 8% for the first non-empty contributions25

authored by a bot.

C Excerpts from OcWikiDialects

Table 11 shows a few excerpts from the dataset
OcWikiDialects with their translations into En-
glish.

D Hyperparameters

For SVM models, the impact of class imbalance
is reduced by setting the class_weight option to
“balanced”. Features occurring in only one sample
(min_df) or in more than 90% of the training data
(max_df) are ignored.

For FastText, our embedding skipgram model
has the same dimension of 300 than the CC vec-
tors, and is trained for 5 epochs with a learning
rate of 0.05. The classification layer is trained for
20 epochs with a hierarchical softmax loss and a
learning rate of 0.1. In preliminary experiments we

25For each article, we consider the earliest revision with at
least 100 bytes.

found that using word unigrams for the OCDI task
results in performance that is better than or similar
to using word bigrams.

For BERT models, we use a learning rate of 1e-5
with linear scheduling and AdamW optimiser, an
effective batch size of 64. Each model is trained
for 50 epochs with 0.2% of the total steps (i.e. 1%
of the training set) used for warmup and early stop-
ping with a patience of 10.
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LAN
Menèrba (Minerve en francés) es una comuna lengadociana situada dins lo departament d’Erau e la region d’Occitània,
ancianament de Lengadòc-Rosselhon.
Menèrba (Minerve in French) is a Languedocian municipality located in the Hérault departement and the Occitania
region, formerly Languedoc-Roussillon.

PRO
Barcilona o benlèu Barciloneta (Barcelonnette en francés) es una comuna provençala situada dins lo departament deis
Aups d’Auta Provença e la region de Provença-Aups-Còsta d’Azur.
Barcilona or maybe Barciloneta (Barcelonnette in French) is a Provence municipality located in the Alps of Upper
Provence departement and Provence-Alpes-Côte d’Azur region.

NIC
Lo Puget Tenier (Lou Puget-Teniés en nòrma mistralenca; Puget-Théniers en francés) es una comuna d’Occitània, dins
lo País Niçard e lo departament dei Aups Maritims.
Lo Puget Tenier (Lou Puget-Teniés in the mistralian norm; Puget-Théniers in French) is a municipality of Occitania, in
the County of Nice and the departement of Maritime Alps.

VIV
Chastelnòu de Bordeta (Châteauneuf-de-Bordette en francés) es una comuna occitana de Daufinat situaa dins lo
departament de Droma e la region d’Auvèrnhe-Ròse-Aups, ancianament de Ròse-Aups.
Chastelnòu de Bordeta (Châteauneuf-de-Bordette in French) is an Occitan municipality of Dauphiny located in the
Drôme departement and the Auvergne-Rhône-Alpes region, formerly Rhône-Alpes.

AUV
Mauriac (Mauriac en francés) z-es ’na comuna d’Auvèrnhe ; z-es administrada pel departament delh Chantal de la region
d’Auvèrnhe-Ròse-Aups, ancianament d’Auvèrnhe.
Mauriac (Mauriac in French) is an Auvergnat municipality ; it is administrated by the Cantal departement of Auvergne-
Rhône-Alpes region, formerly Auvergne.

LIM
Lo territòri de la comuna de Sent Deunis fuguet ’bitat desjà la Preïstòria. Ne’n tesmonha lo dolmen situat entre lo vilatge
de la Valada e la D 979, qui fuguet fortament ’bimat en 1862 e completament destruch en 1902.
The territory of Sent Deunis municipality was already inhabited during Prehistory. This is testified by the dolmen located
between the village of La Valada and the D 979 [road], which was strongly damaged in 1862 and completely destroyed
in 1902.

GAS
Biriato (Biriatu en basco, Biriatou en francés) qu’ei ua comuna de la província tradicionau de Labord, administrada peu
departament deus Pirenèus Atlantics dens la region de Navèra Aquitània, ancianament d’Aquitània.
Biriato (Biriatu in Basque, Biriatou in French) is a municipality of the traditional province of Labord, administrated by
the Pyrénées Atlantiques department in New Aquitaine region, formerly Aquitaine.

ARA Les (en catalan: Lés) ei ua vila e municipi dera Val d’Aran, en eth terçon de Quate Lòcs, ath marge deth riu Garona.
Les (in Catalan: Lés) is a city and municipality of the Val d’Aran, in the district of Quate Lòcs, along the Garonne river.

Table 11: Excerpts from OcWikiDialects with their translation into English.
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Abstract

The development of accurate syntactic parsers
remains a challenge for low-resource languages.
To overcome it, the literature has proposed
leveraging syntactic annotations from typologi-
cally related languages. This work investigates
the viability and adequacy of this approach
for Galician, evaluating the use of annotations
from major Romance languages as source data.
Our methodology extends beyond standard au-
tomatic evaluation to incorporate a detailed er-
ror analysis, which precisely quantifies the ef-
fects of multilingual training and assesses the
practical scalability of the method. The results
establish the necessity of embedding models
for effective cross-lingual transfer and demon-
strate that even languages not particularly close
can yield adequate parsers. This work con-
firms the benefits of cross-lingual data augmen-
tation while delineating its scalability limits.
Furthermore, the error analysis identifies spe-
cific, typologically conditioned grammatical
dependencies that remain persistent challenges
for accurate dependency parsing.

1 Introduction

Galician is a Romance language spoken in the
southwestern part of the Iberian Peninsula, with
approximately 2.4 million speakers. It is the offi-
cial language of the region of Galicia, alongside
Spanish. Like many other minoritized languages,
it faces significant challenges in developing lan-
guage technologies, primarily due to a scarcity of
data and resources. This scarcity is a particularly
critical challenge in the field of syntax parsing, the
focus of this work, as it requires costly, expert hu-
man annotation to develop high-quality systems.

To address this data scarcity, we focus on Gali-
cian’s membership in the Romance language fam-
ily. Other major languages in this family, such
as Portuguese, French, and Spanish, benefit from
abundant human-annotated data for parser devel-
opment (Nivre et al., 2020). Building on this, our

work investigates methods for combining data from
these languages with Galician data to leverage their
syntactic similarities and, consequently, develop
more accurate syntactic parsers.

1.1 Goal
This work investigates the effects of combining
syntactic annotations from different languages, fo-
cusing on Galician. We aim to identify the most
effective source languages for Galician and analyze
the specific parsing errors that are introduced or re-
solved by incorporating data from other languages.
To guide this investigation, we base our work on
two research questions:

1. RQ1: Typological Proximity. What is the
minimum degree of typological proximity re-
quired between Galician and a source lan-
guage to improve syntactic parsing perfor-
mance?

2. RQ2: Error Analysis. What are the most
prominent syntactic dependency errors in the
resulting parsers? To what extent can these
errors be attributed to (a) inherent treebank
structure, (b) specific language combinations,
or (c) the use of cross-lingual embedding mod-
els? Furthermore, do these factors primarily
exacerbate or mitigate specific error types?

Ultimately, this work aims to propose guidelines
for constructing more accurate Galician syntactic
parsers. Although focused on a single language, the
core approach—leveraging typological proximity
within a language family—provides a reproducible
framework for improving parsing systems for other
low-resource languages (Dione, 2021).

This paper proceeds as follows. We first survey
related work in Section 2. Section 3 describes our
methodology, the results of which are discussed
in Section 4. We present the final conclusions in
Section 5 and the limitations in Section 6.
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Language Nb. Tr. Nb. Sent. UAS/LAS
English 13 97,896 96.8 / 94.4
Portuguese 7 82,183 96.5 / 95.2
Italian 11 42,297 95.8 / 93.8
Basque 1 8,993 88.2 / 85
Galician 3 5,993 86.8 / 82.3
Welsh 1 2,717 88.4 / 82.6

Table 1: Syntax parsing resources of languages. Respec-
tively, the number of treebanks in UD, the sum of the
total number of sentences of them and the highest UAS
and LAS obtained by each language with the default
UDPipe 2 models (version of 2025).

2 Related Work

Linguistically, the majority of modern syntactic
parsers are based on dependency parsing. The Uni-
versal Dependencies (UD) project, a large-scale
collection of treebanks, has been instrumental in
the widespread adoption of this framework. UD
provides treebanks for over 178 languages and
has significantly contributed to the standardization
of annotation guidelines, ensuring cross-linguistic
consistency (de Marneffe et al., 2014).

Grounded in Universal Dependencies, several
dependency parsers have been successfully de-
veloped using machine learning techniques, in-
cluding UDPipe (Straka and Straková, 2017) and
Stanza (Qi et al., 2020). Subsequently, the rise of
multilingual parsers like UDify (Kondratyuk and
Straka, 2019) and the creation of algorithms such as
TOWER (Glavaš and Vulić, 2021) to combine an-
notations from different languages were important
milestones in the field’s development. Furthermore,
some authors have proposed using embeddings as
input to parsers instead of raw text, demonstrating
the positive effects of this approach (Adelmann
et al., 2021).

The Large Language Model revolution in recent
years has also influenced the field; some authors
have employed them to create synthetic training
data (Zhang et al., 2024), while others have used
them directly as parsers (Ezquerro et al., 2025).
Some research has suggested that LLMs are ca-
pable of achieving state-of-the-art performance in
dependency parsing, at least in some languages
(Hromei et al., 2024). However, it is important
to note that some authors have found significant
performance gaps of LLMs between high- and low-
resource languages in common NLP tasks such as
translation (Court and Elsner, 2024) or annotation

Parser UAS LAS Innovations
UDPipe2 78.66 74.25 Graph-based neural

architecture

UDify 84.08 76.77 Multilingual parser

Stanza 77.27 71.86 Bi-LSTM parser

Tower 77.57 66.87 Hierarchical
clustering

Sarym. 89.03 85.30 Mixture of languages,
embeddings

Table 2: Performance of various models in Galician.
The rows follow a chronological order. Scores were
obtained by parsing the TreeGal treebank.

(Jadhav et al., 2025), which may also be the case
for dependency parsing in low-resource languages.

With regard to low-resource languages, the
lack of manual syntactic annotations has tradi-
tionally hindered the training of accurate parsers
(Taghizadeh and Faili, 2022). To address this prob-
lem, previous work has proposed using annotations
from other languages by means of different types
of transfer learning (Ghiffari et al., 2023). Table
1 compares the available resources for each lan-
guage in Universal Dependencies. Note that the
major languages have a considerably larger number
of annotated sentences; thus, their parsers achieve
considerably higher scores on standard metrics, in-
dicating better performance.

Universal Dependencies has released three Gali-
cian treebanks, two of which consist of manually
revised annotations: TreeGal (Garcia, 2016) and
PUD-gl (Sánchez-Rodríguez et al., 2024). It is
worth mentioning the treebank PUD-gl, which is
the Galician version of a parallel corpus available
in several languages; it was first published for the
CoNLL Shared Task of 2017 (Zeman et al., 2017).

Regarding dependency parsers for Galician, the
earliest systems were rule-based (Gamallo and
González, 2012). Subsequently, Galician was in-
cluded among the languages supported by UDPipe
2 (Straka, 2018), and further research has been con-
ducted to improve these parsers—most notably the
study by Sarymsakova et al. (2024). In that study,
the authors explored the use of annotations from
Portuguese and Spanish for data augmentation, as
well as the use of embeddings from several lan-
guage models, to develop more accurate parsers for
Galician. The present work takes that study as its
point of departure.
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3 Methods

This work uses UDPipe 2 (Straka, 2018) as the
basis for creating syntactic parsers, following the
approach of several previous studies (Lopes and
Pardo, 2024; Sarymsakova et al., 2024). In all
experiments, we provided the models with gold-
standard tokenization. All treebanks used for train-
ing were sourced from Universal Dependencies.
For the Galician treebanks PUD-gl and TreeGal, we
split the sentences into three sets: from each tree-
bank, 800 sentences were assigned to the training
set, 50 to the development set, and 150 to the test
set. All other treebanks used in this work were em-
ployed exclusively as training data. We excluded
the Galician treebank Corpus Técnico do Galego,
CTG (Guinovart, 2017), because it contains semi-
automatically annotated data, unlike the manually
annotated treebanks used in this work.

In parallel, across all experiments we investigate
the impact of using embeddings as input to the
parsers. To this end, we generated embeddings us-
ing three language models: Bertinho (Vilares Calvo
et al., 2021), BertGL (Garcia, 2021), and XML-
Roberta (Conneau et al., 2020). In all cases we
have used the Base version of those models. The
first two are monolingual models trained on Gali-
cian, while the latter is a multilingual model. All
models were sourced from HuggingFace, and em-
beddings were calculated using the Wembedding
Service tool provided by UDPipe 2.

Evaluation was conducted consistently across all
experiments. First, we assessed the general perfor-
mance of the parsers using two standard automatic
metrics: Unlabeled Attachment Score or UAS (Eis-
ner, 1996) and Labeled Attachment Score or LAS
(Nivre et al., 2004). We placed greater emphasis on
the LAS metric due to its closer alignment with hu-
man judgments, as established in prior work (Plank
et al., 2015). Second, we performed a fine-grained
error analysis, disaggregating results by grammati-
cal dependency types to measure parser precision
for each specific relation. This approach allowed
us to describe in detail the impact of cross-lingual
data mixtures on parser performance and to pave
the way for future qualitative analyses. The follow-
ing subsections describe each experiment.

3.1 Impact of Typological Proximity

In this experiment, we trained parsers using sepa-
rate, monolingual datasets from Galician and other
languages, ensuring an equal number of sentences

per language without mixing data across languages
within a single training run. Our goal was to
confirm that using data from languages typolog-
ically close to Galician—even in the absence of
any Galician training sentences—can produce ef-
fective parsers, which should perform significantly
better than parsers trained on data from typologi-
cally distant languages. To this end, we selected
five high-resource languages representing a gra-
dient of typological proximity to Galician: Por-
tuguese and Spanish (both Ibero-Romance lan-
guages, the subgroup to which Galician belongs)1;
French and Italian (Romance languages outside
the Ibero-Romance subgroup); and German (a Ger-
manic, non-Romance language). Thus, the first
pair is phylogenetically closest to Galician, while
German is the most distant.

To conduct this experiment, we used the Paral-
lel Universal Dependencies (PUD) treebanks for
the five languages mentioned above. We selected
800 sentences from each language’s PUD treebank
and trained all models exclusively on this data.
For each language, we trained four models: three
models used the embeddings generated by each of
the three language models (Bertinho, BertGL, and
XML-Roberta) as input, and one baseline model
used no embeddings. All models were trained on
monolingual data (i.e., each model used data from
only one source language).

In line with the above, we created six distinct
training data partitions, each corresponding to a sin-
gle source language: G (Galician), P (Portuguese),
S (Spanish), F (French), I (Italian), and D (Ger-
man). These codes will be used in the following
sections to reference the corresponding partitions.

3.2 Comparison Between Treebanks

In this experiment, we compared parsers trained
on the two manually annotated Galician treebanks,
PUD-gl and TreeGal. The aim was to quantify the
impact of differences in annotation guidelines and
minor formatting conventions between treebanks,
even when they represent the same language. To
this end, we constructed two separate training sets
of 800 sentences each, one from each treebank.
For each set, we trained four parser variants: three
using embeddings from the respective language
models (Bertinho, BertGL, XML-Roberta) and one

1Galician and Portuguese are traditionally considered vari-
eties of the same language with different orthographies, while
Galician and Spanish, despite intense contact and a shared writ-
ing system, are distinct languages (Carvalho Calero, 1985).
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baseline model without embeddings. Finally, we
evaluated all trained parsers using the correspond-
ing 150-sentence test sets defined for each treebank
in the previous section.

3.3 Mixture of Languages
For this experiment, we created training partitions
by combining manual annotations from different
treebanks, thereby mixing languages. The purpose
was to study the parsing errors that are either in-
troduced or resolved as a direct result of this cross-
lingual data combination. Specifically, we created
four training partitions based on the PUD-gl Gali-
cian treebank. All partitions contained the core set
of 800 training sentences from PUD-gl. To this
core, we added sentences from other languages to
form the following four mixed-data conditions:

1. G+P: PUD-gl + Portuguese (800 Galician +
800 Portuguese sentences).

2. G+S: PUD-gl + Spanish (800 Galician + 800
Spanish sentences).

3. G+P+S: PUD-gl + Portuguese + Spanish (800
Galician + 400 Portuguese + 400 Spanish sen-
tences).

4. G+I+F: PUD-gl + Italian + French (800 Gali-
cian + 400 Italian + 400 French sentences).

All partitions consisted of 1,600 sentences each.
All trained parsers were evaluated on the 150-
sentence PUD-gl test set defined earlier. As in
previous experiments, we tested the impact of dif-
ferent embedding types (Bertinho, BertGL, XML-
Roberta, and no embeddings).

3.4 Scalability
As a final scalability experiment, we investi-
gated whether large, high-resource treebanks
from closely related languages could be used di-
rectly—without any pre- or post-processing—to
develop more precise parsers for Galician, thereby
addressing its data scarcity. For this purpose, we in-
corporated two additional large treebanks: CINTIL
(Portuguese) and AnCora (Spanish).

We constructed three training partitions. Each
partition contained the combined training sentences
from both Galician treebanks (800 from PUD-gl
+ 800 from TreeGal = 1,600 sentences). To this
Galician base, we added sentences from the large
external treebanks to create the following condi-
tions:

1. G+PP: Galician + CINTIL: 1,600 Galician +
2,400 Portuguese (CINTIL) sentences.

2. G+SS: Galician + AnCora: 1,600 Galician +
2,400 Spanish (AnCora) sentences.

3. G+PPSS: Galician + CINTIL + AnCora:
1,600 Galician + 1,200 Portuguese (CINTIL)
+ 1,200 Spanish (AnCora) sentences.

For each of the three data combinations, we trained
four parser variants (using the three embedding
types—Bertinho, BertGL, XML-Roberta—and one
baseline without embeddings). All models were
evaluated on the standard PUD-gl test set of 150
sentences.

4 Results

In this section we will present the results of the
experiments described in Section 3, followed by a
discussion of them.

4.1 Typological Proximity
UAS-LAS analysis. Figure 1 shows the UAS and
LAS scores achieved by parsers trained on different
language versions of the PUD treebank, all evalu-
ated on the Galician PUD-gl test set. The parsers
trained on Portuguese and Spanish data obtain UAS
scores very close to the parser trained on Galician
(within 2 and 4 points, respectively), though their
LAS scores are somewhat lower (5 and 12 points
difference). This proximity in performance is only
observed when using embeddings; without embed-
dings, the performance of parsers trained on Por-
tuguese (P) and Spanish (S) is significantly more
limited. For these two closely related languages,
the choice between monolingual and multilingual
embedding models has a minimal effect.

In contrast, for more typologically distant lan-
guages—Italian (I), French (F), and German
(D)—the type of embedding model matters sub-
stantially. When using the multilingual embed-
ding model, parsers trained on Italian and French
achieve UAS scores only 7 points below the
Galician-trained parser, compared to a 30–40 point
drop for parsers trained without embeddings. How-
ever, performance on the stricter LAS metric re-
mains more limited for all parsers trained on lan-
guages other than Galician.

Dependency-level analysis. Figure 2 visualizes
the error analysis for the trained parsers. Each
row corresponds to one of the 14 most frequent
dependency relations in the PUD treebank, and
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Figure 1: Performance of models trained in a sole language. Both images columns represent a different language on
which the parsers was trained and each row a distinct embedding model used by the parser.

each cell shows the precision of correctly inferred
dependencies for a given parser. In the row Others
we calculated the average of that proportion for all
other dependencies that were not represented in the
Figure, since the total amount of dependencies is
of 32.

The analysis reveals that certain dependencies
are consistently more difficult to parse across all
models, regardless of the source language or em-
bedding type. The most problematic relations are
the clausal modifier of noun (acl) and numeric
modifier (nummod), while oblique nominals (obl),
nominal modifiers (nmod), and nominal subjects
(nsubj) also exhibit high error rates despite their
high frequency. As expected, parsers trained on
other source languages struggle most with infre-
quent syntactic dependencies. For instance, even
when using embeddings, the precision gap between
the Galician-trained parser (G) and the Portuguese-
trained parser (P) is of 0.25 points. This gap widens
dramatically for more typologically distant lan-
guages.

Although embeddings generally improve perfor-
mance for all languages (noting that distant lan-
guages require multilingual embeddings), they en-
able competitive accuracy on some otherwise prob-
lematic dependencies for specific languages (e.g.,
determinants in Italian and Spanish, or oblique
nominals in Portuguese). In that sense, the Fig-
ure 2 shows that each source language tends to
accentuate specific error patterns. For instance,
parsers trained on Portuguese and French more
frequently misidentify oblique nominal (obl) and
nominal modifier (nmod) relations, whereas those
trained on Spanish and Italian show higher error
rates on direct objects (obj).

In summary, typological proximity has a

stronger positive effect on UAS than on the stricter
LAS. Portuguese and Spanish are sufficiently close
to Galician to train parsers of decent quality, with
results not far from those trained on Galician
data itself. Moreover, our experiments reveal a
clear performance gradient when using different
source languages to train parsers for a target lan-
guage. For Galician, Ibero-Romance languages
(Portuguese, Spanish) yield results closest to the
Galician-trained baseline. Other Romance lan-
guages (French, Italian) can achieve relevant per-
formance, but only when multilingual embeddings
are employed. Parsers trained on German data,
however, fail to achieve decent results even with
multilingual embeddings.

Notably, the performance gap between using
other Romance languages and using German is
substantially larger than the gap between Ibero-
Romance and other Romance languages. This
holds despite the fact that, for example, both French
and German are largely intelligible to Galician
speakers, suggesting that mutual intelligibility is a
poor proxy for parser transferability compared to
formal syntactic similarity.

4.2 Mixture of Languages

In this section we present the results of combining
diverse languages with Galician in the training of
parsers. The Table 3 ilustrates that results.

UAS and LAS improvements. As can be seen
in the Table 3, the improvements gained from mix-
ing languages are limited. The results obtained on
the PUD-gl test partition by models trained solely
on Galician (G) are similar to those obtained by
models trained with partition composed by multiple
languages (e.g., G+P or G+S). It is true that, when
no embedding models are used, language mixing
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Figure 2: Error analysis disaggregated by dependencies. The left image shows the precision of the parsers that use
embeddings (the maximum score obtained between the three models previously explained) and the right image the
scores obtained by the parsers without embeddings. Count indicates the number of occurrences of each dependency.

Parsers BglB XmlB NONE
G 93.0 | 89.5 92.0 | 88.7 87.8 | 83.5
G+P 93.1 | 89.5 93.0 | 89.8 88.0 | 84.9
G+S 93.3 | 90.1 92.6 | 89.3 89.3 | 84.8
G+P+S 93.1 | 89.9 92.4 | 89.0 87.8 | 84.7
G+I+F 92.4 | 89.2 92.4 | 89.2 87.9 | 83.6

Table 3: Results of language mixture in training. Each
row represent a different training partition -thus, a spe-
cific language mixture- and each column a different
embedding model. Each cell contains: UAS | LAS.

brings greater improvements: the gain between G
and G+S models is 0.3 in UAS when using Bert-GL
embeddings, and 1.5 when using no embeddings.

Mixing closely related languages does not intro-
duce noise into the training; results always improve,
even if only slightly. This is the case for Spanish
(G+S) and Portuguese (G+P) with Galician: mix-
ing either with Galician yields small but consis-
tent gains. Increasing the number of mixed lan-
guages also does not seem to add more noise to the
training, provided the added languages are them-
selves typologically close (Spanish and Portuguese,
G+P+S partition), although the improvements are
not greater either. However, as the typological
proximity of the mixed languages decreases, they
become noisier: combining Italian or French with
Galician yields poorer results than training with
Galician alone.

Dependency-level error analysis. The analy-

sis follows the trend observed with the automatic
metrics. When using embedding models, parsers
augmented with data from other languages rarely
surpass the performance of the parser trained exclu-
sively on Galician (G), and the observed gains are
limited to specific dependencies. It can be affirmed
that language mixing is generally unable to yield
substantial improvements for the problematic de-
pendencies identified in Section 4.1, as they remain
persistent challenges.

However, when embedding models are not used,
small but consistent improvements become appar-
ent in several grammatical dependencies: oblique
nominals, nominal subjects, adjectival modifiers,
etc. In all cases, an improvement of at least 0.02
is observed. When evaluation is performed on
the TreeGal treebank, these improvements persist,
whether weaker or stronger (see Figure 4). It is
noteworthy, furthermore, that for low-frequency
dependencies (grouped as Others), language mix-
ing has a positive effect, particularly on the TreeGal
treebank. Concerning the mixing of specific lan-
guages, the most widespread improvements across
dependencies are observed when combining Gali-
cian and Portuguese (the G+P parsers). There are
very few dependencies for which the parsers trained
with mixed languages make more errors than those
trained only on Galician, even when the added lan-
guages are Italian or French.
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Depen. PUD-E PUD-N Tre-E Tre-N
obl 0.02 0.03 0.06 0.01
nsubj 0.01 0.04 0.02 0.02
amod 0 0.04 0.01 0.03
obj -0.01 0.03 0.01 0.01
conj -0.01 0.04 -0.01 0.01
acl 0.03 0.02 0.07 0.01
Others 0.02 0.02 0.03 0.06

Table 4: Improvements in problematic dependencies.
Values indicate the gain in precision when using lan-
guage mixture training (G+P, G+S, G+P+S, G+I+F)
over Galician-only training (G). Columns are organized
by test corpus (PUD-gl, TreeGal), with each pair show-
ing results without embeddings (first column) and with
embeddings (second column).

4.3 Comparison Between Treebanks

Table 5 compares the performance scores of parsers
trained and evaluated on the PUD-gl and TreeGal
treebanks, using the four embedding models de-
scribed previously.

Different performances between treebanks.
Despite both treebanks being in Galician and hav-
ing the same size, models evaluated on the treebank
they were not trained on performed significantly
worse than those trained and tested on the same
treebank. For example, parsers trained on PUD-gl
suffered a performance drop of 8–13 UAS points
and 11–16 LAS points when evaluated on TreeGal,
compared to their evaluation on PUD-gl. Further-
more, parsers trained and evaluated exclusively on
TreeGal outperformed those trained on PUD-gl and
evaluated on TreeGal, achieving roughly 5 more
UAS points and 8 more LAS points. Similarly,
parsers trained on TreeGal performed worse when
evaluated on PUD-gl compared to parsers trained
and evaluated on PUD-gl.

TreeGal more challenging than PUD-gl. The
results indicate that the TreeGal treebank appears
to present a greater parsing challenge. This is ob-
servable in Table 5, where, in some configurations,
parsers trained on TreeGal achieve higher scores
when evaluated on PUD-gl than when evaluated
on their own training treebank, TreeGal (compare
columns Tr-Tr and Tr-Pu for UAS).

Embeddings as flexibility providers. This
counterintuitive effect occurs only for parsers that
use embeddings. The use of embeddings not only
improves overall performance but also reduces the
performance gap between evaluation on the in-
domain treebank (the one used for training) and the

out-of-domain treebank (the other treebank). For
instance, for parsers trained on PUD-gl with embed-
dings, the performance drop when evaluating on
TreeGal (versus PUD-gl) is approximately 8 UAS
points and 12 LAS points. In contrast, for parsers
trained on PUD-gl without embeddings, this cross-
treebank performance drop increases to 13 UAS
and 16.3 LAS points. Therefore, the inclusion of
embeddings enhances the parser’s generalization
capacity, yielding models that are more robust and
flexible across different annotation schemes.

Greater performance gap on LAS. Finally, the
results demonstrate that the performance gap be-
tween in-domain evaluation (same treebank used
for training and testing) and cross-treebank evalu-
ation is wider for the LAS than for the UAS—by
an average of three points. This is consistent with
expectations, as LAS is a more restrictive metric
that requires correct grammatical labels in addition
to syntactic structure.

Based on the findings presented in this subsec-
tion, we conclude that automatic evaluation scores
vary considerably across treebanks, even when they
represent the same language and are of comparable
size. These variations likely stem from differences
in annotation quality, guideline compatibility, and
the generalization capacity of the parsers them-
selves.

4.4 Scalability
The last objective of this work was to measure
the scalability of language mixing as a step toward
building more precise syntactic parsers for Galician.
Table 6 presents the results of these experiments.
Following what was shown in the previous section,
this experiment also demonstrates that language
mixing can only yield minor improvements when
robust embedding models are used, even if the size
of the added partition is five times larger. The UAS
difference between the G parser and the scaled
parsers (G+PP, G+SS, and G+PPSS) is, at best, 1.1
points in favor of the latter; the LAS difference,
however, is 1.7 points. In contrast, when embed-
ding models are not used, the scalability of lan-
guage mixing is clearly observed: the GCP parser
achieves a 3.2-point higher UAS and a 3.5-point
higher LAS.

Considering these results, we conclude that
scaling syntactic parsers for Galician by directly
using large treebanks from closely related lan-
guages—without any pre- or post-processing—is
not an especially promising approach, given the
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Model UAS LAS
Pu-Pu Pu-Tr Tr-Tr Tr-Pu Dif. Pu-Pu Pu-Tr Tr-Tr Tr-Pu Dif.

BnhB 91.8 82.9 87 88.4 8.9 88.4 76.2 83 83 12.2
BglB 91.4 83.1 87.4 87.9 8.3 88.3 76.8 83.8 82.5 11.5
XmlB 91 82.2 86.7 87.1 8.8 87.7 76 82.6 82 11.7
NONE 88 75 80.5 76.6 13 83.8 67.5 75.1 70.1 16.3

Table 5: Performance comparison across treebanks. The subcolumns represent the following configurations: parser
trained and evaluated on PUD-gl (Pu–Pu), trained on PUD-gl and evaluated on TreeGal (Pu–Tr), trained and
evaluated on TreeGal (Tr–Tr), and trained on TreeGal and evaluated on PUD-gl (Tr–Pu).

Parsers BglB XmlB NONE
G 93.0 | 89.5 92.0 | 88.7 87.8 | 83.5
G+PP 93.8 | 91.0 93.2 | 90.0 90.5 | 86.7
G+SS 94.1 | 90.0 93.1 | 90.0 91.2 | 87.3
G+PPSS 93.6 | 90.7 93.3 | 90.1 91.0 | 87.0

Table 6: Scalability of language mixture in Galician.
See Section 3 for information about parsers and experi-
ment configuration. Each cell contains: UAS | LAS.

limited improvements. Two main reasons may ex-
plain this:

• The baseline performance of Galician parsers
is already high, achieving UAS and LAS
scores between 80 and 95 points. Therefore,
the margin for improvement is not substan-
tial, and, as shown in previous sections, only
certain specific dependencies remain problem-
atic.

• Galician already benefits from robust embed-
ding models, which are capable of capturing
on their own the types of gains that might oth-
erwise be sought through language mixing.
Thus, these models present a strong alterna-
tive to cross-lingual data augmentation.

Accordingly, we conclude that scaling parsers for
Galician requires high-quality data. To effec-
tively leverage language mixing, it would likely
be necessary to develop specific pre- and post-
processing techniques aimed at improving per-
formance on particular problematic dependencies.
However, the data also show that for languages
and linguistic varieties with fewer resources than
Galician—perhaps with greater interest in the lat-
ter—language mixing can still yield significant im-
provements as an alternative to embedding models.

To conclude the results section, we reproduced
the experiments described above, this time evaluat-
ing them on the test partition of the TreeGal tree-

bank, and we arrived at similar results. This sug-
gests that our findings are treebank-independent,
both for the scalability experiment and for the pre-
vious ones, as shown in the data provided in Ap-
pendix C.

5 Conclusion

A promising approach for training syntactic parsers
in a low-resource language is to leverage syntac-
tic annotations from major languages with signifi-
cant typological proximity. In the case of Galician,
parsers trained exclusively on Portuguese or Span-
ish can achieve accuracy close to those trained on
Galician itself. Furthermore, the use of embed-
dings significantly enhances parser performance,
to the point where models trained on more distantly
related languages become viable. However, in the
pursuit of more precise Galician parsers, we have
identified three key limitations: (i) the gains from
mixing Galician annotations with those of larger
languages are modest; (ii) parsers exhibit a weak
generalization capacity across different treebanks;
and (iii) certain syntactic dependencies—such as
oblique nominals and adverbial modifiers for Gali-
cian—, which could be language specific, remain
problematic for parsers trained on any data source.
Overall, this work demonstrates that strategically
exploiting data from other languages can open path-
ways for many languages to obtain better parsers.

6 Limitations

An important limitation of this study is one com-
monly noted in the dependency parsing literature:
the lack of diversity in text genres used for training
and evaluation. Most available treebanks consist of
journalistic and encyclopedic texts, as these are the
easiest to crawl from the web. However, natural
language is used in a much wider variety of gen-
res—including literary works, transcribed speech,
legal documents, and technical writing—which are
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not well represented in current resources. Future
work should address this gap by creating treebanks
with broader genre coverage and subsequently de-
veloping parsers adapted to these diverse text types.

A more technical limitation of our study is that
we did not perform hyperparameter tuning dur-
ing parser training, and we used only the UDPipe
2 architecture. Future research could apply our
experimental framework to other systems—such
as Stanza or LLM-based parsers—to determine
whether our findings generalize across different ar-
chitectures. In that sense, exploring the instruction
of the Galician-trained LLM Carballo (Gamallo
et al., 2024) for dependency parsing is a promising
path. Additionally, future work should undertake
a more realistic evaluation by parsing raw text di-
rectly, rather than relying on gold tokenization.
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A Available Resources

The code used to produce the results pre-
sented in this paper is publicly available at:
https://zenodo.org/records/18007073.

B Glossary of Syntactic Dependencies

Through this paper we used abbreviations to ref-
erence syntactic dependencies. In this appendix
we provide a glossary to explain each abbreviation.
In general, the abbreviations we have used are the
same employed by Universal Dependencies in all
their treebanks.

• Det: Determinant.

• Case: Case marking.

• Punct: Punctuation.

• Nmod: Nominal modifier.

• Obl: Oblique nominal.

• Nsubj: Nominal subject.

• Amod: Adjectival modifier.

• Root: Root.

• Obj: Direct object.

• Advmod: Adverbial modifier.

• Conj: Conjunct.

• Cc: Coordinating conjunction.

• Acl: Clausal modifier of noun.

• Nummod: Numeric modifier.

C Supplementary Results

In this appendix, we provide a complementary set
of results for the experiments described in Sec-
tion 3, this time evaluating them on the TreeGal
treebank. This contrasts with the primary results
presented in the main paper, which were based on
evaluation using the PUD-gl treebank. The strong
similarity between the two sets of results reinforces
the conclusions presented in Section 5.

With regard to typological proximity, Table 7
reiterates the results presented in Section 4.1. The

Parsers BglB XmlB NONE
G 83.1 | 77.5 81.7 | 76.3 77.1 | 70.3
P 83.5 | 76.2 83.3 | 75.9 69.2 | 56.8
S 82.1 | 70.8 80.7 | 67.8 67.4 | 48.2
I 68.1 | 48.8 80.5 | 69.3 53.0 | 29.2
F 57.0 | 42.0 78.7 | 69.5 46.6 | 26.2
A 30.4 | 10.0 57.9 | 33.3 28.4 | 5.8

Table 7: Results from the typological proximity ex-
periment (Section 4.1), evaluated on the TreeGal test
partition. Each cell contains: UAS | LAS.

Parsers BglB XmlB NONE
G 83.1 | 77.5 81.7 | 76.3 77.1 | 70.3
G+P 84.6 | 79.4 83.2 | 77.5 78.1 | 71.4
G+S 84.5 | 79.1 83.3 | 77.6 77.7 | 71.0
G+P+S 85.0 | 79.7 83.1 | 77.1 78.2 | 71.6
G+I+F 83.9 | 78.2 83.1 | 77.8 78.1 | 71.2

Table 8: Results from the language mixture experiment
(Section 4.2), evaluated on the TreeGal test partition.
Each cell contains: UAS | LAS.

influence of typological proximity when training
parsers on different source languages remains a key
factor for achieving high performance. Embedding
models continue to provide a considerable improve-
ment. It should be noted that the absolute results on
TreeGal are lower than those on PUD-gl, consistent
with the analysis in Section 4.3.

Language mixture. Table 8 exposes the results
for the parsers from Section 4.2—trained via lan-
guage mixture—when evaluated on the TreeGal
treebank. Note that all parsers were trained on the
PUD-gl treebank. We reach the same conclusion as
in the main analysis: while language mixture can
improve results, its benefits are subject to signifi-
cant limitations.

Also, the results of the scalability experiment
(Section 4.4) can be reproduced when evaluating
on the TreeGal treebank, as shown in Table 9. Note
that in this table, the parser in the row labeled
TRE was trained exclusively on the 800-sentence
training partition of TreeGal (in order to do a fair
comparison). This same Galician data was also
included in the training sets of the scaled parsers
(G+PP, G+SS, G+PPSS), as described in Section 3.

On the other hand, the conclusions drawn from
error analyses are also reproducible when evaluat-
ing on the TreeGal dataset. Figure 3 shows that the
set of problematic dependencies remains similar
to that identified using the PUD-gl treebank. For

68



Figure 3: Error analysis disaggregated by dependencies, in the same format as Figure 2. The evaluation was
conducted on the test partition of the TreeGal treebank.

Parsers BglB XmlB NONE
TRE 88.8 | 85.7 86.8 | 83.7 81.5 | 76.5
G+PP 89.4 | 86.3 88.1 | 84.5 83.5 | 79.0
G+SS 90.0 | 87.0 89.5 | 86.6 86.0 | 82.0
G+PPSS 89.5 | 86.4 88.6 | 85.4 84.6 | 80.1

Table 9: Results from the scalability experiment (Sec-
tion 4.4), evaluated on the TreeGal test partition. Each
cell contains: UAS | LAS.

further analysis, the complete code used to gener-
ate the results in this paper is available via the link
provided in Appendix A.

C.1 Ambiguity in Parsing

Finally, it should be noted that certain errors identi-
fied during the evaluation reflect annotation deci-
sions that are inherently debatable or ambigu-
ous even for human annotators. To illustrate this
point, we provide the following examples:

• In the sentence "Curio, [...], informou persoal-
mente a César das accións de Pompeio" ("Cu-
rio, [...], personally informed Caesar of Pom-
pey’s actions"), the parser employing BglB
embeddings (parser G) predicts César as a
direct object, whereas the gold standard classi-
fies it as an oblique nominal. This case is am-
biguous due to the fuzzy boundaries in some
cases between direct objects (obj), indirect
objects (iobj), and obliques (obl) in Galician.

• The same parser frequently exhibits confu-
sion between discourse elements and adver-
bial modifiers (advmod), as in the examples:
Porén, cando o Senado lle respondeu cat-
egoricamente, prohibindolle... (“However,
when the Senate answered him categorically,
prohibiting him...”) and Agora, este departa-
mento enfróntase a novos desafíos (“Now, this
department faces new challenges”). In such
instances, the distinction between the adver-
bial function as a circumstantial modifier (ad-
vmod) and its role as a discourse marker is
often subtle and not clearly defined.

Consequently, future qualitative analyses should
also consider the annotation conventions of Univer-
sal Dependencies, along with the potential confu-
sions or ambiguities they may introduce.
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Abstract

We present a crowdsourced dataset for Pied-
montese, an endangered Romance language of
northwestern Italy. The dataset comprises 145
Italian–Piedmontese parallel sentences derived
from Flores+, with translations produced by
speakers writing in their natural orthographic
style rather than adhering to standardized con-
ventions, along with manual word alignment.
We use this resource to benchmark several large
language models on tokenization parity, topic
classification, and machine translation. Our
analysis reveals that Piedmontese incurs a to-
kenization penalty relative to higher-resource
Romance languages, yet LLMs achieve classi-
fication performance approaching that of Ital-
ian, French, and English. Machine translation
results are asymmetric: models translate ade-
quately from Piedmontese into high-resource
languages, but generation into Piedmontese re-
mains challenging. The dataset and code are
publicly released.

1 Introduction

Piedmontese (ISO 639-3: pms) is a Romance lan-
guage spoken in the Piedmont region of northwest-
ern Italy. According to Ethnologue (Eberhard et al.,
2025), it has fewer than one million speakers and
is classified as endangered, with intergenerational
transmission in decline.

Existing NLP resources for Piedmontese are lim-
ited and predominantly derived from Piedmontese
Wikipedia. While useful, these sources largely ad-
here to standardized orthographic conventions and
thus fail to capture the orthographic variations that
are common in written Piedmontese. This discrep-
ancy raises the question of how well current lan-
guage models handle Piedmontese as it is actually
written by speakers.

To address this gap, we present a crowd-
sourced dataset of Italian-to-Piedmontese transla-
tions, where annotators were explicitly instructed

Flores+ dev 114

Ita Si tratta della maggiore acquisizione
nella storia di eBay.

Pms A l’è la pi granda aquisission ënt la stòria
d’ebay

Eng It is the biggest acquisition in eBay’s his-
tory.

Fra C’est la plus grande acquisition de
l’histoire d’eBay.

Table 1: Sample from parallel sentences for evaluating
machine translation. Annotators translated the Italian
sample into Piedmontese. The Italian, French and En-
glish samples are originally from Flores+.

to write in whichever orthographic style feels natu-
ral to them. The source sentences are drawn from
the Flores+ dataset (NLLB Team et al., 2024), a
multiparallel corpus spanning over 200 languages.
We additionally provide manual word alignments
between Piedmontese and Italian sentence pairs.

Using this data, we evaluate several large lan-
guage models (LLMs) both intrinsically, through
tokenization parity (Petrov et al., 2023) analysis,
and extrinsically, on topic classification (using la-
bels from SIB-200; Adelani et al., 2024) and ma-
chine translation (MT). Our results indicate that
current LLMs exhibit reasonable comprehension of
Piedmontese, achieving decent performance in clas-
sification and translation from Piedmontese into
high-resource languages. However generation into
Piedmontese remains substantially more challeng-
ing.

We illustrate the data collection procedure in
Section 2. In Section 3, we describe the dataset,
and in Section 4, we asses LLM performance on
Piedmontese. Section 5 presents related datasets
and in Section 6 we summarise our findings.
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The dataset1 and evaluation code2 are released
under an open-source license.

2 Data Collection

We collected translations via an online question-
naire administered in Italian (see Appendix H),
the dominant language in the region, understood
by all Piedmontese speakers. Annotators were re-
cruited voluntarily through social media and word
of mouth, with no restrictions on repeated partic-
ipation. To preserve anonymity, we did not track
annotator identity across sessions.

The questionnaire comprises three components.
First, we elicit demographic and sociolinguistic
information, including the annotator’s primary lan-
guage, self-assessed proficiency in Piedmontese,
age group, and method of language acquisition.
We also ask whether they believe Piedmontese has
a standard orthography and, if so, whether it is
commonly used. These questions serve both to
characterize our annotator population and to con-
textualize the orthographic variation in the resulting
translations.

Second, we present annotators with a randomly
selected Italian sentence from Flores+ (NLLB
Team et al., 2024) and ask them to translate it into
Piedmontese. Crucially, annotators are instructed
to write in whatever manner feels natural to them,
rather than adhering to any prescribed standard.
Translation is optional, so annotators can still com-
plete the other parts of the questionnaire. In this
way, we can accommodate annotators who compre-
hend Piedmontese but do not actively write it. To
address the absence of certain diacritics on stan-
dard physical keyboards, we provide a substitution
scheme (e.g., /:a for ä). Mobile keyboards do not
have this issue, and we observed that people either
directly use diacritics or use diacritics that can be
found on Italian keyboards (àèéìòù).

Third, annotators evaluate a translation submit-
ted by a previous participant, viewing both the Ital-
ian source and the Piedmontese rendering. This
peer review mechanism enables filtering of erro-
neous or inappropriate submissions and provides
an estimate of inter-annotator agreement on trans-
lation quality. While the task is subjective, we
ask annotators to take into consideration possible
variations of the language and of the orthography.

1http://hdl.handle.net/11372/LRT-6086
2https://github.com/GianlucaVico/

CrowdsourcedPiedmontese

3 Dataset Description

We have collected 200 annotations, and 145 of
them have valid translations: 68 are from the Flo-
res+ dev set, while 77 are from the devtest set. 102
samples have been reviewed by at least one anno-
tator, but due to their limited number. We use the
reviews only to filter missing or offensive transla-
tions.

We organise the collected data in three datasets:
1) the raw list of annotations that can be used for fur-
ther analysis, 2) a list of parallel sentences for eval-
uating MT systems, and 3) a list of word-aligned
sentences.

3.1 Annotation

Figure 1 shows that most annotators use primarily
Italian, and a few use Piedmontese. Other lan-
guages include English and Icelandic. The propor-
tion of annotators who submitted a translation is
higher among Piedmontese speakers than among
Italian speakers. Additionally, most annotators de-
clared themselves to be perfectly or fully proficient
in Piedmontese. Most of the annotators are confi-
dent in their language knowledge; however, only
a small portion considers Piedmontese their native
language.

Our questionnaire reached mainly younger peo-
ple, as shown in Figure 2, but, since this is an
endangered language, older people are more likely
to speak it.

On average, completing the questionnaire took
approximately 7 minutes. People who did not
provide a translation took approximately 3 min-
utes. According to 11% of the annotators, people
use standard grammar when writing Piedmontese,
while 42% of them disagree. 54% of them think
that Piedmontese has a standard grammar, whether
it is used or not, and for 25% of the annotators,
there is no standard.

3.2 Parallel Sentences

Flores+ contains 2009 samples divided into the
dev and devtest splits. The sentences provided
to the annotators are randomly selected, so some
of them have multiple translations: three samples
from the devtest set and one sample from the dev set
have two translations. The paired sentences have
the same overall meaning, but translation quality
varies; for example, annotators may use more gen-
eral terms, summarise a list or remove details. 102
samples have at least one human review, which we
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Figure 1: On the left, the main language used by the annotators; Icelandic is included in Other. On the right,
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Figure 2: Age distribution of the annotators. Most
annotators are 20-30 years old, while older people are
more likely to know Piedmontese, but we did not reach
them.

used to remove incorrect translations. We present
a sample in Table 1: as can be seen, the Piedmon-
tese text may contain incorrect capitalization or
missing punctuation. Also, the use of diacritics is
inconsistent among annotators.

3.3 Word Aligned Sentences

Due to the limited number of samples, the authors
are able to manually word-align the Piedmontese
and Italian sentences. We select pairs of corre-
sponding spans in the paired sentences, ensuring
that each span is non-overlapping (i.e., each word
belongs to at most one span) In this sense, there
are cases where, for example, a verb is aligned
with a noun because they convey the same mean-
ing, but the sentence structure differs. We use the
white space and apostrophe to split words. As an
example, e sull’albero (and on the tree) consists of
three words: [e][sull’][albero]. One word can be
aligned to multiple words, e.g., è (is) is aligned to
a l’è, and there are unaligned words. However, we

do not consider subword alignment. The dataset
comprises 3003 spans, with a median of 20 spans
per sentence pair. 2902 spans are a single word
aligned to another single word. The median num-
ber of characters for each span is 5 for both Italian
and Piedmontese.

4 Model Evaluation

To assess LLM performance on Piedmontese, we
first evaluate tokenizer parity (Petrov et al., 2023):
this provides an estimate of the costs in tokens
of processing Piedmontese compared to other lan-
guages. Then, we use the aligned dataset to in-
vestigate whether models can find corresponding
words between Piedmontese and Italian. Finally,
we use topic classification and machine translation
as downstream tasks for evaluation. In topic classi-
fication, models need to be able to understand Pied-
montese, while in machine translation, they also
have to generate Piedmontese. The downstream
tasks are evaluated in a zero-shot setup.

We consider the following open-weight models
from HuggingFace: Llama 3.3 70B3 (Grattafiori
et al., 2024), Gemma 3 27B4 (Gemma Team, 2025),
Qwen 3 30B5 (Qwen Team, 2025), EuroLLM 9B6

(Martins et al., 2025), Tower Plus 9B7 (Rei et al.,
2025); and the closed-source models: Gemini8 and
GPT9. Besides Piedmontese and Italian, we also

3meta-llama/Llama-3.3-70B-Instruct
4google/gemma-3-27b-it
5Qwen/Qwen3-30B-A3B-Instruct-2507
6utter-project/EuroLLM-9B-Instruct
7Unbabel/Tower-Plus-9B
8gemini-2.5-flash-preview-09-2025
9gpt-4o-mini
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Figure 3: Parity scores with respect to English and Italian. Piedmontese has worse parity compared to the other
languages; however, it is closer to one when compared to Italian.

include French, as it is the high-resource language
closest to Piedmontese, other than Italian, and En-
glish, due to its widespread availability. Because
the data is limited and we do not perform any pa-
rameter search, we evaluate the model on the com-
bined dev and devtest sets. The hyper-parameters
for the experiments are listed in Appendix F.

4.1 Tokenizer Parity

As shown by Ahia et al. (2023), low-resource lan-
guages are often overtokenized, resulting in higher
costs and worse performance compared to high-
resource languages. We evaluate the tokenizer par-
ity (Petrov et al., 2023) for the LLMs, UnigramLM,
and BPE from SentencePiece to estimate the num-
ber of extra tokens required to process the same
sentence in Piedmontese.

We train the SentencePiece tokenizers using En-
glish, Italian, French, and Piedmontese data from
the Glot500 Corpus (Imani et al., 2023), with 100k
samples for each language and a vocabulary size
of 32,000.

We average the parity of each sample, computed
as:

pt(stgt, sref) =
|t(stgt)|
|t(sref)|

where t is a tokenization function that produces a
list of tokens, stgt is a sentence in the target lan-
guage, and sref is the corresponding sentence in
the reference language. As reference languages,
we use English and Italian. A parity close to one

Model F1 ↑ Precision↑ Recall↑
Eflomal .774 .817 .735
SimAlign .589 .726 .496

Table 2: Alignment scores of eflomal and SimAlign.

indicates that the tokenizer produces a similar num-
ber of tokens for the source and target languages,
whereas values greater than one indicate that the
target language is over-tokenized.

In Figure 3, we report the parity scores of the
models. Piedmontese has worse (i.e., higher) parity
than the other languages, which means that using
LLMs with Piedmontese is more computationally
expensive. Training the tokenizer on Piedmontese
can help, as BPE and UnigramLM have lower par-
ity compared to English. However, overall, the
models yield comparable results, and closed mod-
els do not have an advantage over the open-weight
models. In Appendix D, we report the exact parity
scores for the different setups.

4.2 Word Alignment

We use eflomal (Östling and Tiedemann, 2016)
trained on our dataset as a baseline and compare
with the unsupervised SimAlign (Jalili Sabet et al.,
2020) with XLM-RoBERTa (Conneau et al., 2020)
with subwords. XLM-RoBERTa is a multilingual
model, but Piedmontese was not explicitly included
in the training data. We use the same evaluation
script from SimAlign, which reports precision, re-

73



il ch
e

pa
re

se
ns

at
o

pe
rc

hé
no

n
ab

bi
am

o
la se

ns
az

io
ne

ch
e

la te
rra

si m
uo

va
no

ei'smiagiüst
perchél'umananlasensasiunchelataraabugiano

Eflomal SimAlign

Figure 4: This is a sample alignment. The gray back-
ground is the reference alignment, while eflomal align-
ment is represented by the blue circles and SimAlign
one by the green crosses. The English translation of
the sentence is This seems sensible, because the Earth
doesn’t feel as if it’s moving, does it?

call, F1, and alignment error rate (AER) defined
as:

prec =
|A ∩ P |
|A| , rec =

|A ∩ S|
|S| ,

F1 =
2prec · rec
prec + rec

, AER = 1− |A ∩ S|+ |A ∩ P |
|A|+ |S|

where A are the system alignment, S the sure refer-
ence alignment and P the possible reference align-
ments. However, our annotations do not include
possible alignment and so AER is simply 1 − F1

(see Appendix E).
The results in Table 2 show that eflomal achieves

better scores than SimAlign, which relies on the
language model representations. The scores of
SimAlign are comparable to those that its authors
observed for English-Hindi alignment, indicating
that the model produces reasonable alignments de-
spite not being trained on Piedmontese. This in-
dicates that while the XLM-RoBERTa representa-
tions are sufficient for generating zero-shot align-
ment, statistical methods still yield better results.

Additionally, the effect of (sub)words that are
identical between Italian and Piedmontese and are
therefore easier to align is unknown. We show an

example of alignment in Figure 4, where the ref-
erence alignment is mostly monotonic. SimAlign
seems to align words in the wrong position (e.g., la
aligned to the wrong la), while eflomal might align
words that occur together (e.g., the negation nan
with the verb abbiamo).

4.3 Topic Classification
We use SIB-200 (Adelani et al., 2024) to evaluate
the models on topic classification with our data.
SIB-200 uses sentences from Flores+, so it is possi-
ble to obtain labels for the Piedmontese sentences.
The dataset contains 7 classes: science/technology,
travel, politics, sports, health, entertainment, and
geography, but some sentences are labelled as un-
categorized and are excluded from our experiments.
In total, 37 sentences from the dev set and 38 from
the devtest set have a label. We use the same set of
sentences for all four languages.

In Figure 5, we report the F1 scores of the mod-
els on the different languages. We note that, while
scores for Piedmontese are generally lower than
for the other languages, they are still comparable,
meaning that models are able to understand the
language. Smaller models, such as EuroLLM, ex-
hibit worse performance: in particular, EuroLLM
struggles to follow instructions and, in French, of-
ten generates all labels or overly long explanations.
Tower has a larger drop in performance in Pied-
montese, but it is still able to solve the task despite
its focus on machine translation. Closed models
behave similarly to the larger open-weight models.
See Appendix B for the exact values and additional
metrics and Appendix A for the prompts used.

4.4 Machine Translation
We test zero-shot machine translation, including
both Pms→X and X→Pms. From Figure 6, mod-
els have similar chrF++ (↑) scores when translating
from the different languages to Piedmontese. More-
over, all languages achieve similar chrF++ scores
when translating to Italian, including Piedmontese.
However, translating from Piedmontese to French
or English is worse than in other languages. While
we cannot directly compare the target languages,
X→Pms has noticeably lower scores.

Given that X→ita has comparable results for
all languages, we use Italian as a pivot by first
translating from the source language to Italian, and
then to the target language. From Table 3, the pivot
strategy improves translations up to +2.15 chrF++
in the Pms→X direction and +1.22 chrF++ in the
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in a given language as if it were the translation.

X→Pms direction.

However, evaluating X→Pms is particularly
challenging, because models might produce Pied-
montese that is correct but different from the ref-
erence, which does not use standard orthography,
and surface-level metrics such as chrF++ penalize
this. Machine-learned metrics like COMET (Rei
et al., 2020) can improve this, but they need train-
ing data, which is not available. In Appendix C,
we report additional metrics, including COMET
(without fine-tuning on Piedmontese). Moreover,
we observe that the Italian sentences are closer to
the Piedmontese references than what the models
are generating, as shown by the horizontal lines
in Figure 6. This can also explain why LLMs are
able to understand Piedmontese. In Table 4, we
show some translation examples between Italian
and Piedmontese from different models. See Ap-

pendix C for the exact values and additional metrics
and Appendix A for the prompts used.

5 Related Work

The data for this work is derived from Flores+
(NLLB Team et al., 2024), which is an evaluation
benchmark for machine translation. It contains
2009 sentences, each translated into more than 200
languages. It does not include Piedmontese, but it
includes geographically close Italian regional lan-
guages, such as Ligurian and Lombard. There are
other datasets that contain Piedmontese data, such
as Wikipedia (68k samples) and Wikisource (4k
samples) (Wikimedia Foundation), and Glot500
(Imani et al., 2023) (226k samples), which derive
from the Piedmontese portion of Wikipedia, and
Tatoeba (Tiedemann, 2020) (800 samples), which
contains sentences annotated by volunteers. How-
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Dev Target
Pms Ita Fra Eng

So
ur

ce
Pms - 58.80 42.48 45.95
Ita 32.62 - 57.83 60.98
Fra 26.45 54.68 - 70.89
Eng 27.02 57.60 72.25 -

PmsPivot - - 44.62 46.91
FraPivot 27.67 - - 67.71
EngPivot 28.07 - 67.96 -

Devtest Target
Pms Ita Fra Eng

So
ur

ce

Pms - 62.15 47.42 47.77
Ita 33.23 - 60.26 61.37
Fra 26.60 56.11 - 67.90
Eng 26.97 57.92 70.61 -

PmsPivot - - 49.57 49.91
FraPivot 27.11 - - 65.11
EngPivot 27.85 - 67.63 -

Table 3: Average chrF++ scores of the models on the two sets and all directions. Note that only columns are
comparable. Pivot refers to the experiments that use Italian as a pivot for the translation.

Flores+ dev 114
It is the biggest acquisition in eBay’s history.
Pms A l’è la pi granda aquisission

ënt la stòria d’ebay
Ita Si tratta della maggiore acqui-

sizione nella storia di eBay.

Pms→Ita

EuroLLM È la più grande acquisizione
nella storia di eBay

Gemini È la più grande acquisizione
nella storia di eBay

Ita→Pms

Gemma A l’é la pì gròssa acquisission
an la stòria d’eBay.

GPT A l’é la piò gròssa aquisission
an sla storia ëd eBay.

Table 4: Translation examples. The Ita→Pms transla-
tions are understandable, but have different spellings
than the reference and across models. The Pms→Ita
translations are correct, although, phrased differently
than the reference translation.

ever, these datasets contain a more standardised
version of Piedmontese, which differs from what
people might use in real life.

Datasets derived from CommonCrawl10, like
C4 (Raffel et al., 2020), FineWeb2 (Penedo et al.,
2025), CulturaX (Nguyen et al., 2024), and Oscar
(Ortiz Su’arez et al., 2020), also contain some Pied-
montese, but correctly identifying a low-resource
language is challenging, and false positives can
affect the results.

Another project with the objective of collecting

10https://commoncrawl.org/

language data, including Piedmontese, is AlpiLinK
(Rabanus et al., 2023–). AlpiLinK collects crowd-
sourced spoken data of various regional languages
in the Alpine regions of Italy and contains 5442
Piedmontese sentences.

Ramponi and Casula (2023) propose DIATOPIT,
a corpus of social media posts written in different
local languages of Italy or using regional Italian.
The corpus includes 288 Piedmontese samples and,
similarly to our work, does not assume a standard
orthography but focuses on the languages as actu-
ally written by people.

6 Conclusion

In this paper, we presented a crowdsourced dataset
for Piedmontese, whose main characteristic is the
non-standard orthography. The dataset can be used
for further research on the annotators’ demograph-
ics, machine translation, and word alignment. Fur-
thermore, we highlight how Piedmontese is at a
disadvantage in many popular NLP models, show-
ing that it has higher parity compared to related
languages. We then test several LLMs to investi-
gate their performance on topic classification and
machine translation tasks. We note that models are
able to understand Piedmontese, although they per-
form worse than in other languages; the scores are
still comparable. However, generation still remains
challenging.

7 Limitations

This work presents several limitations. Firstly, the
selection of annotators is biased because it relies on
social media, and people who speak the language
may not be accessible. This also influences how the
translations are written, because some characters
are easier to type on a smartphone keyboard than
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on a physical one or with pen and paper. Addition-
ally, we do not track which variant of Piedmontese
the annotators use, but we consider Piedmontese
to be what the annotators themselves refer to as
Piedmontese. Then, the annotators are mostly Ital-
ian native speakers, since Italian is the national
language, and the number of samples is extremely
small. We focus on Piedmontese in Italy and do
not consider, for example, Piedmontese spoken in
Argentina. The task involves translating from Ital-
ian, which can result in translationese. Also, in
the questionnaire, we use the terms orthography
and grammar interchangeably to make it easier to
understand.
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Bettina Messmer, Negar Foroutan, Amir Hossein
Kargaran, Colin Raffel, Martin Jaggi, Leandro Von
Werra, and Thomas Wolf. 2025. Fineweb2: One
pipeline to scale them all – adapting pre-training
data processing to every language. Preprint,
arXiv:2506.20920.

Aleksandar Petrov, Emanuele La Malfa, Philip H.S.
Torr, and Adel Bibi. 2023. Language model tok-
enizers introduce unfairness between languages. In
Proceedings of the 37th International Conference on
Neural Information Processing Systems, NIPS ’23,
Red Hook, NY, USA. Curran Associates Inc.

Qwen Team. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Stefan Rabanus, Anne Kruijt, Birgit Alber, Ermenegildo
Bidese, Livio Gaeta, Gianmario Raimondi,
Paolo Benedetto Mas, Sabrina Bertollo, Serena
Bissolo, Angelica Bonelli, Dario Capelli, Jan
Casalicchio, Raffaele Cioffi, Patrizia Cordin,
Michele Cosentino, Silvia Dal Negro, Ilaria Driussi,
Alexander Glück, Joachim Kokkelmans, and 10
others. 2023–. AlpiLinK. German-Romance
language contact in the Italian Alps: documentation,
explanation, participation. https://alpilink.it.
Ongoing project.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J. Liu. 2020. Exploring the limits
of transfer learning with a unified text-to-text trans-
former. J. Mach. Learn. Res., 21(1).

Alan Ramponi and Camilla Casula. 2023. Diatopit: A
corpus of social media posts for the study of diatopic
language variation in italy. In Tenth Workshop on
NLP for Similar Languages, Varieties and Dialects
(VarDial 2023), page 187–199, Dubrovnik, Croatia.
Association for Computational Linguistics.

Ricardo Rei, Nuno M Guerreiro, José Pombal, João
Alves, Pedro Teixeirinha, Amin Farajian, and An-
dré FT Martins. 2025. Tower+: Bridging generality
and translation specialization in multilingual llms.
arXiv preprint arXiv:2506.17080.

Ricardo Rei, Craig Stewart, Ana C Farinha, and Alon
Lavie. 2020. COMET: A neural framework for MT
evaluation. In Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 2685–2702, Online. Association
for Computational Linguistics.

Jörg Tiedemann. 2020. The tatoeba translation chal-
lenge – realistic data sets for low resource and multi-
lingual MT. In Proceedings of the Fifth Conference
on Machine Translation, pages 1174–1182, Online.
Association for Computational Linguistics.

Wikimedia Foundation. Wikimedia downloads.

A Prompts

Topic classification. The system prompt is "You
are a helpful assistant that classifies
the following sentence into one of the
following categories: science/technology,
travel, politics, sports, health,
entertainment, geography. Do not add any
explanations."

The user prompt is "Is this a piece of news
regarding "science, technology, travel,
politics, sports, health, entertainment,
or geography"? TEXT.", where TEXT is the sen-
tence we are classifying. For Tower we did not use
the system prompt.

Machine translation. The system prompt is You
are a helpful assistant that translates
the following sentence from SRG to TGT.
Do not add any explanations.

The user prompt is Translate the
following SRC source text to TGT:\nSRC:
SENTENCE\nTGT: ". SRG and TGT are the name of
the source and target language. SENTENCE is the
sentence to translate. For the pivot experiments,
the first step translates to Italian, while the second
translates from Italian.

B Classification Results

Tables 5 to 8 show the scores on the text classifica-
tion task.

Metric: F1

Model Pms Ita Fra Eng

Llama 0.778 0.849 0.822 0.849
(0.047) (0.041) (0.044) (0.040)

Qwen 0.671 0.772 0.778 0.750
(0.054) (0.047) (0.046) (0.051)

Gemma 0.767 0.849 0.877 0.863
(0.050) (0.042) (0.037) (0.041)

Tower 0.589 0.781 0.781 0.795
(0.057) (0.049) (0.049) (0.046)

Eurollm 0.579 0.524 0.479 0.671
(0.058) (0.058) (0.057) (0.054)

Gemini 0.822 0.904 0.877 0.918
(0.044) (0.034) (0.037) (0.031)

Gpt 0.772 0.808 0.822 0.836
(0.048) (0.045) (0.045) (0.042)

Table 5: F1 of the different models on the classification
task. In parenthesis the STD of the score.
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Metric: Precision
Model Pms Ita Fra Eng

Llama 0.789 0.849 0.822 0.849
(0.047) (0.041) (0.044) (0.040)

Qwen 0.686 0.778 0.789 0.761
(0.054) (0.047) (0.046) (0.051)

Gemma 0.767 0.849 0.877 0.863
(0.050) (0.042) (0.037) (0.041)

Tower 0.589 0.781 0.781 0.795
(0.057) (0.049) (0.049) (0.046)

Eurollm 0.583 0.528 0.479 0.671
(0.058) (0.058) (0.057) (0.054)

Gemini 0.822 0.904 0.877 0.918
(0.044) (0.034) (0.037) (0.031)

Gpt 0.778 0.808 0.822 0.836
(0.048) (0.045) (0.045) (0.042)

Table 6: Precision of the different models on the classi-
fication task. In parenthesis the STD of the score.

Metric: Recall
Model Pms Ita Fra Eng

Llama 0.767 0.849 0.822 0.849
(0.048) (0.041) (0.044) (0.040)

Qwen 0.658 0.767 0.767 0.740
(0.054) (0.047) (0.047) (0.052)

Gemma 0.767 0.849 0.877 0.863
(0.050) (0.042) (0.037) (0.041)

Tower 0.589 0.781 0.781 0.795
(0.057) (0.049) (0.049) (0.046)

Eurollm 0.575 0.521 0.479 0.671
(0.058) (0.058) (0.057) (0.054)

Gemini 0.822 0.904 0.877 0.918
(0.044) (0.034) (0.037) (0.031)

Gpt 0.767 0.808 0.822 0.836
(0.048) (0.045) (0.045) (0.042)

Table 7: Recall of the different models on the classifica-
tion task. In parenthesis the STD of the score.

Metric: Accuracy
Model Pms Ita Fra Eng

Llama 0.767 0.849 0.822 0.849
(0.048) (0.041) (0.044) (0.040)

Qwen 0.658 0.767 0.767 0.740
(0.054) (0.047) (0.047) (0.052)

Gemma 0.767 0.849 0.877 0.863
(0.050) (0.042) (0.037) (0.041)

Tower 0.589 0.781 0.781 0.795
(0.057) (0.049) (0.049) (0.046)

Eurollm 0.575 0.521 0.479 0.671
(0.058) (0.058) (0.057) (0.054)

Gemini 0.822 0.904 0.877 0.918
(0.044) (0.034) (0.037) (0.031)

Gpt 0.767 0.808 0.822 0.836
(0.048) (0.045) (0.045) (0.042)

Table 8: Accuracy of the different models on the classi-
fication task. In parenthesis the STD of the score.

C Machine Translation Results

Tables 9 to 20 show the scores for the direct MT
task (standard deviation in parenthesis), while Ta-
bles 21 to 26 show the scores with pivoting.

Pms → Ita
Model BLEU chrF++ TER COMET

Llama 42.910 63.800 44.080 0.933
(3.720) (2.890) (3.650) (0.003)

Qwen 37.490 59.360 48.890 0.932
(3.730) (2.850) (3.810) (0.003)

Gemma 42.090 62.920 45.960 0.935
(4.260) (3.110) (4.300) (0.003)

Tower 34.450 57.450 56.690 0.931
(4.100) (3.090) (5.850) (0.003)

Eurollm 32.290 56.140 56.130 0.909
(3.690) (3.110) (4.300) (0.009)

Gemini 46.290 66.640 42.450 0.937
(4.310) (3.130) (5.390) (0.002)

Gpt 42.290 63.040 44.300 0.932
(4.170) (3.230) (4.060) (0.004)

Table 9: Translation results from Pms to Ita.

Pms → Fra
Model BLEU chrF++ TER COMET

Llama 21.700 47.070 70.330 0.908
(2.400) (2.160) (3.470) (0.005)

Qwen 20.420 45.510 71.000 0.905
(2.500) (2.160) (2.920) (0.005)

Gemma 21.550 47.170 70.680 0.908
(2.640) (2.270) (3.490) (0.005)

Tower 17.770 43.320 77.660 0.906
(2.310) (2.280) (3.690) (0.005)

Eurollm 16.670 41.550 79.670 0.901
(2.500) (2.630) (3.580) (0.006)

Gemini 21.550 47.850 71.460 0.908
(2.690) (2.160) (4.840) (0.005)

Gpt 20.670 45.980 69.420 0.906
(2.410) (2.200) (3.110) (0.005)

Table 10: Translation results from Pms to Fra.

Pms → Eng
Model BLEU chrF++ TER COMET

Llama 20.270 48.640 71.780 0.901
(2.760) (2.490) (4.460) (0.004)

Qwen 19.180 46.060 74.230 0.900
(2.690) (2.380) (3.790) (0.004)

Gemma 19.970 48.200 73.510 0.900
(2.810) (2.550) (4.220) (0.004)

Tower 17.540 45.230 80.070 0.900
(2.620) (2.570) (4.900) (0.004)

Eurollm 16.080 44.180 82.440 0.894
(2.750) (2.420) (4.930) (0.006)

Gemini 22.800 51.240 68.290 0.899
(2.680) (2.280) (3.800) (0.004)

Gpt 20.940 48.770 71.950 0.899
(2.720) (2.380) (3.760) (0.005)

Table 11: Translation results from Pms to Eng.
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Ita → Pms
Model BLEU chrF++ TER COMET

Llama 6.980 34.780 83.220 0.842
(1.290) (1.640) (2.550) (0.008)

Qwen 5.250 31.100 93.290 0.843
(1.540) (1.760) (7.820) (0.007)

Gemma 6.270 34.090 84.580 0.841
(1.310) (1.560) (2.560) (0.008)

Tower 4.560 31.200 99.970 0.843
(1.240) (1.850) (12.440) (0.007)

Eurollm 6.250 33.870 88.590 0.844
(1.830) (2.020) (12.490) (0.007)

Gemini 7.280 33.930 85.080 0.833
(1.470) (1.820) (3.030) (0.009)

Gpt 6.800 35.830 82.320 0.848
(1.370) (1.590) (2.530) (0.006)

Table 12: Translation results from Ita to Pms.

Ita → Fra
Model BLEU chrF++ TER COMET

Llama 33.500 58.890 54.750 0.943
(2.550) (1.840) (2.930) (0.003)

Qwen 32.380 58.060 55.300 0.943
(2.510) (1.750) (2.940) (0.003)

Gemma 34.260 59.610 53.520 0.942
(2.720) (1.890) (3.150) (0.003)

Tower 34.100 59.110 53.900 0.943
(2.660) (1.900) (2.900) (0.003)

Eurollm 34.700 60.190 53.000 0.944
(2.450) (1.810) (2.990) (0.003)

Gemini 33.100 58.830 55.880 0.943
(2.710) (1.750) (3.090) (0.003)

Gpt 32.400 58.600 55.270 0.942
(2.320) (1.700) (2.710) (0.003)

Table 13: Translation results from Ita to Fra.

Ita → Eng
Model BLEU chrF++ TER COMET

Llama 32.520 60.930 52.970 0.941
(2.910) (2.050) (3.430) (0.003)

Qwen 32.050 60.750 52.360 0.942
(2.790) (1.920) (3.110) (0.003)

Gemma 33.410 61.440 51.580 0.941
(2.860) (1.950) (3.100) (0.003)

Tower 33.900 61.890 51.610 0.942
(2.800) (2.020) (3.160) (0.003)

Eurollm 32.970 60.850 52.460 0.941
(2.810) (1.920) (3.140) (0.003)

Gemini 32.400 61.170 53.240 0.941
(2.670) (1.850) (3.350) (0.003)

Gpt 32.730 61.390 52.430 0.941
(2.620) (1.900) (3.090) (0.003)

Table 14: Translation results from Ita to Eng.

Fra → Pms
Model BLEU chrF++ TER COMET

Llama 3.000 27.160 95.790 0.835
(1.120) (1.360) (2.510) (0.008)

Qwen 2.410 24.890 101.020 0.838
(1.110) (1.400) (6.610) (0.007)

Gemma 2.960 27.450 94.370 0.831
(0.860) (1.290) (2.300) (0.009)

Tower 2.930 27.080 97.820 0.836
(1.120) (1.530) (7.040) (0.008)

Eurollm 2.810 26.590 95.590 0.836
(1.100) (1.370) (4.060) (0.008)

Gemini 3.350 26.840 96.200 0.829
(0.990) (1.360) (2.670) (0.009)

Gpt 3.280 27.080 95.270 0.835
(1.000) (1.290) (2.170) (0.008)

Table 15: Translation results from Fra to Pms.

Fra → Ita
Model BLEU chrF++ TER COMET

Llama 27.890 55.010 58.320 0.952
(2.270) (1.660) (2.660) (0.003)

Qwen 26.810 54.430 59.620 0.952
(2.450) (1.750) (2.710) (0.003)

Gemma 29.270 55.710 57.120 0.952
(2.530) (1.770) (2.650) (0.003)

Tower 29.680 55.890 57.400 0.952
(2.690) (1.910) (2.800) (0.003)

Eurollm 29.200 55.650 57.270 0.952
(2.500) (1.660) (2.670) (0.003)

Gemini 29.520 55.840 57.980 0.952
(2.650) (1.790) (3.020) (0.003)

Gpt 27.680 55.140 57.640 0.951
(2.390) (1.740) (2.700) (0.003)

Table 16: Translation results from Fra to Ita.

Fra → Eng
Model BLEU chrF++ TER COMET

Llama 46.510 69.120 37.150 0.947
(3.530) (2.250) (3.270) (0.002)

Qwen 45.320 68.170 38.340 0.947
(3.510) (2.130) (3.400) (0.002)

Gemma 46.410 69.290 36.160 0.947
(3.390) (2.150) (3.170) (0.002)

Tower 45.030 68.350 37.830 0.945
(3.330) (2.190) (3.170) (0.002)

Eurollm 47.380 69.520 36.880 0.945
(3.810) (2.370) (3.480) (0.002)

Gemini 48.790 70.670 34.530 0.947
(3.640) (2.140) (3.290) (0.002)

Gpt 46.460 69.410 36.770 0.947
(3.550) (2.150) (3.100) (0.002)

Table 17: Translation results from Fra to Eng.
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Eng → Pms
Model BLEU chrF++ TER COMET

Llama 3.170 28.010 94.430 0.824
(1.140) (1.390) (2.370) (0.009)

Qwen 2.340 24.970 98.110 0.828
(1.200) (1.280) (3.870) (0.008)

Gemma 2.460 27.470 94.370 0.825
(0.840) (1.300) (2.370) (0.008)

Tower 3.170 27.620 99.740 0.830
(1.140) (1.680) (9.360) (0.008)

Eurollm 3.050 27.860 94.830 0.828
(1.070) (1.420) (6.580) (0.008)

Gemini 3.130 26.980 95.730 0.818
(0.890) (1.470) (4.030) (0.010)

Gpt 2.290 27.990 92.130 0.830
(0.920) (1.220) (1.940) (0.007)

Table 18: Translation results from Eng to Pms.

Eng → Ita
Model BLEU chrF++ TER COMET

Llama 29.850 56.230 54.900 0.953
(2.110) (1.650) (2.390) (0.003)

Qwen 29.920 56.340 56.200 0.952
(2.560) (1.930) (2.790) (0.003)

Gemma 30.770 57.210 54.380 0.953
(2.510) (1.760) (2.430) (0.003)

Tower 34.510 59.740 51.570 0.953
(3.070) (1.990) (2.610) (0.003)

Eurollm 33.590 58.860 52.000 0.953
(2.530) (1.740) (2.500) (0.003)

Gemini 31.660 58.100 53.300 0.953
(2.320) (1.550) (2.430) (0.003)

Gpt 31.240 57.750 52.740 0.952
(2.340) (1.620) (2.320) (0.003)

Table 19: Translation results from Eng to Ita.

Eng → Fra
Model BLEU chrF++ TER COMET

Llama 52.800 71.170 33.280 0.949
(3.640) (2.420) (2.970) (0.002)

Qwen 48.010 68.150 38.380 0.948
(3.130) (1.980) (2.820) (0.002)

Gemma 52.420 71.090 33.750 0.947
(3.510) (2.360) (2.920) (0.003)

Tower 53.020 71.410 34.360 0.949
(3.360) (2.130) (2.800) (0.002)

Eurollm 55.550 73.030 32.350 0.950
(3.680) (2.280) (3.040) (0.002)

Gemini 55.030 72.550 32.150 0.945
(3.690) (2.380) (3.060) (0.003)

Gpt 53.010 71.610 33.280 0.950
(3.260) (2.110) (2.890) (0.002)

Table 20: Translation results from Eng to Fra.

Pms → Fra, Pivot
Model BLEU chrF++ TER COMET

Llama 23.580 49.090 68.000 0.927
(2.450) (2.220) (3.290) (0.002)

Qwen 19.890 45.140 72.630 0.927
(2.460) (2.180) (3.190) (0.002)

Gemma 23.740 49.450 68.140 0.927
(2.820) (2.290) (3.570) (0.002)

Tower 20.380 46.070 73.850 0.927
(2.460) (2.150) (3.860) (0.002)

Eurollm 20.210 44.900 74.080 0.927
(2.850) (2.540) (3.840) (0.002)

Gemini 25.600 50.780 64.740 0.927
(2.410) (2.150) (2.930) (0.002)

Gpt 23.930 49.320 66.070 0.927
(2.270) (2.090) (2.940) (0.002)

Table 21: Translation results with pivoting from Pms to
Fra.

Pms → Eng, Pivot
Model BLEU chrF++ TER COMET

Llama 21.780 49.550 68.830 0.917
(2.910) (2.450) (3.870) (0.002)

Qwen 19.340 47.160 70.800 0.917
(2.730) (2.400) (3.610) (0.002)

Gemma 23.630 50.770 66.010 0.917
(3.050) (2.500) (4.070) (0.002)

Tower 18.650 47.080 75.450 0.917
(2.740) (2.430) (4.590) (0.002)

Eurollm 18.140 45.500 77.720 0.917
(2.940) (2.570) (4.310) (0.002)

Gemini 25.320 53.280 64.010 0.917
(2.730) (2.360) (3.740) (0.002)

Gpt 23.490 50.760 66.860 0.917
(2.950) (2.440) (3.950) (0.002)

Table 22: Translation results with pivoting from Pms to
Eng.

Fra → Pms, Pivot
Model BLEU chrF++ TER COMET

Llama 3.990 28.780 92.600 0.836
(1.180) (1.430) (2.440) (0.008)

Qwen 2.720 26.220 99.710 0.838
(1.120) (1.430) (7.940) (0.007)

Gemma 3.760 28.640 92.540 0.834
(1.060) (1.430) (2.410) (0.008)

Tower 2.460 26.440 107.140 0.837
(1.040) (1.590) (15.430) (0.008)

Eurollm 2.870 26.960 95.120 0.835
(1.060) (1.480) (5.920) (0.008)

Gemini 3.880 28.000 94.160 0.829
(1.110) (1.550) (2.800) (0.009)

Gpt 3.580 29.110 93.090 0.838
(1.080) (1.400) (2.280) (0.007)

Table 23: Translation results with pivoting from Fra to
Pms.
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Fra → Eng, Pivot
Model BLEU chrF++ TER COMET

Llama 42.730 66.800 39.970 0.952
(3.390) (2.190) (3.580) (0.001)

Qwen 42.940 65.990 40.340 0.952
(3.490) (2.240) (3.410) (0.001)

Gemma 42.950 66.630 39.080 0.952
(3.260) (2.020) (3.130) (0.001)

Tower 40.260 64.990 42.240 0.952
(3.210) (2.100) (3.450) (0.001)

Eurollm 41.720 65.570 42.000 0.952
(3.450) (2.250) (3.750) (0.001)

Gemini 43.330 67.260 39.590 0.952
(3.650) (2.150) (3.400) (0.001)

Gpt 42.820 66.820 39.970 0.952
(3.490) (2.320) (3.490) (0.001)

Table 24: Translation results with pivoting from Fra to
Eng.

Eng → Pms, Pivot
Model BLEU chrF++ TER COMET

Llama 3.770 28.910 92.680 0.826
(1.050) (1.410) (2.490) (0.008)

Qwen 2.200 26.200 96.920 0.828
(0.980) (1.370) (3.500) (0.008)

Gemma 3.560 29.210 91.640 0.826
(1.040) (1.420) (2.340) (0.008)

Tower 2.850 27.250 104.880 0.828
(1.110) (1.710) (11.890) (0.008)

Eurollm 3.250 28.190 91.060 0.827
(1.180) (1.410) (1.830) (0.008)

Gemini 3.970 28.850 92.650 0.822
(1.170) (1.570) (2.720) (0.009)

Gpt 3.650 29.600 90.910 0.828
(1.100) (1.380) (2.120) (0.008)

Table 25: Translation results with pivoting from Eng to
Pms.

Eng → Fra, Pivot
Model BLEU chrF++ TER COMET

Llama 47.630 67.830 37.390 0.956
(3.130) (2.170) (2.810) (0.001)

Qwen 42.230 64.330 42.110 0.956
(2.970) (1.970) (2.750) (0.001)

Gemma 47.460 67.640 38.090 0.956
(3.390) (2.240) (2.950) (0.001)

Tower 47.240 67.840 38.470 0.956
(3.190) (2.090) (2.730) (0.001)

Eurollm 48.710 68.500 37.040 0.956
(3.400) (2.310) (3.090) (0.001)

Gemini 50.750 69.800 35.350 0.956
(3.590) (2.440) (3.080) (0.001)

Gpt 48.130 68.090 37.010 0.956
(3.350) (2.330) (3.030) (0.001)

Table 26: Translation results with pivoting from Eng to
Fra.

D Parity Results

Tables 27 to 30 show the tokenizer parity scores
with respect to the different languages. Note that
scores with respect to different languages are not
comparable.

Parity w.r.t Pms
Model Ita Fra Eng

Llama 0.905 0.898 0.569
Qwen 0.909 0.897 0.576
Gemma 0.816 0.850 0.609
Tower 0.806 0.830 0.616
Eurollm 0.784 0.858 0.639
Bpe 0.783 0.847 0.687
Unigram 0.752 0.817 0.664
Gemini 0.820 0.853 0.618
Gpt 0.883 0.833 0.618

Table 27: Parity scores with respect to Piedmontese.

Parity w.r.t Ita
Model Pms Fra Eng

Llama 1.140 0.998 0.634
Qwen 1.136 0.993 0.638
Gemma 1.267 1.041 0.749
Tower 1.284 1.033 0.767
Eurollm 1.324 1.097 0.818
Bpe 1.320 1.088 0.881
Unigram 1.373 1.090 0.887
Gemini 1.258 1.040 0.757
Gpt 1.162 0.945 0.703

Table 28: Parity scores with respect to Italian.

Parity w.r.t Fra
Model Pms Ita Eng

Llama 1.164 1.028 0.640
Qwen 1.167 1.034 0.649
Gemma 1.243 0.983 0.726
Tower 1.269 0.993 0.751
Eurollm 1.232 0.935 0.753
Bpe 1.235 0.941 0.816
Unigram 1.286 0.941 0.823
Gemini 1.235 0.984 0.734
Gpt 1.258 1.086 0.751

Table 29: Parity scores with respect to French.

82



Parity w.r.t Eng
Model Pms Ita Fra

Llama 1.848 1.633 1.602
Qwen 1.831 1.622 1.584
Gemma 1.740 1.380 1.416
Tower 1.721 1.347 1.371
Eurollm 1.653 1.255 1.357
Bpe 1.532 1.166 1.250
Unigram 1.581 1.158 1.245
Gemini 1.707 1.363 1.398
Gpt 1.699 1.470 1.366

Table 30: Parity scores with respect to English.

E Alignment Metrics

We do not use possible reference alignments, so
|P | = |S|. Assuming that |A∩ S|, |A|, and |S| are
not empty, F1 can be rewritten as:

F1 =
2prec · rec
prec + rec

=

2
|A ∩ P |
|A| · |A ∩ S|

|S|
|A ∩ P |
|A| +

|A ∩ S|
|S|

=

=

2
|A ∩ S|
|A| · |A ∩ S|

|S|
|A ∩ S|
|A| +

|A ∩ S|
|S|

=

=
2|A ∩ S|
|A||S| · |A||S|

|A|+ |S| =
2|A ∩ S|
|S|+ |A|

And AER as:

AER = 1− |A ∩ S|+ |A ∩ P |
|A|+ |S| = 1− 2|A ∩ S|

|S|+ |A|

Therefore AER = 1− F1

F Hyper-parameters

For the translation task and the classification, we
use greedy decoding and we generate at most 100
tokens, which is sufficient for the ground-truth la-
bels. The closed source models do not use rea-
soning. The open-weight model are used with the
Transformers 4.57.1 text generation pipeline, while
the closed models are used through OpenRouter.

We run eflomal (version 2.0.0) with its default
parameters, then we symmetrize the alignment with
fast align atools with grow-diag-final-and. SimA-
lign is run with the following arguments:

• Model: xlm-roberta-base

• Tokenizer type: bpe

• Distortion: 0

• Layer: 8

• Matching method: itermax

G Computational Resources and Costs

The total cost for Gemini was $0.62 and $0.17 for
GPT. The provider has a zero data retention policy.
The other experiments were run on a local cluster
with up to 2 NVIDIA H100 with 95GB VRAM and
60GB RAM.

H Questionnaire

The questionnaire is in Italian. Here we show the
original version and in brackets the English trans-
lation. The questionnaire introduction explains to
the user the goal of the project and emphasizes
that it is not about evaluating the user and that it is
anonymous.
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INFORMAZIONI SU DI TE E SUL PIEMONTESE

[About you and Piedmontese]

Quale lingua utilizzi di più quotidianamente (scuola, lavoro, in giro, ecc.)?
[Which language do you use most on a daily basis?]
Seleziona una lingua dall’elenco. Se scegli "Altro", specifica la lingua nel campo di testo.
[Select a language from the list. If you choose "Other," specify the language in the text field.]
{Seleziona una lingua: Italiano, Francese, Spagnolo,Tedesco, Inglese, Rumeno, Arabo, Macedone,
Albanese, Piemontese, Preferisco non rispondere, Altro}
{Select a language: Italian, French, Spanish, German, English, Romanian, Arabic, Macedonian,
Albanian, Piedmontese, Prefer not to reply, Other}
Quanto bene parli il piemontese?
[How well do you speak Peidmontese]
Seleziona una delle opzioni che meglio descrive la tua conoscenza del piemontese.
[Select one of the options that best describes your knowledge of Piedmontese.]

• Niente o quasi, solo qualche parola [Nothing or almost nothing, just a few words]
• Poco, conosco alcune espressioni, ma faccio fatica a esprimere frasi nuove [Not much, I know

some expressions, but I struggle to express new sentences]
• Abbastanza, ma a volte lo mischio con l’italiano (o la lingua che uso principalmente) [Quite

a bit, but sometimes I mix it with Italian (or whatever language I use mostly)]
• Perfettamente o quasi, riesco a esprimere praticamente tutto [Perfectly or almost perfectly, I

can express practically everything]
Secondo te, il piemontese ha una grammatica e ortografia ben definita ("questa parola si
scrive così", "questo verbo si coniuga cosà")?
[In your opinion, does Piedmontese have a well-defined grammar and spelling ("this word is
written like this", "this verb is conjugated like this")?]
Seleziona una delle opzioni che meglio descrive la tua opinione.
[Select one of the options that best describes your opinion.]
{D’accordo, Neutrale, In disaccordo}
Quando le persone scrivono in piemontese usano questa grammatica?
[When people write in Piedmontese, do they use this grammar?]
Seleziona una delle opzioni che meglio descrive la tua opinione.
[Select one of the options that best describes your opinion.]
{D’accordo, Neutrale, In disaccordo}
Da chi hai imparato il piemontese?
[Where did you learn Piedmontese from?]
Puoi selezionare più opzioni. Se selezioni "Altro", puoi specificare.
[You can select multiple options. If you select "Other," you can specify.]

• Nonni [Grand parents]
• Genitori [Parents]
• Parenti [Relatives]
• Amici o colleghi [Friends or colleagues]
• Altro [Other]

Qual è la tua fascia d’età?
[What is your age range?]
Fai 30 anni tra 4 giorni? Seleziona "Tra 20 e 30" — Hai compiuto 40 l’altro ieri? Seleziona "Tra
40 e 50"
[Are you turning 30 in 4 days? Select "Between 20 and 30." — Did you turn 40 the day before
yesterday? Select "Between 40 and 50."]

• Meno di 20 [Less than 20]
• Tra 20 e 30 [Between 20 and 30]
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• Tra 30 e 40 [Between 30 and 40]
• Tra 40 e 50 [Between 40 and 50]
• Tra 50 e 60 [Between 50 and 60]
• Più di 60 [More than 60]
• Preferisco non rispondere [I prefer not to answer]

TRADUZIONE

[Translation]

Come scriveresti questa frase in piemontese?
[How would you write this sentence in Piedmontese?]
Linee guida:

• Se non sai come tradurla non scrivere nulla. Se vuoi puoi riprovare e il questionario dovrebbe
proporre una frase casuale diversa. [If you don’t know how to translate it, don’t write anything.
If you want, you can try again and the questionnaire should suggest a different random
sentence.]

• Non usare traduttori automatici (Google Translate, ecc.). [Do not use automatic translators
(Google Translate, etc.).]

• Non aggiungere spiegazioni (no "la traduzione è:", "... (vuole anche dire ...)") o diverse
traduzioni possibili (no: "... (che vuole dire ...)", "... opzione 1/opzione 2 ..."). [Do not add
explanations (no "the translation is:", "... (also means ...)") or multiple possible translations
(no: "... (which means ...)", "... option 1/option 2 ...").]

• Può essere che alcune parole siano difficilmente traducibili. Scrivile come le scriveresti tu.
[Some words may be difficult to translate. Write them as you would.]

• Puoi chiedere aiuto ai nonni. [You can ask your grandparents for help.]
• Accenti e simboliche magari non sono sulla tastiera (’a’ come esempio). Da telefono puoi

tenere premuta una lettera per vedere le opzioni disponibili. [Accents and symbols may not be
on the keyboard (’a’ as an example). On your phone, you can press and hold a letter to see
the available options.]
à: /’a, á: /"a, â: /ˆa, ã: ~a, ä: /:a, a̧: /,a, ȧ: /.a, å: /°a, ă: /=a, ø: //o

In italiano [In Italian]
Sample
In piemontese [In Piedmonetese]
Text field

VALUTAZIONE

[Evaluation]

Come valuteresti la seguente traduzione?
[How would you rate the following translation?] Considera possibili variazioni del piemontese
(ad esempio di qualcuno di Torino o di Verduno). La traduzione è stata fatta da un’altro utente e
presentata senza alcuna modifica.
[Consider possible variations in Piedmontese (for example, someone from Turin or Verduno). The
translation was done by another user and presented unchanged.]

In italiano [In Italian]
Sample
In piemontese [In Piedmonetese]
Sample

• Interamente corretta o quasi [Completely correct or almost]
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• Probabilmente corretta, l’avrei scritta in altro modo [Probably correct, I would have written
it differently]

• Parzialmente corretta [Partially correct]
• Totalmente sbagliata o quasi [Totally wrong or almost]
• Non lo so [I do not know]
• Risposta mancante, offensiva o non pertinente [Missing, offensive or irrelevant response]
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Abstract

Code-Switching (CS) is common in multilin-
gual communication, yet it is unclear how
well current Large Language Models (LLMs)
reproduce naturally occurring switching pat-
terns. This paper studies German–English
CS (“Denglisch”) generated by GPT-4o-mini
and LLaMA-3.3, using Reddit data from the
Denglisch Corpus as a reference. Model out-
puts are compared to authentic posts using es-
tablished CS metrics (M-Index, I-Index, CE-
SAR), an analysis of Shared Lexical Items
(SLIs) as switch triggers, and a human eval-
uation of Perceived Naturalness and Perceived
Fluency. Both models approximate global CS
characteristics but differ in the diversity and
complexity in comparison to real data. LLaMA-
3.3 more closely matches corpus-level metrics,
whereas GPT-4o-mini produces more conser-
vative switching that is rated as significantly
more natural and fluent. In addition, GPT-4o-
mini reproduces SLI-triggered switching pat-
terns similar to those found in authentic data,
while this effect is weaker for LLaMA-3.3.

1 Introduction

Large Language Models (LLMs) such as GPT-4 are
increasingly being used in everyday applications,
such as chatbots, translation systems and writing
assistants. Since the release of ChatGPT in 2022,
they have quickly become widespread (Hu, 2023).
At the same time, multilingualism is commonplace
in digital communication spaces. According to esti-
mates, around 3.5 billion people speak at least two
languages (Grosjean, 2021). A key phenomenon
here is Code-Switching (CS), i.e. switching be-
tween two or more languages within a conversation,
sentence or even a word (Riehl, 2019a). CS fulfils
both linguistic economy and identity-related func-
tions, especially in informal contexts and social
media (Riehl, 2019b).

Despite their strong multilingual capabilities,
there has been limited research into how well mod-

ern LLMs actually replicate such naturally occur-
ring CS patterns. Studies show that even large
multilingual LLMs often lag behind specialised
systems in CS-related tasks and are ‘not (yet) Code-
Switchers’ (Zhang et al., 2023). At the same time,
linguistic studies suggest that so-called Shared Lex-
ical Items (SLIs), i.e. words that occur in both
languages, can trigger language switching in a tar-
geted manner by increasing the probability of a
switch in their environment (triggering hypothesis)
(Broersma and de BOT, 2006).

Within this context, this paper examines the ex-
tent to which current LLMs can realistically imi-
tate German-English CS from Reddit posts. Based
on the Denglisch Corpus (Osmelak and Wintner,
2023), we have two models (GPT-4o-mini and
LLaMA-3.3) generate new Denglisch posts and
compare them with authentic posts using estab-
lished CS metrics, an analysis of SLIs and a human
evaluation.

Specifically, this paper addresses the following
research questions:

• Research Question (RQ) 1: To what extent
can current LLMs reproduce the global CS
patterns of Denglisch Reddit posts?

• Research Question (RQ) 2: Do LLMs ex-
hibit SLI-triggered CS patterns similar ob-
served to those in real Denglisch data?

2 Background

2.1 Code-Switching
Code-switching (CS) generally refers to the switch
between two (or more) languages within a single
utterance, sentence, or conversation (Riehl, 2019a;
Muysken, 2011). The matrix language, which de-
termines the grammatical structure and the main
part of the expression, is supplemented by the em-
bedded language, which inserts individual words,
phrases, or expressions from another language
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(Myers-Scotton, 2017). The phenomenon typically
occurs among bilingual speakers and multilingual
communities and requires a corresponding level of
linguistic competence. Typically, the grammatical
structures of the languages are not violated. CS is
influenced by sociocultural, situational, or contex-
tual factors. Poplack (1980) and Kootstra (2015)
provide an psycholinguistic view on it.

The literature distinguishes between different
types of CS. Traditionally, a distinction is made be-
tween intra-sentential CS, inter-sentential CS
and tag switching (Poplack, 1980). In intra-
sentential CS, the language switch occurs within
a sentence, typically at syntactically compatible
boundaries. In inter-sentential CS, the switch oc-
curs between sentences or larger units of speech.
Tag switching, on the other hand, refers to the in-
sertion of short fixed expressions (e.g. discourse
markers) from another language. In addition, intra-
word CS (Myers-Scotton, 1989) is often described,
in which the switch occurs within a word (e.g.
through the combination of morphemes).

2.2 Code-Switching Metrics
In order to quantify CS, there are a number of es-
tablished measures that capture different aspects of
language switching. The metrics used in this study
are primarily the M-Index, I-Index and CSR.

The normalized (Chi et al., 2024) M-Index (Mix-
ing Index) (Barnett et al., 1999, p. 202)measures
the balance of the languages involved based on rel-
ative token frequency. Values close to 0 indicate
a strong dominance of one language, while values
close to 1 indicate an even distribution.

The I-Index (Integration-Index) quantifies the
density of switch points in the text (Guzmán et al.,
2017). It measures how often two neighbouring
tokens are assigned to different languages. A value
of 0 means no language switch, while a value of 1
means a switch occurs at every token.

The CSR (Code-Switching Rate) corresponds
to a simplified form of the I-Index. It describes
the proportion of token boundaries at which a lan-
guage change occurs and can be interpreted as the
probability of a change at a random position.

Finally, CESAR measures the degree of CS rel-
ative to a reference language. It combines the oc-
currence, i.e. the proportion of tokens that contain
tokens from another language, with the burstiness,
i.e. how strongly these foreign-language tokens
occur in clusters within the units (Abidi and Smaïli,
2021). A value of 0 means that the text is exclu-

sively in the reference language, while a value of 1
means that it does not occur at all.

2.3 Shared Lexical Items

The triggering hypothesis (Clyne, 2003) assumes
that certain lexical elements that occur in both lan-
guages of a speaker’s repertoire increase the prob-
ability of a language switch. These ‘shared lexi-
cal items’ (SLIs) include proper names, culturally
specific terms, and terms for which there is no di-
rect translation. The presence of such a trigger in
an utterance appears to cause the brain to switch
from one language to another (BROERSMA and
DE BOT, 2006).

Wintner et al. (2023) confirm this assumption
in a large-scale analysis of several language pairs.
They have demonstrated that the probability of a
switch increases significantly when an SLI appears
shortly before the switch and is slightly lower when
it occurs afterwards. They distinguish SLIs accord-
ing to origin, such as shared English, shared Ger-
man or shared other. These findings form the basis
for the present study, in which we examine whether
modern LLMs show similar SLI-triggered patterns
in German-English CS.

2.4 LLMs and Code-Switching

Although modern LLMs have strong multilingual
capabilities, they still show limitations in CS. Stud-
ies show that even large models often lag behind
specialised systems in CS-related tasks (Zhang
et al., 2023). Challenges arise in particular from
correct token-level language identification and
other token-level processing, dealing with ambigu-
ous word forms, and adhering to grammatical CS
patterns (Çetinoğlu et al., 2016). For the German-
English language pair in particular, both CS re-
search in general and work on LLM behaviour un-
der CS are still relatively underrepresented and
only few annotated resources are available. Osme-
lak and Wintner (2023) address this gap by intro-
ducing the Denglisch Corpus, a German-English
CS corpus that serves as an empirical basis for our
study.

3 Data and Methodology

3.1 Denglisch Corpus

For our experiments, we use the Denglisch Corpus
of Osmelak and Wintner (2023). This is an exten-
sive corpus of German-English CS posts from Red-
dit. The corpus was created specifically to reflect
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naturally occurring Denglisch in informal online
texts and contains around 31,500 posts. It contains
various forms of CS, such as intra/inter-sentential,
tag-based and hybrid forms of CS. The posts come
from different subreddits and cover a wide range
of topics, making the corpus a representative basis
for the analysis of mixed-language online commu-
nication.

To generate and compare the LLM responses,
we take a random sample of 50 posts (Input-Data)
that represent the entire corpus as well as possible
in terms of length, CS characteristics and stylistic
variation. There are several reasons for limiting the
sample to 50 examples. On the one hand, process-
ing very large amounts of data can lead to instabil-
ity (Bender et al., 2021). At the same time, a small,
carefully selected input allows for a more precise
analysis of model behaviour, especially with regard
to few-shot scenarios.

3.2 Annotation
Osmelak and Wintner (2023) also provide a fine-
grained annotation scheme and word-level classi-
fier as part of their work. In addition to clear lan-
guage labels (German/English), the scheme also in-
cludes categories for loanwords, ambiguous forms
and mixed constructions, which enables precise
identification of CS points. Part of the corpus was
annotated manually and used to develop a classifier,
which was then applied to the complete data set.
They report an average tagging accuracy of 0.764
at the sentence level (i.e., across all tags within a
sentence), and, for instance, F1 scores of 0.96 and
0.97 for German and English tags, respectively (Os-
melak and Wintner, 2023, Table 5).

For our experiments, we reuse this classifier
to consistently annotate all LLM-generated texts.
To make the labels comparable across corpus and
model outputs, we map the original fine-grained
tags onto a compact tagset with four language cat-
egories. All German-specific labels are collapsed
into a single GERMAN class, all English-specific
labels into ENGLISH, mixed labels (e.g. hybrid
forms) into MIX, and discourse marker, interjec-
tions and similar neutral items into a TAG/OTHER

class. In addition, we exploit the orignal shared-
item labels of the classifier. All tokens tagged as
shared (e.g. shared English, shared German, shared
other) are marked with an SLI flag and their ori-
gin. This annotation allows us to automatically
compute all CS metrics and to identify both differ-
ent CS types and SLI-triggered switches across the

three sources.

3.3 Models

We compare the GPT-4o-mini and LLaMA-3.3-
70B-Instruct (LLaMA-3.3) models. The selection
is based on criteria for CS evaluation scenarios.
These include multilingualism, model size, accessi-
bility, and usage costs. According to Zhang et al.
(2023), also the MMLU1 benchmark is suitable for
this purpose although it is not explicity designed as
a CS benchmark.

While GPT-4o-mini is a proprietary API model
with paid token rates and an MMLU score of
82 % (OpenAI, 2024), LLaMA-3.3 is a freely us-
able open-source model that can be run locally
or in cloud environments and an MMLU score of
86 % (Hugging Face, 2024). Furthermore, the mod-
els differ in parameter count (GPT-4o-mini: 8B2;
LLaMA-3.3: 70B) and training methods. Since
model size and training regime have been shown
to influence the quality of generative tasks (Brown
et al., 2020), this model comparison provides cross-
validation of the CS patterns across parameter and
training differences.

3.4 Generation Setup

To generate the LLM outputs, we use a standard-
ised prompt design that is identical for both models.
The prompts given to the LLMs and discussed here
are provided in Appendix A. Each of the 50 in-
put posts is given to the respective models together
with a brief introduction to CS. The respective CSR
is also provided with each of the sample posts so
that the models can recognise the typical CS in-
tensity of the data. Our pilot tests with and with-
out this additional information showed a positive
affect on the models’ performance regarding CS
generation. The structure of the prompt follows
the few-shot principle, which has proven effective
for controlling linguistic generation tasks (Brown
et al., 2020).

In the instructions, the models are asked to gen-
erate a 3-sentence Reddit post that contains natural
German-English CS and varies in content and style.
In addition, the generated post should have a CSR
close to the median value of the examples provided.

1MMLU (Massive Multitask Language Understanding) is
a multiple-choice test that evaluates LLMs in 57 different sub-
ject areas to measure their cross-domain knowledge coverage
and problem-solving skills.

2A pre-print article (https://arxiv.org/abs/2412.
19260) discloses the parameter size (8B), the final article does
not include absolute numbers (Ben Abacha et al., 2025).
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To promote stylistic diversity, we use a temperature
of 0.9. Lower values led to predominantly mono-
lingual or repetitive responses in pilot runs. All
generations are performed under identical condi-
tions for both models. The outputs are then saved
and further processed for annotation and metric
calculation. This controlled setup mitigates prompt
bias and found differences in the CS patterns are
can be attributed to the models themselves.

3.5 Human Evaluation Setup
To supplement the automatic metrics, we con-
ducted a human evaluation to assess the Perceived
Naturalness and Perceived Fluency of the posts.
The survey was implemented via a crowdsourcing
platform and targeted participants located in the
German-speaking DACH region (Germany, Aus-
tria, Switzerland). Eligibility criteria required par-
ticipants to have German as a (co-)native language
and to report at least intermediate proficiency in
English, ensuring that they were able to understand
and evaluate German–English CS posts.

After excluding two participants based on a con-
trol question, we could include responses of 133
individuals in our analysis. The age distribution is
predominantly in the 25–44 age range. Younger
(under 18) and older participants (over 65) are
clearly under-represented. The vast majority of
participants stated German as their native language
(≈ 91%), with only a few naming English or other
languages as their native language. Among the
German-speaking participants, more than three-
quarters rated themselves as ‘advanced’ or ‘fluent’
in English, suggesting a high level of bilingual com-
petence and good conditions for assessing German-
English CS patterns.

Each participant completed one questionnaire
containing five Reddit posts with German–English
CS, randomly sampled from the three sources GPT-
4o-mini, LLaMA-3.3, and the Input-Data. In total,
14 posts per source (42 posts overall) were included
in the evaluation, each of which was rated 15 times,
resulting in 630 individual ratings. The posts were
randomly assigned to questionnaire versions and
randomised in order to reduce position and anchor-
ing effects. The exact wording of all questions
and items discussed here and in the following are
provided in Appendix B.

The central scales for the assessment were Per-
ceived Naturalness and Fluency. Each of them
were measured on a five-point Likert scale rang-
ing from ’very unnatural/unsmooth’ (1) to ’very

natural/smooth’ (5). After the naturalness rating,
participants who selected ’very unnatural’ or ’rather
unnatural’ were presented with a follow-up ques-
tion asking to select from pre-defined reasons why
the post seemed unnatural (e.g. unnatural mix-
ture of German and English, unusual word choice,
grammar errors, lack of natural flow). Conversely,
participants who selected ’very natural’ or ’rather
natural’ received an analogous question asking for
reasons why the post seemed natural (e.g. authen-
tic language switching, natural mixture of German
and English, typical Reddit phrases, natural word
choice). If ’neutral’ was selected, no follow-up
question on reasons was shown.

In addition, the questionnaire collected demo-
graphic information (age group, native language,
self-assessed proficiency in the other language) as
well as self-reported usage patterns. This means,
how often participants read and post in online fo-
rums such as Reddit, and how often they them-
selves use CS in online texts. These variables serve
to contextualise the ratings and to identify potential
factors that might influence the perception of CS.

The collected data was then evaluated descrip-
tively. We compared the mean values of the eval-
uations across models and corpora and examined
whether the Perceived Naturalness or Fluency cor-
related with objective CS metrics (CSR, M-Index,
I-Index, CESAR).

4 Quantitative Results

4.1 Global CS Patterns

In a first step, we examine the global properties of
the CS patterns generated by the models using the
three metrics presented (see subsection 2.2). The
M-Index describes the linguistic diversity within
a post, the I-Index describes the frequency of lan-
guage changes, and CESAR describes the complex-
ity and burstiness of the CS patterns.

As shown in Figure 1, LLaMA-3.3 achieves
higher mean values than GPT-4o-mini (0.247 vs.
0.196) in the M-Index, which indicates greater
linguistic diversity in the LLaMA-3.3 responses.
However, the Input-Data show higher values
(0.369), meaning that none of the models reach
the level of real Denglish posts. A similar picture
emerges for the I-Index. With a mean of 0.165,
LLaMA-3.3 is clearly above GPT-4o-mini (0.099)
and the difference to the Input-Data (0.174) is re-
markable smaller. LLaMA-3.3 thus tends towards
more frequent language changes and a more inte-
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grated language mix overall, while GPT-4o-mini
remains more conservative.

The differences between the two models are
less pronounced in the CESAR score. GPT-4o-
mini achieves a mean of 0.273, while LLaMA-3.3
achieves slightly higher values of 0.283. However,
none of both match the CESAR score of the Input-
Data (0.336), indicating that neither the complexity
nor the burstiness of the CS patterns in the corpus
are fully replicated. Figure 1 shows that LLaMA-
3.3 is closer to the corpus mean values across all
metrics than GPT-4o-mini. Overall, these results
only partially support Hypothesis 1. Both mod-
els imitate global properties of the CS structure,
but underestimate the degree of linguistic diver-
sity, alternation frequency and complexity, with
LLaMA-3.3 approximating the Input-Data more
consistently than GPT-4o-mini.

Figure 1: Mean values and standard deviation of M-
Index, I-Index, and CESAR for GPT-4o-mini, LLaMA-
3.3, and the Input-Data.

4.2 SLI-triggered CS

Building on the concept of Shared Lexical Items
(SLIs) and the triggering hypothesis from subsec-
tion 2.3, we now examine whether SLIs occur pref-
erentially near CS points in our data (Hypothesis
2). Specifically, we examine the extent to which
LLMs reproduce the SLI trigger effects observed
in the Input-Data.

For each of the three sources (GPT-4o-mini,
LLaMA-3.3, Input-Data), we construct a 2 × 2
contingency table that compares SLIs vs. non-SLIs
and ‘near to CS’ vs. ‘not near to CS’. A token is
considered to be near to CS if a switch point occurs
within a range of six words. This range captures
both upstream and downstream trigger effects. We

use the corresponding frequencies to calculate the
Relative Switching Propensity (RSP), i.e. the ratio
of the CS probability near SLIs to the CS probabil-
ity near non-SLIs. Values greater than 1 indicate
a positive correlation between SLIs and CS. The
model values are averaged over 50 generation runs
(2,500 posts per model), with the Input-Data cor-
responding to the 50 original posts. The central
results are summarised in Table 1.

GPT-4o-mini LLaMA-3.3 Input-Data

% SLIs near CS 63.00 87.50 67.06
% non-SLIs near CS 32.81 66.17 37.84

RSP 1.92 1.32 1.77

Table 1: Shared lexical items (SLIs) and their associ-
ation with CS: percentage of SLIs and non-SLIs near
CS and relative switching propensity (RSP) for GPT-4o-
mini, LLaMA-3.3, and the Input-Data.

The Input-Data shows a clear SLI trigger ef-
fect. Of the 85 SLIs in the sample, 57 occur near
CS (67.06 %), while this is only true for 1,077 of
2,845 non-SLIs (37.84 %). This results in an RSP
of 1.77. This means that CS is 1.77 times more
likely to be near an SLI than near a non-SLI. For
the Input-Data, Fisher’s exact test shows that SLIs
occur near CS significantly more often than non-
SLIs (p < 0.05).

GPT-4o-mini clearly reflects this pattern. On
average, 63.00 % of SLIs are close to CS, while this
applies to only 32.81% of non-SLIs. The resulting
RSP is 1.92, which is slightly above the value of the
Input-Data (1.77). For GPT-4o-mini, SLIs occur
near CS significantly more often than non-SLIs
according to Fisher’s exact test (p < 0.05).

LLaMA-3.3 shows a slightly different profile.
Although 87.50 % of SLIs are close to CS, the
proportion of non-SLIs close to CS is also signif-
icantly higher at 66.17 %. Accordingly, the RSP
is lower at 1.32, as the baseline CS probability is
also high for non-SLIs. For LLaMA-3.3, Fisher’s
exact test does not indicate a significant association
(p ≥ 0.05).

Overall, Input-Data and GPT-4o-mini exhibit a
clear SLI trigger effect with comparable RSP val-
ues, whereas LLaMA-3.3 shows a weaker associ-
ation, reflecting a generally higher CS rate across
tokens. From a quantitative perspective, the results
thus provide partial confirmation of Hypothesis 2.
SLIs are associated with an increased CS probabil-
ity, and GPT-4o-mini reproduces this pattern closer
to the Input-Data than LLaMA-3.3.
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4.3 Human Evaluation

The results of the automated analysis were sup-
plemented by a human evaluation, in which the
Perceived Naturalness and Fluency of the posts
were assessed.

To assess Perceived Naturalness, participants
rated all posts on a five-point Likert scale from
‘very unnatural’ (1) to ‘very natural’ (5). Overall,
GPT-4o-mini was rated significantly more posi-
tively than LLaMA-3.3 and the Input-Data. The
categories ‘rather natural’ or ‘very natural’, were
selected in around 47 % of the ratings for GPT-
4o-mini fall into the categories ‘rather natural’ or
‘very natural’, compared to 33 % for LLaMA-3.3
and 30 % for the Input-Data. Conversely, the Input-
Data was most frequently rated as (rather) unnat-
ural (56 %), followed by LLaMA-3.3 (50%) and
GPT-4o-mini (36 %). Interestingly, in terms of
mean scores, GPT-4o-mini achives the highest Per-
ceived Naturalness (3.19), followed by LLaMA-3.3
(2.77) and the Input-Data (2.56). The standard de-
viations are very similar across all three sourced
at around 1.2 points on the five-point scale. Mann-
Whitney U tests with Bonferroni correction indi-
cate that the distributions of naturalness ratings
differ significantly between all three sources (cor-
rected p < 0.01).

The Perceived Fluency of the language switches
was also measured on a five-point scale from ‘very
unsmooth’ (1) to ‘very smooth’ (5). Here, too,
the LLMs performed better overall than the Input-
Data. For GPT-4o-mini, about half of the ratings
fall into the top two categories (‘rather fluent’ and
‘very fluent’), while for LLaMA-3.3 the propor-
tion is slightly lower, and the Input-Data is per-
ceived as (rather) non-fluent significantly more of-
ten. The mean fluency scores again show a clear or-
dering. GPT-4o-mini obtains the highest mean rat-
ing (3.29), LLaMA-3.3 scores 3.02 and the Input-
Data 2.60, with standard deviations close to 1.2 for
all three sources. Mann-Whitney U tests indicate
significant differences between both LLMs and the
Input-Data (corrected p < 0.001), while the differ-
ence between GPT-4o-mini and LLaMA-3.3 in flu-
ency ratings is not statistically significant. Figure 2
summarises the mean ratings for both Perceived
Naturalness and Fluency and illustrates the consis-
tent advantage of GPT-4o-mini over LLaMA-3.3
and the Input-Data.

The open-ended responses regarding the reasons
for (un)naturalness provide additional insights into

Figure 2: Mean values and standard deviation of Per-
ceived Naturalness and Perceived Fluency of GPT-4o-
mini, LLaMA-3.3, and the Input-Data (5-point Likert
scale).

the perception of the models. The most frequently
cited reason for unnaturalness is an ‘Unnatural mix-
ture of German and English’. This reason occurs
most frequently with GPT-4o-mini, followed by
LLaMA-3.3 and the Input-Data. ‘Unusual choice
of words’ is mentioned with similar frequency in
all three groups. It is striking that a ‘Lack of natural
speech flow’ is mentioned particularly frequently in
LLaMA-3.3 and the Input-Data, while this reason
appears less frequently in GPT-4o-mini. Grammat-
ical errors, on the other hand, are mainly attributed
to the Input-Data and significantly less frequently
to the LLM outputs, which suggests that the models
usually produce relatively clean grammar.

To qualitatively illustrate the differences be-
tween GPT-4o-mini, LLaMA-3.3, and the Input-
Data, Table 2 shows representative three-sentence
posts from each source used in our experiments.
For each source, we show one post with low,
medium and high CS rates to illustrate variation
across CS intensity levels.

Overall, and considering only the numerical re-
sults, the human evaluation indicates that the two
LLMs employed, with —GPT-4o-mini in particu-
lar, outperform the authentic Reddit posts with re-
spect to perceived naturalness and fluency of lan-
guage. We attribute this primarily to the models’
capacity to produce code-switching, combined with
their tendency to generate text that adheres closely
to standard grammatical and orthographic conven-
tions, in contrast to typical Reddit contributions.
Had the LLMs been able to systematically imitate
the non-standard, error-prone style characteristic
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GPT-4o-mini LLaMA-3.3 Input-Data

Post 1 (low CS)

Die letzten Tage waren einfach crazy. Ich
habe so viel Zeit damit verbracht, mich
durch die neuen Marvel-Serien zu binge-
watchen und es ist als ob ich in einer
anderen Welt bin. Die Storylines sind so
gut, dass ich ständig über die Charakter-
entwicklung nachdenke und dabei dachte
ich: Are they really going to pull this off?
Hoffentlich geht das nicht in die Hose
wie bei manchen Filmen.

Das Problem mit den neuen Datenschutz-
bestimmungen ist, dass sie oft sehr kom-
plex sind und man sich durch die klei-
nen Druckerzeichen und den fine print
kämpfen muss, um zu verstehen, was
man da eigentlich akzeptiert, und ich den-
ke, das ist ein bisschen wie ein Catch-22,
weil man entweder seine Privatsphäre op-
fern oder sich durch einen terms of ser-
vice kämpfen muss, der länger ist als ein
Harry-Potter-Buch.

There is no glory in prevention ja, aber ob
die absolute Anzahl der Kontakte durch
eine Ausgangssperre wirklich reduziert
wurde, ist schon zu hinterfragen.

Post 2 (medium CS)

Das Wetter hier ist wirklich verrückt.
Letzte Woche waren wir bei 30 Grad und
jetzt liegt Schnee. Just when I thought,
wir könnten endlich den Frühling genie-
ßen, kommt der Winter zurück. Ich mei-
ne, seriously, was soll das? Es ist, als
würde Mother Nature mit uns spielen.

Ich bin gerade total frustrated mit dem
aktuellen Stand der Dinge, es ist einfach
too much, wenn man sieht, wie die Poli-
tiker mit dem Thema Umsatzsteuer um-
gehen, total unfair, und ich denke, es ist
Zeit für einen change, vielleicht sollte
man einfach das System hinterfragen und
nach neuen Lösungen suchen, wie zum
Beispiel eine flat tax, aber das ist natür-
lich ein komplexes Thema, das mehr dis-
kussion und expertenwissen braucht, um
es richtig zu verstehen und umzusetzen.

Amerikanische mandatory sentences und
auch three strike laws, grade in kombi-
nation mit der todesstrafe, sind extremst
menschenunwürdig und von der Art und
Weise wie Menschen zu unfairen plea-
deals genötigt werden weil das justizsys-
tem einfach komplett zusammen brechen
würde wenn auch nur 40% aller Men-
schen auf ne trial bestehen würden will
ich gar nicht erst anfangen.

Post 3 (high CS)

Ich habe neulich eine Doku über die ame-
rikanische Kultur gesehen und wow, die
Unterschiede sind echt krass. In den USA
feiern sie Thanksgiving mit Turkey und
Family, während wir hier in Deutsch-
land einfach unser Weihnachtsessen ha-
ben. Das klingt fast wie ein Wettbewerb,
welcher Feiertag die meisten Kalorien
bringt. Und dann die Black Friday Sales
– what’s up with that? Ich kann mir nicht
vorstellen, dass wir hier so etwas machen
würden.

Ich habe gerade ein super cooles Video
auf YouTube gesehen, das war ein tota-
ler game changer, weil es zeigte, wie
man mit einem einfachen hack das Le-
ben leichter machen kann, zum Beispiel
mit einem life hack, um den Alltag zu ver-
einfachen, und ich dachte, das wäre ein
interessanter topic für eine Diskussion,
weil es zeigt, dass man mit einem little
trick und einem bisschen creativity ein
lot erreichen kann.

das problem dabei ist, wenn man browser
erweiterungen wie Reddit Enhancement
Suite benutzt steht hinter jedem namen
den man jemals ge-up oder downvoted
hat die summe der votes. Deine art zu
voten ist dann wie wenn du auf youtube
einmal nen rap video upvotest weil der
text besonders kreativ ist oder aus wel-
chem grund auch immer obwohl du rap
musik hasst und dann hast du die nächs-
ten 2 monate auf deiner youtube startseite
nur noch rap videos / kanäle.

Table 2: Representative three-sentence posts from GPT-4o-mini, LLaMA-3.3, and the Input-Data illustrating typical
German–English CS patterns observed in our experiments. Posts are ordered from low to high CS rate.

of many Reddit posts, it is likely that the evaluators
would have judged the LLM-generated content less
favorably than the original dataset messages.

A further perspective on these findings arises
from the composition of our evaluator sample. The
participants are not representative of the general
population of German Reddit users who frequently
engage with the platform. This limitation and its
implications are discussed in more detail in the
following section.

Crucially, the primary aim of the human evalua-
tion was not to assess the LLMs’ ability to per-
fectly replicate prototypical Reddit texts—or, more
broadly, highly irregular user-generated content—
but rather to determine whether the models can

produce code-switching in a manner that human
readers find convincing.

5 Discussion

This study examined the extent to which current
LLMs can realistically imitate German-English CS
in Reddit-like texts. The focus was on global CS
patterns in comparison to the Denglisch Corpus
(RQ 1) and SLI-triggered language switching (RQ
2). This was supplemented by a human evaluation
of Perceived Naturalness and Fluency. In the fol-
lowing, we discuss the findings in terms of these
questions and possible technical causes.

With regard to RQ 1, the models only partially
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reproduce the global CS characteristics. In terms of
the M-Index and I-Index, LLaMA-3.3 shows smal-
ler deviations from the Denglisch corpus than GPT-
4o-mini, indicating a higher degree of linguistic
mixing and more frequent language switching. For
CESAR, both models exhibit similarly small dif-
ferences relative to the Input-Data. From a purely
metric point of view, LLaMA-3.3 initially appears
to be more ‘English-like’ than GPT-4o-mini. Ho-
wever, the human evaluation shows that greater mi-
xing and higher alternation frequency are not auto-
matically perceived as more natural or fluent. GPT-
4o-mini achieves significantly higher ratings for
Perceived Naturalness and Fluency than LLaMA-
3.3 and the Input-Data, even though it switches
more conservatively overall. This supports the as-
sumption that natural Denglisch is characterised
more by selective, well-embedded language swit-
ching than by ‘as much CS as possible’. This is
a pattern that GPT-4o-mini realises more strongly
than LLaMA-3.3.

RQ 2 concerned SLI-triggered language swit-
ching. Here, the Input-Data and GPT-4o-mini show
very similar patterns. In both cases, the probability
of a switch in the vicinity of SLIs is significantly in-
creased. The RSP in these cases is in a comparable
range. Although LLaMA-3.3 also has an RSP value
above 1, the effect is weaker and statistically not
significant. Considering the triggering hypothesis,
this can be interpreted as GPT-4o-mini apparently
having learned to use certain shared lexemes as na-
tural ‘anchor points’ for language switching, while
LLaMA-3.3 uses CS in a much more widespread
manner. Due to the overall high CS rate, the switch
probability also increases in the vicinity of non-
SLIs, which weakens the relative trigger effect. RQ
2 is thus also partially confirmed. SLIs clearly act
as triggers in both the Input-Data and the GPT-4o-
mini outputs, but this mechanism is significantly
weaker in LLaMA-3.3.

The observed differences can be plausibly ex-
plained by technical and linguistic factors. GPT-
4o-mini belongs to the GPT-4 family and was trai-
ned on a broad, multilingual database, followed
by an Reinforcement Learning from Human (RL-
HF) phase with a strong focus on dialogical and
user-oriented scenarios (OpenAI, 2024). OpenAI
states that GPT-4 shows significantly improved per-
formance in non-English languages compared to
previous versions (OpenAI, 2024). Given this back-
ground, the strong performance of GPT-4o-mini
in a German-English context can be understood as

a result of diversified training. In addition, RLHF
tuning may have contributed to GPT-4o-mini ten-
ding to respond in the language of the input and
only changing languages when stylistically or con-
textually motivated, as indirectly evidenced by the
studies of (Zhou et al., 2024). This assumption is
supported by the results of this work regarding the
selective use of CS in GPT-4o-mini outputs.

LLaMA-3.3-70B-Instruct is based on Meta’s
LLaMA-3 architecture, which was pre-trained on
approximately 15 trillion publicly available tokens
(Grattafiori et al., 2024). According to the model
card, the corpus contains texts in over 30 languages
but is heavily dominated by English. Only about
5 % of the training data is non-English content
(Hugging Face, 2024), so the proportion of expli-
citly German texts is probably well below 1 %.
Instruction fine-tuning was also predominantly car-
ried out on English-language prompts (Hugging
Face, 2024). This configuration is consistent with
the findings of Meeus et al. (2024) and Chang et al.
(2023), which show that models trained primarily
in English and highly multilingual systematically
lose quality in underrepresented languages (‘curse
of multilinguality’). This offers a plausible expla-
nation for the weaker performance of LLaMA-3.3
in the Denglisch context.

In substance, this has several consequences for
the evaluation of CS in LLMs. First, it becomes
clear that surface metrics such as M-Index, I-Index
and CESAR provide important information, but wi-
thout human evaluation and psycholinguistically
motivated measures such as RSP, they can easily be
misleading. One model may be closer to the Input-
Data in terms of metrics, yet appear less natural
than another. Second, the SLI findings show that
LLMs can internalise subtle, cognitively motiva-
ted patterns of bilingual language production under
suitable training conditions. GPT-4o-mini closely
replicates the SLI trigger effect of the Input-Data,
while LLaMA-3.3 only replicates it to a lesser ex-
tent. Thirdly, the diverging profiles of GPT-4o-mini
and LLaMA-3.3 underscore that CS competence is
highly model-dependent and that statements about
the CS ability of LLMs must always be interpreted
against the background of specific training data and
fine-tuning regimes.

6 Conclusion

This study examined the extent to which current
LLMs can replicate German-English CS in Red-
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dit posts. Compared to the Denglisch Corpus, both
models show that they only approximate global CS
patterns. LLaMA-3.3 is closer to the Input-Data
values from the corpus in terms of M-Index and
I-Index, while GPT-4o-mini is perceived as signifi-
cantly more natural and fluent in the human evalua-
tion.

With regard to SLI-triggered CS, GPT-4o-mini
shows a pattern that is very similar to the Input-
Data, while the relative trigger effect is significant-
ly weaker in LLaMA-3.3. Overall, this suggests
that LLMs are indeed capable of internalising more
refined, psycholinguistically motivated CS struc-
tures, but that their expression is highly model-
dependent.

7 Future Work

This study provides relevant insights into the ways
in which LLMs emulate German–English code-
switching. At the same time, the identified limita-
tions and the obtained results suggest several ave-
nues for further research that can be pursued in
subsequent studies. In addition to the question of
the extent to which LLMs are capable of genera-
ting irregular user-generated content, the following
code-switching-related topics may be addressed:

• By fine-tuning selected LLMs on annotated
CS corpora, it is possible to investigate whe-
ther the models generate more realistic langua-
ge switches as a result. This would demonstra-
te the extent to which CS can be learned and
controlled by LLMs.

• A comparison of different language combina-
tions, such as Turkish-German, can provide
information about whether the observed mo-
del behaviour is stable across languages or
specific to the German-English language pair.
This would allow for a better differentiation
between language pair- and model-specific
influences.

• The use of alternative corpora, such as spoken
dialogue data or other platforms beyond Red-
dit, could provide deeper insights into how the
characteristics of the Input-Data influence CS
behaviour in LLMs.

• A focus on prompting could help to under-
stand the extent to which this affects CS be-
haviour or what remains shaped by internal
training patterns.

• The development of a standardised benchmark
for evaluating CS in LLMs would create a ba-
sis for reproducible research and enable syste-
matic model comparisons.

• Finally, it could also be investigated to what
extent the models use CS in a discourse-
specific manner. This means, for example,
whether they use CS for emphasis, group iden-
tification, or to mark contrast.

Limitations

Like any study, this work has several limitations
that should be taken into account when interpreting
the results. These mainly concern the data basis,
the selection of models, the analysis tools used, and
the design of the human evaluation. We consider
the following the most important.

One key limitation concerns the data used.
The Denglisch Corpus is based on Reddit posts,
which reflect authentic and informal language
use but represent a very specific type of Code-
Switching. This is characterised by written on-
line communication, platform culture and speci-
fic socio-demographic user groups. Verbal Code-
Switching in everyday life, for example in sponta-
neous conversations, can be significantly different
and was not taken into account in this work.

In addition, the data set could partially be con-
sidered outdated. Some of the subreddits analysed
originate from earlier years (e.g. de_2013), which
may have a negative impact on the representativen-
ess of the data. The limited scope of the Input-Data
used also constitutes a limitation since only a small,
randomly selected portion (50 posts) of the total
Denglisch Corpus was used. As a result, extreme
cases and marginal phenomena of Code-Switching
may have been under-represented.

Another limitation concerns the annotation of
the data. Automatic categorisation using the CRF-
based classifier carries the risk of misclassification,
especially in the case of complex or ambiguous
words. Since many evaluations in this work are
based on these annotations, even minor errors in
labeling can have an impact on the calculated me-
trics. For practical reasons, it was not possible to
perform a complete manual check in the context of
this work.

The transferability of the results is also limited
in terms of content. The study only examined the
German–English language pair. However, Code-
Switching is a language-specific and culturally in-
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fluenced phenomenon that can vary greatly in struc-
ture, frequency, and motivation in other language
constellations. The findings obtained here cannot,
therefore, be easily transferred to other language
pairs or communication contexts.

Finally, the selection of LLMs is also limited.
Only two models were used in the evaluation. They
differ in terms of architecture, training data, and
licensing, but do not represent the full range of
the existing LLM spectrum. The results, therefore,
cannot be generalized to other model classes.

Ethical Considerations

The study raises no ethical concerns regarding da-
ta collection or analysis, as it relies exclusively
on publicly available Reddit data and anonymized,
automatically generated text, without involving per-
sonal or sensitive information. A potential ethical
risk lies in the possible misuse of the findings to
generate synthetic posts for online forums such as
Reddit, which are increasingly difficult to distin-
guish from human-authored content. Such applica-
tions could facilitate the spread of misinformation
or manipulative content. At the same time, more
realistic and context-sensitive language generation
can also have positive societal effects, for example,
by enabling more inclusive and natural interactions
in advisory, support, or recommendation scenari-
os. We therefore emphasize that the results should
be interpreted and applied with care, and that re-
sponsible use of code-switching–capable language
models is essential.

All participants in the human evaluation of the
generated and Reddit data used a crowdsourcing
platform, participated voluntarily, and were reim-
bursed at least the German minimum wage.
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A Prompts

“In linguistics, code-switching refers to a process whereby a speaker switches from one language
to another within a single utterance or within a text or dialogue. The more dominant language
is called the ‘matrix language’, while the inserted language is called the ‘embedded language’.
Here are some examples of code-switching between German and English from Reddit posts:”

Abbildung A.1: First part of the prompt given to the LLMs to introduce Code-Switching; English version

...
input_37 (CS-Rate: 0.037): There is no glory in prevention ja, aber ob die absolute Anzahl der
Kontakte durch eine Ausgangssperre wirklich reduziert wurde, ist schon zu hinterfragen.
input_38 (CS-Rate: 0.0345): Also ich bezahle gerne steuern wenn dadurch menschen wie du
entlastet werden.

From each according to his ability, to each according to their needs.
...

Abbildung A.2: Second part of the prompt given to the LLMs providing the Input-Data (exemplary extract)

“You are a Reddit user writing a 1-3 sentence post. The dominant language is German (matrix
language), embedded expressions, words or phrases are in English (embedded language).
Write a single Reddit post with 1-3 sentences that reads authentic, human and not generic.
The post must contain natural-sounding code-switching. The code-switching rate is defined
as the number of code-switching points relative to the total number of tokens in the post.
It is extremely important that the generated posts contain an average code-switching rate
of approximately {median_cs_rate:.3f} (several short English insertions per post are
desirable). Each time, choose a new topic that realistically appears in Reddit posts, e.g.
emotional, factual, political, funny, serious, trivial or profound. Consciously vary the style
with each run: sometimes introspective, sometimes sarcastic, sometimes angry, sometimes
ironic, sometimes sober. Don’t use recurring introductions such as ‘I think’ or ‘I have’, but
start freely, spontaneously and in a variety of styles. The text should read as if it were written
by a real Reddit user with concrete examples, details, facts or personal impressions. Make
sure that no post is too similar to a previous example or deals with the same topic. Also,
be careful not to use introductions. Just give me the post. Do not use special characters or
symbols to mark English words. Individual sentences should not be too long or convoluted.”

Abbildung A.3: Third part of the prompt given to the LLMs providing the instruction; English version
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B Survey Questions

Survey Block 1: Main Section

Question 1 (Perceived Naturalness): How natural does the post seem to you?

a) Very unnatural b) Rather unnatural c) Neutral d) Rather natural e) Very natural

Question 2: What makes the post feel unnatural?

a) Unusual choice of words b) Unnatural mixture of German and English
c) Grammar errors d) Lack of natural speech flow e) Other

Question 3: What makes the post feel natural?

a) Authentic language switching b) Natural mixture of German and English
c) Typical Reddit phrases d) Natural word choice e) Other

Question 4 (Perceived Fluency): How smoothly does the text switch between English and
German?

a) Very unsmooth b) Rather unsmooth c) Neutral d) Rather smooth e) Very smooth

Abbildung B.1: Survey Block 1, evaluation of five Reddit posts (from LLMs and Input-Data) in terms of linguistic
features

Survey Block 2: Control Question

Question 5: This is a control question to ensure that you are reading carefully. Please select answer
option 3 here.

a) Strongly disagree b) Rather Disagree c) Neutral (correct answer) d) Rather agree
e) Strongly agree

Abbildung B.2: Survey Block 2, control question to ensure the attention of the participants

Survey Block 3: Demography

Question 6: Which age group do you fall into?

a) Under 18 b) 18-24 c) 25-34 d) 35-44 e) 45-54 f) 55-65 g) 65 or older

Question 7: What is your native language?

a) German b) English c) Both

Question 8: How would you rate your level in the other language?

a) Beginner b) Intermediate c) Advanced d) Fluent

Abbildung B.3: Survey Block 3, demographic questions to record the age and language skills of the participants
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Survey Block 4: Online Forums and CS

Question 9: How often do you read in online forums such as Reddit?

a) Less than once/month b) Once/month c) Once/week d) Every few days e) Every day

Question 10: How often do you post in online forums such as Reddit?

a) Less than once/month b) Once/month c) Once/week d) Every few days e) Every day

Question 11: How often do you use Code-Switching in online texts?

a) 0% - 25% of cases b) 26% - 50% of cases c) 51% - 75% of cases d) 76% - 100% of cases

Abbildung B.4: Survey Block 4, questions about usage of online forums and CS
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Abstract

In this paper, we use LLM perplexity as a mea-
sure to assess Greek dialectal distance1. We
test seven models on Standard Modern Greek
(SMG) and eight dialects, namely Heptane-
sian, Cypriot, Maniot, Pontic, Northern, Cre-
tan, Tsakonian, and Griko. Using samples of
5k, 15k, and 25k tokens from the GRDD+ cor-
pus for each variety, we find a consistent di-
alect ranking across models, with Heptanesian
closest to SMG, and Griko most distant (per-
plexity ratio 3.6–14.5× depending on model).
These results are largely in agreement with the-
oretical dialectological knowledge. For exam-
ple, Tsakonian consistently appears distant in
all measures, reflecting its status as the sole
Doric descendant, while Heptanesian appears
closer by all metrics, pointing to its status as
one of the dialects used to shape the official va-
riety. Perplexity correlates strongly with Bits-
Per-Character (mean r = 0.94) and Normalized
Compression Distance (mean r = 0.87, range
0.76–0.93), providing support for its use as a
dialectometric tool. However, a number of im-
portant confounds are also found. First, tok-
enization effects compress Llama 2’s perplexity
range. Second, genre artifacts seem to inflate
the results for Cretan. Third, potential training
data contamination likely reduces perplexity
for Cypriot and Pontic. Lastly, we find that
Greek-specific models like Meltemi and Krikri
do not consistently outperform general models.

1 Introduction

Modern Greek dialects provide an interesting case
study for distance studies due to their rich dialectal
diversity, ranging from varieties closely related to
Standard Modern Greek (SMG), such as Heptane-
sian, to highly divergent varieties like Tsakonian
and Griko, the latter spoken in Southern Italy and

*These authors contributed equally.
1The full code for the dialect metrics and the dataset are

available at the following anonymous link: https://github.
com/TurkuNLP/Greek_dialects_perplexity.

heavily influenced by Romance languages. Trudg-
ill (2003) claims that Tsakonian, Southern Italian
Greek, Pontic, and Cappadocian are the varieties
that are linguistically very different from Standard
Greek. While most research on Greek dialects has
focused on their geographical distribution and clas-
sification, there remains a gap in computationally
assessing their linguistic distances and classifying
them based on these distances. Even in traditional
dialectology, there is no classification of Greek di-
alects based on their linguistic distance.

Recently, the computational assessment of lin-
guistic distance between language varieties has
gained renewed interest with the advent of large lan-
guage models (LLMs). In this context, automatic
metrics such as LLM perplexity can be used to ap-
proximate linguistic distances—both inter-dialect
distance and distance from the standard variety—
regardless of how much the model has been ex-
posed to each variety during training. Employing
these metrics contributes both to our understanding
of dialect relationships and to the development of
low-cost methods in computational dialectology.

This study examines Greek dialectal distances
using LLM perplexity as a primary metric, com-
plemented by information-theoretic measures (bits
per character, BPC) and compression-based dis-
tances (normalized compression distance, NCD).
Together, these metrics offer complementary in-
sights into dialectal distance: LLM perplexity
captures divergence from patterns learned by the
model, bits per character (BPC) provides a measure
of predictability and normalized compression dis-
tance (NCD) quantifies similarity based on shared
redundancy.

2 Related Work

A foundational work on Modern Greek dialects is
that by Newton (1972), who established that high
vowel loss and vowel raising define the northern
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dialects. Another foundational work is Trudgill
(2003). His cartographical representation identi-
fies fifteen dialect areas based on six phonological
criteria. Kontossopoulos (2001) distinguishes di-
alektoi (Tsakonian, Pontic, Cappadocian, Southern
Italian Greek) from idiomata (all other varieties), a
taxonomy predicting that the former should show
substantially greater distance from SMG. Among
divergent varieties, Tsakonian is the sole Mod-
ern Greek descendant of Doric rather than Koine
Greek (Nicholas, 2019), while Griko preserves the
infinitive, lost elsewhere by the Medieval period
(Holton and Manolessou, 2010) alongside exten-
sive Romance contact effects (Manolessou, 2005).
Pontic retains distinct features including infinitive
constructions and distinctive across-the-board en-
clitic placement (Sitaridou, 2014; Condoravdi and
Kiparsky, 2002). Cypriot exhibits phonological
differences in terms of gemination (Arvaniti, 2001)
plus a number of morphosyntactic differences in-
cluding clefts and differences in clitic positioning.

Previous research in NLP has explored the use
of smaller models for perplexity-based pruning
(Ankner et al., 2024), along with analyses of di-
alectal biases in LLMs (Pan et al., 2025). Other
studies have assessed the fairness and robustness of
LLMs in handling dialects across canonical reason-
ing tasks (Lin et al., 2025) and have investigated to-
kenization and representation biases in multilingual
models for dialectal NLP tasks (Kanjirangat et al.,
2025). Additional work includes the creation of a
library for exploring where a particular language
model is perplexed (Cooper and Scholak, 2024), in
addition to analyses of low-perplexity sequences—
high-probability text spans generated by language
models (Wuhrmann et al., 2025). Furthermore, per-
plexity has also been used as a stylistic signal for
authorship attribution through author-specific lan-
guage models (Huang et al., 2025).

There is also research on dialect metrics, such
as the application of compression-based similarity
measures to the quantification of distances among
Bulgarian dialects (Simov and Osenova, 2007), and
model training with optimal tokenization levels in
datasets with consistent and inconsistent writing
practices (Kanjirangat et al., 2023). Other studies
have attempted to predict dialectal features at the
token level for Norwegian dialects (Barnes et al.,
2023).

Previous research on the classification of Mod-
ern Greek dialects has largely focused on their ge-
ographical distribution, with the most recent clas-

sification proposed by Trudgill. There have also
been classification attempts for Athenian Greek and
Cypriot Greek based on vowel acoustic parameters
(Themistocleous, 2017), as well as on measures of
temporal and spectral information from selected
consonants (Themistocleous, 2019). More recent
work has quantified dialectal distances among Asia
Minor Greek dialects using dialectometric tech-
niques (Bompolas and Melissaropoulou, 2025). To
the best of our knowledge, this study is the first at-
tempt to computationally measure Greek dialectal
distances using multiple metrics.

3 Data

We utilize the GRDD+ dataset (Chatzikyriakidis
et al., 2025), an extended Greek dialectal dataset
that includes data from ten varieties of Greek.
Four of these dialects—Cretan, Cypriot, Pontic,
Northern— and Standard Modern Greek were part
of the original GRDD dataset (Chatzikyriakidis
et al., 2023) and have since been expanded in terms
of coverage by the dataset’s authors. Six additional
varieties have been incorporated into the GRDD+:
Greco-Corsican, Griko, Heptanesian, Tsakonian,
Maniot, and Katharevusa. For the purposes of the
present study, we use all available varieties of the
GRDD+ except Greco-Corsican, as it is extinct,
and Katharevusa, since it represents a historical
formal register.

Standard Modern Greek (SMG) is the official
language of both Greece and Cyprus (Mackridge,
1985). It is based primarily on Peloponnesian di-
alects and was later enriched by features from the
dialects of Istanbul and the Ionian Islands.

Cypriot Greek is the native language of most
Greek Cypriots, both on the island of Cyprus and
in the diaspora, although the official language of
the Republic of Cyprus is Standard Modern Greek
(SMG) (Newton, 2013; Tsiplakou, 2014).

Pontic Greek is a Modern Greek dialect that ulti-
mately derives from Koine Greek and is historically
associated with the Pontus region on the southern
Black Sea coast (Sitaridou and Chatzikyriakidis,
2012; Schreiber, 2018).

Cretan Greek is the variety spoken on the island
of Crete. Like many other Modern Greek dialects,
it descends from Koine Greek (Mackridge, 1985).

Northern Greek is the form of Greek spoken in
Thessaly, Thrace, and the Northeast Aegean.

Griko is a Greek variety spoken in Grecìa
Salentina in southern Italy, where it is recognized as
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a minority language (Salminen, 1999). The dialect
is written with the Latin alphabet (Chatzikyriakidis,
2010).

Heptanesian is a Modern Greek dialect spoken
in the Ionian Islands. The dialect shows strong
Venetian and Italian influence due to centuries of
Venetian rule (Ralli, 2012).

Tsakonian, still spoken in the eastern Pelopon-
nese, is a highly divergent Modern Greek variety
considered by many to be a separate language,
exceptional for descending directly from the an-
cient Doric dialect (Joseph et al., 1987; Mackridge,
2010).

Maniot is the variety spoken in the region of La-
conian Mani in the southern Peloponnese (Trudgill,
2003).

4 Models Evaluated

We evaluate seven open-weight model variants, pri-
marily drawn from the Llama family together with
two Greek-specialized checkpoints. Open-weight
models are required because perplexity computa-
tion relies on access to token-level log probabili-
ties, which closed API models (closed GPT models,
Claude, Gemini) do not expose. Although several
systems share the same underlying architecture,
they differ substantially along dimensions that are
directly relevant to dialect modeling: training gen-
eration, parameter scale, and language specializa-
tion.

All models are evaluated strictly in a zero-shot
setting. We use the publicly available checkpoints
as released, without additional fine-tuning, contin-
ued pretraining, or exposure to Standard Modern
Greek or dialectal evaluation data. Consequently,
perplexity differences reflect the models’ inher-
ent pretrained linguistic coverage rather than task-
specific adaptation.

Our selection spans three dimensions. First,
model generation: Llama 2 represents an earlier
architecture with limited Greek tokenization, while
Llama 3.x models show improved multilingual cov-
erage. Second, model scale: we compare 7–8B pa-
rameter models with 70B variants to assess whether
scale improves dialectal discrimination. Third, lan-
guage specialization: Krikri-8B and Meltemi 7B
are explicitly trained on Greek data, allowing us to
test whether Greek-focused pretraining improves
dialectal coverage.

• General-purpose: Llama 2 7B, Llama 3 8B,
Llama 3.1 8B, Llama 3.1 70B, Llama 3.3 70B

• Greek-specialized: Krikri-8B2, Meltemi 7B3

5 Metrics and Diagnostics

We incorporate multiple complementary metrics
to capture different aspects of linguistic complex-
ity and structural similarity. These measures fall
into two groups: metrics that rely on LLM outputs
and metrics computed directly from the raw text
and tokenization, without any LLM inference. The
only LLM-based metric is perplexity, computed
across seven open-weight models using token-level
log probabilities. The remaining metrics, Bits-Per-
Character (BPC), Normalized Compression Dis-
tance (NCD), and Tokens per Word, are calculated
solely from the input strings and their tokenization.
These metrics capture different aspects of linguistic
complexity and structural similarity. Each metric
is described below.

• Perplexity (PPL). Measures how “surprised”
a language model is by the text, defined as
the exponential of cross-entropy loss. Lower
PPL means the text is closer to the model’s
training distribution. Perplexity is not an in-
trinsic property of a dialect, rather, it measures
distance from what the model has learned as
“Greek”. It is therefore model-dependent: a
model trained on Pontic would show Pontic
as closer and SMG as more distant. PPL is
also confounded by genre, register and topic.

• Bits-Per-Character (BPC). An information-
theoretic normalization of perplexity, defined
as: BPC = log2(PPL) × tokens

characters . BPC
accounts for tokenization differences across
models. A model with poor Greek tokeniza-
tion (i.e., many tokens per word) would other-
wise exhibit artificially high perplexity. BPC
enables cross-model comparison. It shares
the same theoretical limitations as PPL but is
more robust to tokenizer effects.

• Normalized Compression Distance (NCD).
Approximates Kolmogorov complexity by
measuring shared information between texts
using compression algorithms. NCD is model-
agnostic and does not depend on LLM training
data. While theoretically well-grounded, the
NCD values in our dataset are tightly clus-
tered (range 0.988–1.020), making it difficult

2Built on Llama 3.1 8B and further trained on Greek data.
3Developed by the same team as Krikri; they recommend

Krikri 8B as their newest model.
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to distinguish closely related dialects. It per-
forms better for more distant languages, and is
therefore included primarily for completeness,
as PPL and BPC are more discriminative in
this setting.

• Tokens per Word. A diagnostic metric mea-
suring tokenizer coverage. Lower values in-
dicate better vocabulary match. For SMG,
values are 1.46 for Greek-specialized models
(Krikri/Meltemi) versus 6.12 for Llama 2. The
near-6 tokens-per-word score of Llama 2 re-
flects character-level fallback, indicating that
the tokenizer fails to recognize Greek words.

• Characters per Token. The inverse of frag-
mentation, with higher values indicating more
efficient subword units. SMG shows 4.4 char-
acters per token for Greek-specialized models
versus 1.05 for Llama 2. Values near 1.0 sig-
nal byte-level tokenization. Greek-specialized
tokenizers (Krikri, Meltemi) achieve over four
characters per token for SMG, dropping to ap-
proximately 2.3 for Griko, showing recogni-
tion of SMG morphemes but fragmentation of
dialectal vocabulary.

• Unique Token Ratio. The proportion of
unique tokens in the corpus serves as an in-
dicator of lexical diversity, with higher val-
ues reflecting more diverse vocabulary usage.
For SMG, this proportion is 21% for Krikri,
compared to only 0.5% for Llama 2. Such
low values indicate that the model repeatedly
uses a very limited set of tokens, which is a
typical signature of character-level fallback,
where tokenization relies primarily on individ-
ual characters rather than lexical units. This
measure therefore functions as a diagnostic
for tokenizer quality.

• Coefficient of Variation (CV) of PPL. De-
fined as the standard deviation divided by the
mean of window-level perplexity, measuring
text homogeneity. Low CV indicates consis-
tent text (e.g., Cretan rhymed folkloric mate-
rial: 0.22–0.24), while high CV reflects a het-
erogeneous corpus (e.g., Pontic: 0.81–0.90).
The low CV for Cretan confirms genre homo-
geneity, meaning that all windows are sim-
ilarly surprising because they belong to the
same poetic style.

• Inter-metric Correlations. We examined the
relationships between our different metrics to
assess whether they provide consistent signals
about dialect similarity. The high correlation
between PPL and BPC (mean r = 0.94 across
models) is partly definitional, as BPC is de-
rived from PPL. The correlation between PPL
and NCD (mean r = 0.87, range 0.76–0.93) is
more informative, indicating convergence be-
tween independent methods. The agreement
of multiple metrics on the same dialect order-
ing (Heptanesian closest, Griko and Tsako-
nian most distant) provides stronger evidence
than any single metric alone.

PPL–NCD correlations were computed be-
tween model perplexities and a model-
agnostic Normalized Compression Distance
vector calculated relative to Standard Modern
Greek (NCD(dialect, SMG)); correlations are
r unless otherwise noted.

6 Results

6.1 Perplexity Across Models
Table 1 presents perplexity measurements across
all seven models. As expected, Standard Modern
Greek obtains the lowest perplexity for all models,
reflecting its dominance in training corpora. Per-
plexity increases systematically for dialects that di-
verge more substantially from SMG, with the high-
est values for Tsakonian and Griko, both highly
divergent varieties. The dialect ranking is quite
consistent: Heptanesian appears closest to SMG,
followed by Cypriot and Maniot, then Pontic and
Northern, with Cretan, Tsakonian, and Griko show-
ing the highest distances.

Model-wise, even the largest models (Llama 3.1
70B and Llama 3.3 70B) show substantial gaps be-
tween SMG and the most divergent dialects. The
Greek-specialized models (Krikri and Meltemi) of-
fer small gains for some dialects but do not consis-
tently outperform general-purpose models and still
yield high perplexity overall. This suggests that
Greek-focused training data does not ensure broad
dialectal coverage, likely due to limited dialec-
tal data. An anomaly appears in Meltemi, where
Heptanesian scores unexpectedly lower than SMG.
This finding may be due to the close similarity to
SMG, given that the model has not been trained on
dialectal data.

The Griko/SMG ratio ranges from 3.6× (Llama 2
7B) to 14.5× (Llama 3.1 8B), reflecting differences
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in tokenization and Greek variety coverage, and
underscoring the extreme difficulty these highly
distinct dialects pose for the models.

6.2 Tokenization Effects
Table 2 shows clear differences in tokenization ef-
ficiency across both dialects and models. SMG
consistently receives the fewest tokens per word,
while more distinct varieties like Northern, Pon-
tic, and Griko are segmented less efficiently.
General-purpose models (Llama variations) show
limited sensitivity to Greek morphological struc-
ture, whereas Greek-specialized tokenizers (Krikri,
Meltemi) produce both lower overall token counts
and a distribution that aligns with the expected di-
alectal distances.

The patterns help contextualize the perplexity
results. With 6.12 tokens per word for SMG, com-
pared to 1.46 for Greek-specialized models, Llama
2 operates at near-character level. The model pre-
dicts characters rather than linguistic units, com-
pressing the perplexity range and reducing sensitiv-
ity to dialectal structure. However, even in this way,
the perplexity measures here follow the same pat-
tern as the rest of the models in terms of dialectal
distance ranking.

Greek-specialized tokenizers (Krikri, Meltemi)
show efficient tokenization for SMG (1.46–1.47
tok/word) that degrades for more distant dialects
(2.40–2.44 for Griko). This 1.67× decrease in to-
kenization efficiency contributes directly to the
larger perplexity gaps observed in these models,
reflecting their greater sensitivity to genuine lin-
guistic divergence. Although tokens per word pro-
vide insight into tokenization efficiency, we did not
compute a quantitative baseline such as token over-
lap between dialects. Incorporating such a measure
in future work could more precisely relate tokeniza-
tion patterns to genuine linguistic divergence.

6.3 Model Comparison
Table 3 summarizes model performance and
presents a comparison between the variety with
the lowest perplexity (SMG) and the highest per-
plexity (Griko), based on a sample of 25,000 words.
The results show a consistent and substantial per-
formance gap between the two varieties for every
model.

Across the board, SMG yields consistently lower
perplexity values, reflecting its status as the stan-
dard variety and its strong representation in training
data. Griko, on the other hand, systematically ex-

hibits the highest perplexity, confirming its position
as the most challenging dialect for all models. De-
spite the transliteration of its Latin alphabet into
Greek, this heavily Italian-influenced variety dif-
fers significantly from the other varieties.

The PPL ratio quantifies this contrast, revealing
that modeling Griko is between 3.6× and 14.5×
more difficult than modeling SMG, depending on
the architecture. Llama 3.1 8B shows the highest
sensitivity (14.5× ratio, 2.47 BPC range), while
Llama 2 7B shows the lowest (3.6×, 1.83). The
70B models show slightly lower ratios than their
8B counterparts, a fact that might point to mem-
orization effects that smooth over dialectal irreg-
ularities. In addition, there is a substantial gap
in overall perplexity between the smallest Llama
model and the larger variants, with the 7B model
consistently yielding higher scores across condi-
tions. This difference is likely attributable to model
scale, as smaller models have more limited repre-
sentational capacity, resulting in weaker probability
estimates overall. The pattern aligns with well-
established scaling effects in language modeling,
where increases in parameter count systematically
improve perplexity.

The Greek-specific models (Krikri-8B, Meltemi
7B) still display large performance gaps between
SMG and Griko, since they exhibit very high per-
plexity on Griko and large PPL ratios, indicating
limited robustness to this minority variety. While
Meltemi 7B shows a comparatively lower ratio,
this is probably driven by its unusually high per-
plexity on SMG rather than improved modeling of
Griko. Overall, these results suggest that special-
ization in Greek does not automatically translate
into effective coverage of all the varieties, confirm-
ing the underrepresentation of such dialects even
in language-specific models.

Bits-Per-Character (BPC) normalizes perplexity
for tokenization differences, enabling fairer cross-
model comparison. The BPC range (Griko mi-
nus SMG) is relatively consistent across models
(1.83–2.47) compared to raw perplexity ratios, in-
dicating that part of the observed variation indeed
stems from differences in tokenization. However,
the stability of the BPC range across architectures
also suggests that the persistent performance gap
between SMG and Griko points to deeper lexical,
morphological, and distributional mismatches be-
tween the two varieties.
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General-Purpose Models Greek-Specialized

Dialect Llama 2 Llama 3 Llama 3.1 Llama 3.1 Llama 3.3 Krikri Meltemi
7B 8B 8B 70B 70B 8B 7B

SMG 2.91 5.17 6.15 4.69 4.81 8.83 39.43
Heptanesian 3.76 8.87 11.74 8.41 8.83 12.36 25.38∗

Cypriot 4.79 18.18 25.40 17.50 18.48 24.74 51.86
Maniot 5.12 18.66 25.91 18.62 20.07 24.73 55.59
Pontic 6.47 23.09 32.05 23.57 24.55 37.15 48.95
Northern 7.53 33.32 49.62 36.13 37.47 41.63 57.67
Cretan† 6.72 41.35 63.02 45.96 48.08 62.07 123.92
Tsakonian 7.98 46.81 67.61 51.41 52.75 96.54 192.55
Griko‡ 10.46 59.66 89.32 59.45 61.86 121.57 208.76

Ratio (G/S) 3.6× 11.5× 14.5× 12.7× 12.9× 13.8× 5.3×

Table 1: Perplexity (PPL) by Model and Dialect (25,000 words).
†Primarily rhymed folkloric material. ‡Transliterated from Latin. ∗Lower than SMG (anomaly). Ratio = Griko/SMG.

Dialect Llama 2 Llama 3.x Krikri Meltemi

SMG 6.12 2.38 1.46 1.47
Heptanesian 5.79 2.41 1.63 1.63
Cypriot 6.04 2.62 1.85 1.86
Maniot 5.78 2.60 1.94 1.91
Cretan 5.33 2.40 1.83 1.79
Pontic 5.44 2.84 2.17 2.24
Northern 5.86 2.99 2.38 2.45
Tsakonian 5.39 2.73 2.12 2.11
Griko 5.51 3.00 2.44 2.40

Ratio (G/S) 0.90× 1.26× 1.67× 1.63×

Table 2: Tokenization: Tokens per Word (25,000
words).

Llama 3.x = shared tokenizer across Llama 3, 3.1, 3.3.

6.4 Inter-Metric Correlations
Table 4 shows correlations between PPL, BPC,
and NCD across all seven models. PPL and BPC
are strongly correlated (mean r = 0.94), which
is partly definitional since BPC is derived from
PPL. The PPL–NCD correlation (mean r = 0.87,
range 0.76–0.93) is more informative, as it links
two independent methods: neural language mod-
eling and compression-based distance. This con-
vergence suggests that both metrics capture similar
distributional properties. Greek-specialized models
(Krikri, Meltemi) show somewhat lower PPL–NCD
correlations, possibly reflecting their different tok-
enization strategies.

6.5 Stability Across Sample Sizes
We evaluated all models at 5,000, 15,000, and
25,000 words. Table 5 presents the coefficient of

Model SMG Griko PPL BPC
PPL PPL Ratio Range

Llama 2 7B 2.91 10.46 3.6× 1.83
Llama 3 8B 5.17 59.66 11.5× 2.25
Llama 3.1 8B 6.15 89.32 14.5× 2.47
Llama 3.1 70B 4.69 59.45 12.7× 2.30
Llama 3.3 70B 4.81 61.86 12.9× 2.32
Krikri-8B 8.83 121.57 13.8× 2.28
Meltemi 7B 39.43 208.76 5.3× 2.06

Table 3: Model Comparison Summary (25,000 words).
BPC Range = Griko BPC − SMG BPC.

Model PPL–BPC PPL–NCD BPC–NCD

Llama 2 7B .99*** .93*** .96***
Llama 3 8B .95*** .90** .96***
Llama 3.1 8B .94*** .90** .96***
Llama 3.1 70B .95*** .90** .96***
Llama 3.3 70B .94*** .90** .96***
Krikri-8B .93*** .83* .94***
Meltemi 7B .89** .76* .93***

Mean .94 .87 .95

Table 4: Inter-Metric Correlations by Model (n = 8
dialects).

*p < .05, **p < .01, ***p < .001.

variation (CV) across sample sizes for all models.
The dialect ranking remains stable across sample
sizes, with most CV values below 10%.

The most distant varieties show the high-
est stability: Griko (CV 0.1–2.7%) and Tsako-
nian (0.2–3.2%) yield consistent estimates across
all models. Cretan also shows low variance
(1.0–3.9%), reflecting the stylistic homogeneity
of a corpus, a substantial part of which consists
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mainly of rhymed folkloric material. Northern
shows the highest variance across most models
(CV 9.7–12.4%), pointing to a more heterogeneous
corpus. Similarly, Pontic shows elevated variance
for Greek-specialized models (8.2–12.3%), likely
reflecting the diversity of sources: Wikipedia arti-
cles, theatrical plays, jokes, and songs.

Meltemi shows anomalously high CV for SMG
(22.9%), consistent with the corpus composition
issues noted earlier. General-purpose models show
lower variance for SMG (2.2–4.2%) than Greek-
specialized models, possibly reflecting more stable
SMG representation in their training data.

Table 6 confirms that the Griko/SMG ratio is
stable across sample sizes for most models. Llama
2 7B shows consistent low sensitivity (3.3–3.6×),
while Llama 3.x models cluster around 11–14×.
The notable exception is Meltemi, whose ratio
drops from 9.4× at 5k to 5.3× at 25k. The 25,000-
word results represent the most reliable estimates,
as increasing sample size reduces sampling variabil-
ity and leads to the stabilization of frequency-based
measures.

7 Discussion

7.1 Dialect-Specific Findings
Tsakonian is shown to be the second most distant
variety in our findings (PPL 47–193 across models).
This is in line with its status in Greek dialectology.
For example, this aligns with Nicholas’s (2019)
lexicostatistical analysis that dates the divergence
of Tsakonian back to approximately 800 CE and,
furthermore, seems to reflect fundamental struc-
tural differences stemming from this divergence.
Notably, Tsakonian shows better tokenization effi-
ciency than Northern or Griko, indicating that its
extreme perplexity reflects true divergence rather
than tokenization artifacts.

Griko shows the highest distance across all mod-
els (PPL 59–209), reflecting centuries of complete
geographic isolation following Byzantine decline
in Southern Italy combined with extensive Ro-
mance contact (Manolessou, 2005). Transliteration
from Latin script may introduce additional artifacts,
though the consistency of Griko’s extreme distance
across models suggests this effect is secondary. Ad-
ditional experiments using the original Latin script
texts yielded almost identical results, indicating
that script choice does not substantially affect the
measurements.

Cretan shows anomalously high perplexity (PPL

41–124) despite efficient tokenization close to
SMG levels. We attribute this to corpus compo-
sition rather than linguistic distance: the Cretan
data consists primarily of rhymed folkloric mate-
rial, such as mantinades, traditional rhyming cou-
plets with fixed meter an d formulaic expressions.
The models are surprised by poetic structure, not
dialectal features. Supporting this interpretation,
Cretan shows the lowest coefficient of variation
across all models (0.22–0.24), indicating homoge-
neous text that is consistently surprising.

Cypriot appears surprisingly close to SMG (PPL
18–52) despite preserving substantial structural dis-
tinctiveness, including phonemic geminates (Ar-
vaniti, 2001) and morphosyntactic conservatism
(Newton, 1972). These features may be underrep-
resented in orthographically normalized text, and
Cypriot’s substantial online presence as the native
variety of Cyprus, likely reduces model surprise
through training exposure. This contamination hy-
pothesis requires empirical verification.

Heptanesian is closest to SMG across all models
(PPL 8–25), confirming its historical contribution
to standardization. Trudgill (2003) notes that the
Ionian Islands supplied most of the input into Stan-
dard Greek, and the Heptanesian School of liter-
ature directly shaped the emerging Demotic stan-
dard. The Meltemi result (Heptanesian < SMG) po-
tentially reflects corpus composition issues rather
than genuine linguistic relationships, but needs fur-
ther investigation.

Pontic occupies a mid-range position despite
traditional classification as highly divergent. The
variety preserves infinitive constructions (Sitari-
dou, 2014), SOV vestiges, distinctive clitic place-
ment (Condoravdi and Kiparsky, 2002), and ar-
chaic negation (Drettas, 1997), yet shows only
moderate perplexity. Training data exposure of-
fers a plausible explanation: Pontic has its own
Wikipedia likely included in LLM training, and
its poor tokenization efficiency (which typically
inflates perplexity) fails to push scores higher, con-
sistent with contamination reducing apparent dis-
tance.

Northern varieties show mid-range distance con-
sistent with their classification as idiomata rather
than dialektoi (Kontossopoulos, 2001). The defin-
ing vowel phenomena (Newton, 1972; Topintzi and
Baltazani, 2012) represent phonological rather than
morphosyntactic divergence, and in orthograph-
ically normalized text these differences may be
partially obscured.
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General-Purpose Models Greek-Specialized

Dialect Llama 2 Llama 3 Llama 3.1 Llama 3.1 Llama 3.3 Krikri Meltemi
7B 8B 8B 70B 70B 8B 7B

SMG 3.9 2.6 4.2 2.2 2.2 8.9 22.9
Heptanesian 5.0 7.9 8.8 7.5 7.7 3.6 4.2
Cypriot 4.0 5.5 6.2 4.3 4.7 1.8 5.1
Maniot 3.9 6.2 5.4 8.0 7.7 8.6 5.5
Pontic 0.8 5.1 5.0 5.6 5.4 8.2 12.3
Northern 4.9 9.7 11.4 10.7 10.8 11.0 12.4
Cretan† 1.0 2.5 2.4 3.9 3.9 1.9 1.0
Tsakonian 0.2 1.9 2.0 3.2 2.9 3.2 2.2
Griko‡ 0.1 1.2 0.6 2.5 1.9 2.5 2.7

Table 5: Coefficient of Variation (%) Across Sample Sizes (5k, 15k, 25k words).
†Rhymed folkloric material. ‡Transliterated. Lower CV = more stable estimates.

Model 5k 15k 25k

Llama 2 7B 3.3× 3.6× 3.6×
Llama 3 8B 10.9× 10.7× 11.5×
Llama 3.1 8B 13.1× 13.5× 14.5×
Llama 3.1 70B 13.3× 12.7× 12.7×
Llama 3.3 70B 13.4× 12.7× 12.9×
Krikri-8B 16.2× 12.3× 13.8×
Meltemi 7B 9.4× 5.5× 5.3×

Table 6: Griko/SMG Perplexity Ratio Across Sample
Sizes.

Meltemi variance reflects SMG corpus issues.

Maniot consistently occupies an intermediate po-
sition, sharing the archaic υ → /u/ with Tsakonian
but deriving from Koine Greek (Kontossopoulos,
2001).

7.2 Methodological Implications
Three findings have implications for perplexity as
a dialectometric tool. First, tokenization effects
dominate cross-model comparison: Llama 2’s com-
pressed range (3.6× ratio vs. 11–14× for others)
reflects character-level tokenization rather than re-
duced dialectal sensitivity, and bits-per-character
normalization following Mielke et al. (2018) en-
ables fairer comparison. Second, genre confounds
the dialect signal; as the Cretan case demonstrates,
corpus composition can inflate perplexity indepen-
dent of linguistic distance, and future work should
control for this through stratified sampling. Third,
training data exposure reduces perplexity in ways
that may mask linguistic distance; Cypriot’s and
Pontic’s moderate scores despite substantial tradi-
tional divergence may reflect model familiarity, and
contamination detection methods (Shi et al.) could
help disentangle these effects.

Our results produced rankings that are to a large
degree in agreement with traditional dialectologi-

cal knowledge and classification. Tsakonian’s large
distance can be seen as evidence of earlier branch
divergence (Nicholas, 2019), while for Griko, it
points to Romance contact as well as isolation
(Manolessou, 2005). The minimal distance we
find in Heptanesian confirms its contribution to lan-
guage standardization (Trudgill, 2003). However,
Pontic’s mid-range position somewhat contradicts
traditional classification, possibly reflecting train-
ing contamination. Cretan also shows surprisingly
high perplexity. However, this likely reflects genre
rather than dialect.

Lastly, the interesting finding that Greek-
specialized models do not consistently outperform
more general-purpose models suggests that these
models have minimal dialectal knowledge, and that
Greek-focused pre-training does not guarantee bet-
ter results on dialectal varieties. Furthermore, this
is commensurate with the observation by Fleisig
et al. (2024) that LLMs exhibit standard language
ideology, and thus produce degraded performance
on non-standard varieties.

7.3 Validation Against Literature
Our results seem to align largely, but not fully, with
the knowledge we have about these dialects from
a theoretical standpoint. Heptanesian Greek is in-
deed considered to have proximity to SMG, given
its historical contribution to the standard language.
Tsakonian’s distance comes as no surprise and con-
firms its uniqueness as the only dialect with direct
descendance from Doric. Likewise, Griko’s dis-
tance reflects its heavy Romance borrowing and
contact. The convergence of multiple metrics (PPL,
BPC, NCD) on rankings consistent with expert lin-
guistic assessment validates perplexity as a tool
for dialectometry, with appropriate caveats about
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genre and training data exposure.

Limitations and Future Work

The Cretan corpus consists primarily of rhymed
folkloric material, such as the rhymed couplets
called mantinades, introducing genre confounds
that inflate perplexity independent of linguistic dis-
tance. The Griko corpus required transliteration
from Latin script, potentially affecting results. Cor-
pus sizes are limited to 25,000 words maximum in
order to be more representative, given that for some
dialects we do not have considerably more data
than this number. In future work, we can test larger
corpus sizes, at least for the dialects that do have
available data. Additionally, perplexity measure-
ments may be confounded by training data expo-
sure: well-documented varieties like Cypriot may
appear artificially close to SMG. Finally, Fleisig
et al. (2024) document that LLMs show system-
atic bias against non-standard varieties, and thus
our rankings may conflate true dialectal divergence
with standard language ideology.

In future work, we aim to test the contamination
hypothesis by training fine-grained Dialect Iden-
tification classifiers and examine data contamina-
tion issues by sampling data that some of our used
models have been trained on, looking for dialectal
contamination. Furthermore, we plan to extend
the size of the datasets where possible and also
create genre-controlled protocols. To complement
perplexity-based metrics, future work could also ex-
plore combining LLMs with other NLP approaches,
such as word embeddings or machine learning clas-
sifies, to provide more robust measures of dialectal
similarity.
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General-Purpose Models Greek-Specialized

Dialect Llama 2 Llama 3 Llama 3.1 Llama 3.1 Llama 3.3 Krikri Meltemi
7B 8B 8B 70B 70B 8B 7B

SMG 3.15 5.49 6.82 4.71 4.83 7.59 22.16
Heptanesian 4.07 9.67 12.93 9.15 9.64 12.65 26.53
Cypriot 5.25 20.59 29.23 19.26 20.56 23.99 46.39
Maniot 4.91 17.79 25.17 17.33 18.71 24.10 54.90
Pontic 6.35 25.63 35.12 26.42 27.41 43.07 65.41
Northern 8.44 40.36 62.31 44.84 46.85 50.20 67.49
Cretan† 6.88 43.98 66.78 50.63 52.84 65.04 123.72
Tsakonian 8.02 44.73 64.53 47.60 49.26 89.16 182.70
Griko‡ 10.48 59.77 89.61 62.63 64.60 123.16 208.61

Ratio (G/S) 3.3× 10.9× 13.1× 13.3× 13.4× 16.2× 9.4×

Table 7: Perplexity (PPL) by Model and Dialect (5,000 words).
†Primarily rhymed folkloric material. ‡Transliterated from Latin.

General-Purpose Models Greek-Specialized

Dialect Llama 2 Llama 3 Llama 3.1 Llama 3.1 Llama 3.3 Krikri Meltemi
7B 8B 8B 70B 70B 8B 7B

SMG 2.90 5.44 6.56 4.92 5.05 9.43 35.99
Heptanesian 3.61 7.97 10.42 7.60 7.97 11.62 23.92
Cypriot 4.88 18.58 26.13 17.73 18.85 23.72 51.67
Maniot 5.40 20.61 28.50 21.01 22.49 29.10 61.97
Pontic 6.44 23.00 31.29 23.45 24.40 35.72 53.92
Northern 8.25 41.91 65.14 46.49 48.19 54.51 78.23
Cretan† 6.85 42.98 65.81 48.27 50.37 63.23 126.52
Tsakonian 8.01 45.35 65.29 49.09 50.33 93.00 185.65
Griko‡ 10.46 58.24 88.43 62.70 64.23 116.06 197.16

Ratio (G/S) 3.6× 10.7× 13.5× 12.7× 12.7× 12.3× 5.5×

Table 8: Perplexity (PPL) by Model and Dialect (15,000 words).
†Primarily rhymed folkloric material. ‡Transliterated from Latin.
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Abstract

This paper presents an embedding-based ap-
proach to detecting variation without relying
on prior normalisation or predefined variant
lists. The method trains subword embeddings
on raw text and groups related forms through
combined cosine and n-gram similarity. This
allows spelling and morphological diversity to
be examined and analysed as linguistic struc-
ture rather than treated as noise. Using a large
corpus of Luxembourgish user comments, the
approach uncovers extensive lexical and ortho-
graphic variation that aligns with patterns de-
scribed in dialectal and sociolinguistic research.
The induced families capture systematic corre-
spondences and highlight areas of regional and
stylistic differentiation. The procedure does
not strictly require manual annotation, but does
produce transparent clusters that support both
quantitative and qualitative analysis. The re-
sults demonstrate that distributional modelling
can reveal meaningful patterns of variation
even in “noisy” or low-resource settings, offer-
ing a reproducible methodological framework
for studying language variety in multilingual
and small-language contexts.

1 Introduction

Variation in language is often treated as noise in
NLP pipelines (Eisenstein, 2013; Al Sharou et al.,
2021). Spelling differences, orthographic incon-
sistencies, and regional forms are typically nor-
malised or removed to simplify token space, which
can erase sociolinguistic signal (Baron and Rayson,
2008). Work in sociolinguistics and large-corpus
dialectology shows that such variation is systematic
and informative for geography and social structure
(Grieve et al., 2019). Subword modelling has long
been used to handle non-standard forms in prac-
tice and improves classification in noisy settings
(Munro and Manning, 2010).

For under-researched languages and varieties,
identifying and extracting language variation re-

mains challenging. Pre-processing tools such as
VARD insert modern equivalents for historical
spellings to aid search and tagging, relying on lexi-
cons and edit-distance style methods, and target
normalisation rather than discovery (Baron and
Rayson, 2008). Embedding-based studies indicate
that distributional models encode many types of
spelling variation and near-orthographic similarity,
though evaluations are typically based on curated
sets of variant pairs and focus on representation
quality (Nguyen and Grieve, 2020). Closely re-
lated work in context-sensitive spelling correction
uses word and character n-gram embeddings to
map misspellings to canonical forms, again op-
timising correction and not mining new variants
(Fivez et al., 2017). Research on dialectal change
detection has brought models for geographic dif-
ferences, but does not allow for directly extracting
unconstrained orthographic families from raw text
(Jiang et al., 2020; Pham et al., 2024). Broader
multilingual analyses of surface-form overlap high-
light that form-level variation carries structure that
models can exploit (Kallini et al., 2025).

There are methods to represent variation and to
correct it, and there are resources that label dialec-
tal differences. What is less supported are methods
that detect and mine previously unlisted variant
families directly from raw text without seed lexi-
cons, and that do so beyond strictly dialectal con-
trasts. We propose the methodology laid out in
this paper to address this gap. With this method-
ology, we are able to discover candidate variation
families from distributional evidence and provide
transparent scores for downstream qualitative and
quantitative analysis.

The main contributions of the research carried
out and presented in this paper are:

(1) A reproducible methodology1 for inducing
lexical and orthographic variation from raw

1https://github.com/plumaj/vadamt
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text using subword embeddings, similarity-
based grouping, and controlled pruning with-
out relying on predefined variant lists or nor-
malisation rules.

(2) A large-scale empirical study of variation in
Luxembourgish user comments, showing that
the automatically induced families capture
systematic patterns and provide a structured
basis for qualitative linguistic analysis.

2 Background

Luxembourgish is a small language situated in a
dense multilingual environment, with extensive
contact to both German and French. Its gram-
matical structure derives from Moselle Franco-
nian (Gilles, 2019), while sustained contact with
French has shaped its lexicon, borrowing patterns,
and code-switching practices. Written Luxembour-
gish displays considerable orthographic and lexi-
cal diversity, especially in informal online settings,
which makes it a challenge for NLP.

Initial work on computational methods for Lux-
embourgish was limited but established an initial
foundation. Adda-Decker et al. (2008) introduced
the first tools and corpora for automatic process-
ing. Subsequent studies examined characteristic
orthographic phenomena (Snoeren et al., 2010)
and provided early annotated resources for mixed-
language processing (Lavergne et al., 2014).

Recently, research activity has increased notice-
ably. Work has expanded to sentiment analysis (Sir-
ajzade et al., 2020; Gierschek, 2022), orthographic
correction (Purschke, 2020), syntactic annotation
(Plum et al., 2024), topic classification (Philippy
et al., 2024), comment moderation (Ranasinghe
et al., 2023), and automatic normalisation (Lutgen
et al., 2025). A broader set of classification tasks,
including named entity recognition, was provided
by Lothritz et al. (2022), and the generative bench-
mark LuxGen was introduced by Plum et al. (2025).
These works illustrate the rapid growth of Lux-
embourgish NLP but also reveal gaps in coverage,
consistency, and domain diversity.

Model development reflects a similar trajectory.
Strategies range from cross-lingual transfer from
German, as in LuxGPT (Bernardy, 2022), to data
augmentation with synthetic Luxembourgish text
in LuxemBERT (Lothritz et al., 2022), and balanced
multilingual pretraining for LuxT5 (Plum et al.,
2025). Other models include ENRICH4ALL
(Anastasiou, 2022) for administrative-domain chat-

bots and the LUX-ASR speech recognition mod-
els (Gilles et al., 2023a,b). Together, these efforts
demonstrate progress, yet available datasets remain
fragmented and vary widely in size, annotation
schemes, and linguistic phenomena.

One area that has received little explicit atten-
tion is lexical and orthographic variation. Lutgen
et al. (2025) develop a qualitative performance test
to evaluate normalisation models for specific or-
thographic variants. In linguistics, the Variation
Atlas by Gilles (2021) represents the most compre-
hensive overview of phonological, lexical, gram-
matical and regional variants in Luxembourgish.
This atlas is constructed by using an app to collect
users’ speech inputs for specific phenomena and
socio-demographic data, which is then transcribed,
analysed, and published (Entringer et al., 2021).

3 Methodology

The methodology adopted in this study combines
semi-supervised modelling with targeted qualita-
tive analysis to identify lexical and orthographic
variation directly from raw text, without relying
on predefined dictionaries or normalisation rules.
Throughout, spelling diversity is treated as a source
of linguistic information rather than noise, allow-
ing the unsupervised detection of previously un-
recorded orthographic and mixed variants while
ensuring transparency and reproducibility. This de-
sign supports large-scale induction alongside qual-
itative interpretation, and aligns with recent work
arguing that normalisation can obscure meaningful
patterns in non-standard and partly standardised
varieties (Grieve et al., 2019; Kallini et al., 2025).

First, subword embeddings2 are trained on the
raw corpus to obtain distributional representations
that preserve orthographic detail. Second, these
embeddings are used to induce groups of related
forms through a combination of cosine and n-gram
similarity, followed by controlled pruning and ag-
gregation across relevant dimensions such as users,
time periods, or domains. Third, the automatically
identified groups are examined manually to assess
their linguistic coherence and to trace patterns that
are not fully captured by numerical criteria.

3.1 Distributional Embeddings
Before outlining the methodology in more detail,
we briefly characterise what word- and subword-

2In this work, we use the term subword embeddings to
refer to embeddings constructed from fixed character n-grams,
rather than learned segmentation-based subword vocabularies.
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level embeddings encode. Distributional embed-
dings represent lexical items based on their patterns
of co-occurrence in context, such that similarity in
embedding space reflects shared semantic content,
syntactic behaviour, and usage environments (Tur-
ney and Pantel, 2010; Levy and Goldberg, 2014).
Subword models extend this principle by incorpo-
rating character-level information, which allows
orthographically related forms to be represented
closely even when token frequencies are low or
surface forms differ (Bojanowski et al., 2017). As
a consequence, embedding similarity reflects se-
mantic relatedness, morphosyntactic similarity, and
orthographic overlap. This makes clustering in em-
bedding space a suitable operation for identifying
candidate groups of lexical variants, particularly
in settings where variation manifests through both
form and contextual usage (Munro and Manning,
2010; Nguyen and Grieve, 2020).

3.2 Stage 1: Training Subword Embeddings

Embeddings are trained with FastText (Bo-
janowski et al., 2017) using the configuration val-
ues vector_size, window, min_count, epochs,
min_n, max_n, sg. These values are estimated in
accordance with the size of the corpus, as well as
with some testing of the variant families (as de-
tected in the following stage).

The input is a JSON file containing a required
text_field. Optional fields specify the compar-
ison dimension, such as user_id or date. The
corpus is streamed to manage memory, and basic
token statistics are collected. Cleaning behaviour is
minimal: Mentions beginning with @ are removed
before tokenisation, lowercasing is controlled by
the lowercase flag.

3.3 Stage 2: Identifying Variant Families

After training, a candidate lexicon V is created
from all tokens that meet the min_count threshold.
For each seed w ∈ V , the method retrieves the
top neighbours based on the values open_TOPN or
strict_TOPN. Cosine similarity is computed as

cos(w,v) =
w · v

∥w∥ ∥v∥ .

Pairs are filtered according to the associated sim-
ilarity threshold (open_TH or strict_TH). Then
character n-gram Jaccard overlap is computed:

J(w, v) =
|G(w) ∩G(v)|
|G(w) ∪G(v)| ,

where G(·) contains all n-grams in the range min_n
to max_n. Cosine and Jaccard values jointly deter-
mine whether two tokens belong to the same group.

We implement two modes to help identify vari-
ant families. The open mode forms a local star
around each seed. The strict mode builds an undi-
rected graph and extracts connected components.
Graph growth is limited by DEGREE_CAP. Groups
that do not reach SNN_MIN members are removed.
For the analysis presented in subsequent sections
of this paper, we used strict mode.

Scoring and Pruning For each group F , we
compute its size and the mean values of cosine
similarity and Jaccard overlap. A cohesion score is
the harmonic mean of these two averages. Groups
are removed if they fail to reach the minimum size
or if relative frequencies exceed the bound set by
MAX_FREQ_RATIO. All pairwise scores are retained
for inspection.

Dimension-Based Aggregation If a dimension
field is provided, the method counts in how
many distinct dimensions each variant appears and
records the frequency of the most common dimen-
sion. For each variant we store its coverage, its top
dimension, and the share that this dimension repre-
sents of its total frequency. These values feed into
filters such as MIN_USERS and MAX_FREQ_RATIO.
The summary CSV lists these quantities for all
groups.

Parameter Key Default

Lowercasing lowercase true
Comparison dimension dimension user_id
Vector size vector_size 100
Context window window 5
Min frequency min_count 10
Epochs epochs 10
Skip-gram model sg 1
Character n-gram range min_n–max_n 3–7
Neighbours/seed (open) open_TOPN 30
Similarity thr. (open) open_TH 0.75
Neighbours/seed (strict) strict_TOPN 100
Similarity thr. (strict) strict_TH 0.73
Min family size SNN_MIN 2
Degree cap DEGREE_CAP 200
Min token length MIN_LEN 3
Min users per variant MIN_USERS 3
Max frequency ratio MAX_FREQ_RATIO 25

Table 1: Main configuration parameters.

Configuration and Output Table 1 presents an
overview of the parameters used and their defaults
used for the purposes of this study. The method
iterates through the vocabulary, computes cosine
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and Jaccard scores where needed, and constructs
the final groups. The output consists of a JSONL
file containing all groups with their members and a
CSV summary with the main statistics. As this is an
experimental study, the configuration of the values
is based mainly on trial and error, by checking the
variant families manually after each run. In contrast
to normalisation tools such as VARD (Baron and
Rayson, 2008), the procedure retains surface forms
and measures their similarity instead of mapping
them to canonical variants.

3.4 Stage 3: Qualitative Analysis

The model outputs variant families with their co-
sine and Jaccard values and the frequency of each
member of the group. The first step in the qual-
itative analysis is to manually go over the fami-
lies and approach the analysis with a bottom-up
method. Based on the chosen dimension (i.e. user,
time, etc.), the families represent for instance user
variants in a similar context or variants over time
in a similar context. Then, adopting a bottom-
up approach, classifying the families is a straight-
forward way to analyse the families based on the
type of variation (orthographic, morphological, lex-
ical, stylistic, regional, etc.). The families could
also be semantically or functionally related, or the
relation is not identifiable, which could be a cat-
egory in itself. With the help of categorisation,
the identification of patterns in the data is more
feasible.

4 Luxembourgish User Comments

We demonstrate the use of our methodology in the
context of Luxembourgish user comments. The
comments are part of the online media platform
RTL3, the main news broadcaster in Luxembourg
and the only news broadcaster completely in Lux-
embourgish. The comments span from 2008 to
2024 and total roughly 1,42 million comments. As
the use of Luxembourgish has been expanding in
the written domain in the past 25 years and formal
grammar teaching in school is still not properly
regulated, we observe a high amount of variation in
written texts. This is especially visible in informal
domains, like online user comments. An in-depth
analysis of variation in this domain in Luxembour-
gish has not been conducted yet. However, with
our methodology, we can analyse a wide number
of comments and classify the occurring variation.

3https://rtl.lu

After applying stage 1 and 2, using the users as the
comparative dimension, we start with the qualita-
tive analysis. Using a bottom-up approach, we clas-
sify the families into 7 distinct categories, which
are depicted in Table 2. As the families have a
different number of words and also different phe-
nomena appearing in one family, we decided for a
multi-label approach. One family can have up to 3
categories. We illustrate the frequency of each cate-
gory in Table 2. In the following, we describe each
category and highlight findings related to language
variation in Luxembourgish.

Category Frequency

Orthographic 394
Morphological 222
Lexical 115
Collocation 21
Tokenisation 14
Regional 8
Other 242

Table 2: Categories and frequency

Orthographic The orthographic category de-
scribes spellings that are not part of the official
orthography (Zenter fir d’Lëtzebuerger Sprooch,
2019). This includes the use of different graphemes
to express the same word, which are often based on
the word’s phonological properties. Since Luxem-
bourgish has a high phoneme-grapheme correspon-
dence in addition to an ideology that you can write
how you speak, the language presents a wide range
of orthographic variation. One example is laang (lb.
long) where one family includes the orthographic
variant lang. The single vowel violates the quantity
rule in the orthography (Zenter fir d’Lëtzebuerger
Sprooch, 2019), as a long vowel is written doubly
when more than one consonant follows. However,
since the orthography is not well known, both vari-
ants appear frequently. Additionally, this category
also includes families that encompass different lex-
emes that are spelled incorrectly. One example for
this case is krng, srng, dng, êng, öng (lb. none, his,
yours, one, one). The correct spelling is keng, seng,
deng, eng, eng. In this instance, we can see two
different spellings for eng which has two different
sources. The first one êng represents more of a
typical misspelling in comparison to öng which
represents a phonological variant expressed with
the choice of <ö>. The phonological variant of
eng is pronounced with a rounded vowel which is
then written as <ö> by some authors. This is still
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# Family English Standard

(1) Zäit, Zeit, Zait, Zéit, Zaït time Zäit
(2) mir, mer, mier, mär, maer, miir, mäer we mir
(3) mat, matt, maat with mat
(4) mecht, mécht, mescht, mëcht, mëscht to do mécht
(5) wäit, weit, wait, wéit far wäit
(6) sech, sëch, séch himself sech
(7) Numm, Num name Numm
(8) laang, lang long laang
(9) Fehler, Feeler mistake Feeler

Table 3: Families in the category orthographic variation (One lexeme, different variants).

classified as orthographic variation since it violates
the official orthography (Zenter fir d’Lëtzebuerger
Sprooch, 2019).

Morphological The morphological category clas-
sifies all morphological variation. This encom-
passes conjugated verb forms, and inflections of
nouns and adjectives in case, number, and gender.
This also includes compounding nouns, clippings
and conversions. One example is the family fillen,
fillt, fille (lb. to feel) which includes the conjugated
form fillt and the deletion of the final <-n> before
specific characters, known as the n-rule, in fille.

Lexical This category includes different lexemes
that are semantically related. This includes syn-
onyms and antonyms like the family méi, manner
(lb. more, less) and lexical variants like dass, datt
(lb. that).

Collocation The collocation category describes
families with lexical items that form convention-
alised combinations in daily use. For this category,
the distinct words in a family form a collocation
together. For instance, Gott, säi, Dank4 (lb. god,
be, thanks) forms one family of distinct items that
frequently appear in the same context. Together,
they form the collocation Gott säi Dank meaning
thank god.

Tokenisation The tokenisation category de-
scribes families where the same word appears
twice, but in one instance without the definite ar-
ticle d’ (lb. the) attached to it and once with it
attached to the word. One example for this is the
family Zukunft, d’Zukunft (lb. the future).

Regional The regional category encompasses
categories where regional varieties are visible in

4For readability, nouns in families are capitalized.

the graphemic representation. This category over-
laps with the orthographic category, as it violates
the official orthography (Zenter fir d’Lëtzebuerger
Sprooch, 2019). However, in this case the regional
influence is visible and can be verified in the official
Luxembourgish Variation Atlas (Gilles, 2021).

Other The other category includes families that
have no distinct features or are not identifiable as
meaningful words. This includes pragmatic expres-
sions that are often used in online discourse like bla,
blabla, ehm, hoho, tzzz or non-identifiable words
like fisk, ragnax, har, sed.

4.1 Orthographic Variation: Insights
In this section, we present new insights from the
orthographic category revealed by the clustering
method. We examine several representative exam-
ples in more detail and discuss their impact.

One Lexeme, Different Variants We start with
examples, where one lexeme has several ortho-
graphic varieties in one single family. As the fam-
ilies are constructed based on similar neighbour-
ing tokens in the embedding space, this grouping
is straightforward. Interestingly, often not only
variants of the same lexeme are part of the fam-
ily but also the correctly spelled variant. This
indicates that at least for these families, the lex-
emes of the orthographic Luxembourgish and the
non-orthographic variants of Luxembourgish are
aligned in the embedding space (Cao et al., 2020).
Additionally, this shows that the model is able to
capture orthographic variants. In these cases, we
either see multiple variants for one lexeme in one
family, or only two variants, where one item is
usually spelled correctly as indicated in Table 3.
We observe that these categories include the most
common orthographic variants in Luxembourgish.
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# Family English Standard

(10) déi, wéi, méi, ewéi that, as, more, as déi, wéi, méi, ewéi
(11) dèi, wèi, mèi that, as, more déi, wéi, méi
(12) dat, wat this, which dat, wat
(13) dad, wad this, which dat, wat
(14) weéi, deéi, eweéi, meéi as, that, as, more wéi, déi, ewéi, méi
(15) méh, déh, wéh, ewéh more, that, as, as méi, déi, wéi, ewéi

Table 4: Families in the category orthographic variation (Different lexemes, one variant).

Especially in the families with only two variants,
one variant is often the most common spelling vari-
ant.

Different Lexemes, One Variant The second
insight for orthographic variation is the clustering
of families of the same type of variation for dif-
ferent words across multiple families. For these
families, we observe similar words, for instance
dèi, wèi, mèi (Table 4 (11)) or dad, wad (Table 4
(13)) clustering together but with the same vari-
ant pattern in every word. A variant pattern is the
same type of grapheme writing in different words,
for example instead of the correct spelling of the
diphthong <éi>, the graphemes <èi> are used con-
sistently to represent the diphthong. Instances for
these patterns are shown in Table 4. Additionally,
not only variants cluster together but also the stan-
dard variants of these function words as shown in
the instances (10) and (12) in Table 4. Since the
instances are mostly function words, the clustering
in itself is evident, however, the clustering of the
identical variation pattern in different families indi-
cates that these variants have social meaning which
is represented in the embedding space. Therefore,
the clustering shows that these words appear in
similar topics or similar sentence structures that are
linked via this variant. Another option would be a
higher frequency for multiple authors writing about
a similar topic. A more in-depth corpus analysis
would give more insights into the social meaning
of these variants.

4.2 Regional Variation: Insights

Overall, our method only made 8 instances of re-
gional variation visible. Due to an advanced state
of dialect levelling in Luxembourgish, regional di-
alects have evolved into a national variety with
some remaining lexical, phonological, and gram-
matical features (Gilles, 1999). Due to the infor-
mal nature of the comments, some phonological

regional features are visible in the grapheme repre-
sentation of the written lexeme. As these written
forms differ from the official orthography, they
also classify as orthographic variants. There are
also instances of regional variants that are not or-
thographic variants but are part of the official dic-
tionary for Luxembourgish5 like mar which is a
regional variant of muer (lb. tomorrow). With the
Variation Atlas (Gilles, 2021) we can verify spe-
cific variants that are part of the 811 variant maps
included in the atlas.

Figure 1: Map of muer variants (Gilles, 2021)

One of those variants is the family muer, muar,
moar (lb. tomorrow). Figure 1 shows the map
of the variant muer and the regional variants mar,
muar, moren. Not shown in the map due to a low
frequency of instances is the variant moar, which
is also part of the family in our analysis. The vari-
ant muar is prevalent in the south of Luxembourg,
whereas muer is the most common variant in Lux-

5https://lod.lu
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embourg and considered the standard variant6. The
variant moar is mostly localised in the east of the
country, but only a few participants (19) of the
variation atlas survey have used that variant. How-
ever, in the comments 338 instances are recorded
in comparison to 604 instances of muar, and 6577
instances of muer. This shows that moar is still the
least used variant in contrast to the most frequent
variant muer. However, it is still a common vari-
ant used in the comments, which was not clearly
recorded before as the findings of the Variation At-
las did not indicate this. Additionally, the Jaccard
values show a low overlap between authors using
these variants, which indicates a consistent use of
a variant instead of switching between variants in
different contexts.

4.3 Lexical Variation: Insights

The lexical variation category is one of the most het-
erogeneous categories in our analysis, as this cate-
gory includes every family that encompasses differ-
ent lexemes which are semantically related to each
other. In addition to synonyms and antonyms, we
also found common lexical variants in the data that
are included in the Variation Atlas (Gilles, 2021).

Two interesting families are séier, schnell, seier
(lb. fast) and säit, seit, sait, zanter, zenter, zënter,
séit (lb. since). These families do not only show
lexical variation, but also orthographic variation.
In this section, we focus on the lexical side. Figure
2 illustrates the regional distribution of the use of
séier and schnell. Overall, the frequency of use of
both variants is nearly identical, at an almost equal
split. The variant map illustrates some preference
for the séier variant in the north of the country,
and some for schnell in the south. However, the
statistical analysis shows that only the north is sig-
nificantly favouring the séier variant (Gilles, 2021).
One factor that influences the use of this variant
significantly is age. The older the participants of
the variation atlas survey are, the more the variant
séier is preferred.

Similarly, we can observe these tendencies with
säit, zënter and zanter. Gilles (2021) illustrates
in the Variation Atlas that the variant säit is over-
all favoured and regionally the most used variant.
However, if we look at the factor age, the variant
zënter and zanter are more popular with an older
age group. It needs to be noted that zënter and zan-
ter are phonological variants but belong the same

6Verified via the official dictionary for Luxembourgish.

Figure 2: Map of schnell variants (Gilles, 2021)

lexical variant.
Further, we also found families that are topically

related. The family chat, chatgpt, gpt, chatbot illus-
trates the more recent advances in AI and how these
entered into the discourse in the user comments.
Another example is the family Grexit, Frexit, Brex-
iteers, Lexit, Nexit, Luxexit which encompasses
word formations inspired by the expression Brexit.
By combining country names with the word exit
(e.g. France = Frexit, Netherlands = Nexit, Luxem-
bourg = Luxexit) we get a family of variants that is
topically related to a withdrawal from the European
Union for different countries. Interestingly, differ-
ent countries cluster together, indicating a similar
discourse on the topic for different countries.

5 Discussion

Previous work has demonstrated that specific lex-
ical and orthographic variants tend to cluster in
distributional space. Studies such as Nguyen and
Grieve’s (2020) show that subword-based embed-
dings encode systematic spelling variation, and
related work in dialectology and sociolinguistics
has used clustering to analyse similarity between
known varieties or regional forms. Crucially, much
of this research starts from predefined units, such as
known variants, dialect labels, or geographic group-
ings, and then examines how these cluster together.
The analytical focus is typically on confirming that
related forms or varieties occupy nearby positions
in the embedding space.
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The present study reverses this perspective.
Instead of beginning with predefined variants,
it detects and mines variants directly from co-
occurrence and similarity patterns in the data. Clus-
tering is thus used not as a validation tool, but as
an exploratory mechanism that makes candidate
forms visible without prior assumptions.

This methodological change is particularly rel-
evant for Luxembourgish. Written Luxembour-
gish exhibits high orthographic diversity, partial
standardisation, frequent borrowing, and code-
switching, which make manual enumeration of
variants difficult and incomplete. These properties
create favourable conditions for unsupervised dis-
covery of variation. This also applies to the dataset
at the centre of our analysis. User comments pro-
vide dense, repetitive, and informal language use
across many contributors, which supports distribu-
tional modelling of variation while retaining so-
cially meaningful diversity.

Beyond identifying variant families, the ap-
proach opens up several directions for further anal-
ysis. One avenue concerns the role of different di-
mensions in shaping cluster structure. Future work
will examine which types of variation cluster along
which dimensions, for example whether certain
families are associated with particular groups of
users or whether historical and more recent forms
of Luxembourgish can be distinguished through
their distributional profiles. Exploring these ques-
tions will help clarify how different sources of vari-
ation interact and which analytical perspectives are
best supported by this methodology.

The resulting clusters reveal patterns that are
well aligned with linguistic intuition, but are not
explicitly encoded in existing resources. This sug-
gests that substantial lexical and orthographic vari-
ation remains undocumented. Resources such as
the one analysed here therefore warrant further in-
vestigation, both to enrich descriptive accounts of
Luxembourgish and to inform the development of
computational models that better reflect actual lan-
guage use.

Building on these considerations, we emphasise
that the full codebase is released publicly to en-
courage reuse, scrutiny, and extension by other
researchers. At the same time, our findings and
limited further testing suggest that the proposed
approach is not suited to highly standardised lan-
guages, where orthographic variation is limited
and many relevant distinctions are already cap-
tured by existing lexical resources and normali-

sation pipelines. Its strengths instead lie in settings
characterised by non-standardisation, activate vari-
ation, or incomplete codification, where spelling
diversity encodes sociolinguistic and contextual
information rather than noise. We therefore hope
that this work enables and motivates applications to
similar language varieties and research situations,
including under-resourced or emerging standards.
Beyond language-specific use cases, the method
is also applicable to other domains and previously
unexplored corpora, such as large web crawls or
collections with limited metadata. In this sense, the
contribution is less a universal solution for all lan-
guages than a transferable framework for studying
variation in contexts where standard assumptions
do not hold.

6 Conclusion

In this paper, we have made two main contributions.
First, we describe a transparent and reproducible
methodology for inducing lexical and orthographic
variation directly from raw text, without relying
on predefined variant lists or normalisation. Sec-
ond, we present a large-scale empirical analysis of
Luxembourgish user-generated text that documents
variation as it is used in practice. Across seven
analytically defined categories, the method identi-
fies around 800 variant families, revealing system-
atic patterns of spelling and lexical diversity. The
findings confirm earlier observations that related
variants cluster in distributional space (Nguyen
and Grieve, 2020), while extending this insight by
showing how such clusters can be mined directly
from data rather than used only for validation.

Looking ahead, we plan to apply this methodol-
ogy to additional Luxembourgish corpora in order
to compare domains and writing contexts. This
includes exploring whether user-level variation pat-
terns can be characterised more systematically and
assessing how well different available corpora re-
flect everyday language use. At the same time,
initial experiments suggest that the approach is less
effective for highly standardised languages, where
orthographic variation is limited and distributional
signals are weaker. This highlights that the method
is particularly suited to languages and domains with
active variation, and that its applicability depends
on the sociolinguistic properties of the data.

120



Limitations

The findings in this study need to be interpreted
with care. The corpus consists of user com-
ments from a single online platform, which rep-
resents only a small portion of the Luxembourgish-
speaking population. Patterns observed in this
dataset therefore do not necessarily generalise to
the wider speech community, nor do they capture
the full range of regional, social, or stylistic varia-
tion present in Luxembourgish. The method iden-
tifies orthographic and lexical families based on
distributional and subword similarity, which makes
it sensitive to corpus composition and frequency
effects. Rare variants may be missed, and high-
frequency items can dominate neighbourhood struc-
tures. While the induced families provide useful
candidates for analysis, their linguistic validity still
depends on qualitative assessment. The results
should thus be seen as a structured starting point
for investigating Luxembourgish variation rather
than a comprehensive account of the language.

A further limitation concerns the interpretation
of the induced clusters. While the method identifies
groups of closely related forms, it cannot by itself
determine whether these patterns reflect linguistic
variation, author-specific preferences, or temporal
effects. In practice, these sources of variation are
often intertwined in user-generated text, and distri-
butional similarity alone does not allow them to be
disentangled with certainty. Although dimension-
based aggregation provides partial insight into how
variants are distributed across users or time peri-
ods, the clustering process itself is agnostic to the
underlying cause of similarity. As a result, the iden-
tified families should be interpreted as candidates
for linguistic variation that require contextual and
qualitative analysis to establish their nature.

Ethical Considerations

This study uses publicly accessible user comments,
but they remain sensitive textual data. All pro-
cessing follows the terms of use of the platform
from which the comments were collected. No at-
tempt is made to identify individual users, and the
analysis relies only on aggregated patterns such as
variant frequencies and distribution across dimen-
sions. Even though user identifiers are present in
the raw data, they are treated only as categorical
variables and are not (and could not be) interpreted
as personal attributes. The dataset represents a self-
selected set of online participants whose linguistic

behaviour may differ from that of the wider pop-
ulation, and care should be taken not to attribute
group-level characteristics to individual users. Fi-
nally, automatically induced variant families can
reflect social or regional differences, but these pat-
terns should be interpreted with caution to avoid
reifying stereotypes or overgeneralising from lim-
ited data. The methodological framework is in-
tended for linguistic analysis rather than profiling
or prediction of individuals.
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Abstract

We propose a taxonomy-guided approach to
semantic alignment that assigns lexicographic
senses to an onomasiological taxonomy derived
from the Hallig–Wartburg/Post system. Us-
ing an LLM under strict taxonomic constraints,
short and heterogeneous meaning descriptions
are assigned to a common conceptual space.
Evaluation against expert annotation shows that
run-to-run model agreement (κ = 0.73) closely
matches human agreement (κ = 0.74), with ro-
bustness at coarse taxonomic levels and pre-
dictable degradation at finer granularity. A
qualitative network analysis demonstrates the
resulting potential for cross-dictionary explo-
ration of dialectal variation in semantics.

1 Introduction

Dialect dictionaries are a central resource for study-
ing language variation and cultural knowledge (Re-
ichmann, 2022), yet they remain notoriously diffi-
cult to compare or interlink. The core obstacle is
not a lack of data but a lack of semantic interoper-
ability: dialect dictionaries are typically organized
semasiologically (i.e., by form), follow heteroge-
neous editorial conventions despite shared method-
ological foundations, and encode meaning in non-
parallel ways. As a result, identical or closely re-
lated concepts are often realized through different
expressions and scattered across isolated resources.
This fragmentation severely constrains systematic
cross-dictionary research on lexical variation.

An onomasiological perspective offers a funda-
mental alternative. Instead of starting from forms,
it starts from meanings and groups words by the
concepts they express. In German dialect lexicog-
raphy, this perspective is well established through
semantic taxonomies such as the Hallig-Wartburg
system (HW; Hallig and von Wartburg, 1963) and
its dialect-lexicographic adaptations. The HW tax-
onomy provides a conceptual framework that is in-
dependent of regional lexical realization and can, in

principle (see Tittel et al., 2020), support concept-
based access and comparison across dictionaries.
In practice, however, onomasiological access is
hard to apply consistently across resources: manual
assignment is labor-intensive, semiautomatic meth-
ods struggle with sparse glosses, and fully auto-
matic sense alignment techniques typically presup-
pose structurally homogeneous resources, richer
definitions, or parallel sense inventories (Klee,
2024; Bieberstedt et al., 2024).

Large language models (LLMs) provide a quali-
tatively different option. Their ability to interpret
underspecified meaning descriptions, integrate het-
erogeneous contextual cues, and follow explicit
categorical constraints makes them promising can-
didates for taxonomy-bound semantic classification
in dialect lexicography.1 At the same time, deploy-
ing LLMs for this task raises a critical method-
ological question: can an LLM assign sense-levels
to an onomasiological taxonomy reproducibly and
lexicographically appropriately across divergent
dictionaries, or do stochasticity and ambiguity un-
dermine semantic coherence?

This paper addresses this question by treating
taxonomy-bound classification as a practical route
to sense-level assignment. We operationalize the
HW taxonomy, as adapted for dialect lexicography
by Post (1998), and employ it as an explicit con-
ceptual framework. In its extended and partially
restructured form (Post, 2026), Post’s system of
semantic categories serves as a controlled classifi-
catory backbone, to which individual sense-levels
are systematically assigned.

Empirically, we investigate the Hessen-
Nassauisches Wörterbuch (HNWb) as a represen-

1In this paper, meaning description denotes meaning-
related statements as they occur in dictionary texts. Method-
ologically, these statements are treated as sense-levels, that is,
as levels of meaning differentiation within dictionary entries
and used as operational units of analysis. Semantic cate-
gories are conceived as analytical classes used for taxonomic
abstraction across individual meaning descriptions.
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tative and methodologically challenging dialect
dictionary. We implement a reproducible process-
ing pipeline that derives a fine-grained sense-level
representation from dictionary encodings and
performs LLM-based classification under strict
taxonomic constraints. The approach is evaluated
through expert-in-the-loop validation and repeated
classification runs to quantify both agreement with
expert judgments and run-to-run stability.

The paper thus makes three contributions: (i)
we propose a taxonomy-guided method for sense-
level alignment across dialect dictionaries; (ii) we
provide an empirical evaluation of reproducibility
via expert annotation and repeated runs; (iii) we
illustrate, as a proof of concept, how sense-level
assignments derived from the HNWb can be linked
to corresponding categories in three other dialect
dictionaries from major German dialect regions,
laying the foundations for a systematic evaluation
of cross-dictionary alignment in future work.

In doing so, we address three interrelated re-
search questions:

RQ1: To what extent can LLM-based classifica-
tion reliably and reproducibly assign sense-level
entries from a single, structurally heterogeneous
dialect dictionary to categories of the extended Post
taxonomy?

RQ2: To what extent do LLM-generated assign-
ments for the HNWb align with expert judgments
under a defined evaluation scheme, and where do
systematic deviations occur within the taxonomy?

RQ3: To what extent can a taxonomy-based,
sense-level representation of the HNWb be used to
link its senses to corresponding categories in other
dialect dictionaries?

Beyond dialect lexicography, the proposed ap-
proach is, for example, applicable to domain-
specific ontologies characterized by sparse and het-
erogeneous sense descriptions (e.g., historical, ter-
minological, low resources languages).

2 Background

2.1 Semantic Interoperability in Dialect
Lexicography

Prior research on sense alignment has proposed a
variety of methods operating on both the expres-
sion and the content level (Wiegand and Gouws,
2014). Statistical measures used in information
retrieval to assess the relevance of terms in docu-
ments within a document collection like TF-IDF
(Term Frequency-Inverse Document Frequency)

have been applied successfully to longer textual
units (Lane and Dyshel, 2025). In lexicography-
driven studies, information retrieval is producing
particularly robust results for Realia, such as fruit
or agricultural products (Burch and Rapp, 2007),
but is ill-suited to short or fragmentary definitions.
Content-based approaches have explored the com-
parison of conceptual information extracted from
definitions, for example, through the use of hy-
perlemma lists (Fournier, 2003, 160–167). Sense-
alignment work between GermaNet and DWDS
has shown that parallel senses provide external ev-
idence for the validity of sense distinctions and
allow mutual enrichment of resources, whereas
non-parallel cases point to entries in need of re-
consideration (Henrich et al., 2014). Distributional
methods relying on semantic proximity in vector
spaces (Mikolov et al., 2013) offer another per-
spective, but they presuppose relatively balanced
definitions and encounter difficulties when applied
to dialectal or historical vocabulary.

More recently, cross-resource sense alignment
has been framed as a supervised classification task
over sense pairs, achieving improved performance
through the combination of handcrafted features
and representation learning (Ahmadi and McCrae,
2021). In a comparative case study of monolingual
sense alignment, Salgado et al. (2020) highlight
substantial challenges arising from inconsistent lex-
icographic criteria, heterogeneous sense invento-
ries, and divergent wording practices in glosses.
While their work demonstrates the practical value
of sense alignment for semantic web publication
and NLP applications, it also underscores that align-
ment quality is fundamentally constrained by the
degree of semantic explicitness and structural com-
parability provided by the source dictionaries.

When applied to dialect lexicography, how-
ever, the assumptions underlying these approaches
quickly reach their limits. Because many of these
dictionaries are historical resources with inconsis-
tent or minimal markup, the semantic cues they
contain are not machine-readable. Even where tech-
nical aggregation infrastructures exist, such as in
dictionary networks (e.g., www.woerterbuchnetz.
de), the underlying semantic information remains
incompatible (Klee, 2024). Interoperability at the
level of individual lexicographic meaning descrip-
tions, which is necessary for computational reuse
in studies on language variation and change (Gar-
rido García, 2021), lexicographic integration, or
NLP applications, has therefore not kept pace with
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the availability of digitized materials. This gap
indicates that sense-level interoperability requires
methods that can operate on sparse, heterogeneous
definitions while remaining constrained by an ex-
plicit conceptual framework.

2.2 Semantic Taxonomy

Semantic taxonomies offer a potential remedy. Al-
though originally developed within Romance stud-
ies, HW is a language-independent, onomasiolog-
ical system designed to structure lexical meaning
independently of lexical form. It functions as a con-
trolled, hierarchical ontology and has been widely
applied in historical lexicography and lexicolog-
ical studies of Middle High German as well as
medieval and early modern (up to the 16th century)
French, Italian, Spanish, Gascon, and Occitan (cf.
Tittel et al., 2020). It organizes concepts within
a small number of highly abstract domains and a
deeply articulated hierarchy whose ordering prin-
ciple is intrinsic to the system (see Tittel et al.,
2020 for a computational account). Concepts are
positioned through their relations within this archi-
tecture rather than through assignment to mutually
exclusive semantic fields.

Take the conceptual field nature as an example.
In HW, the relevant concepts are embedded, for
example, within the domain A. The universe and
further structured along the path I. The sky and
the atmosphere → a) The sky and celestial bodies,
where elements such as Nature, Wind, and related
phenomena appear as coordinated concepts within
a system-internal hierarchy (original in French).
Post’s (2026) adaptation reorganizes this material
for dialect lexicography. While largely preserving
the conceptual inventory, Post restructures HW’s
hierarchical pathways into explicitly named and nu-
merically indexed domains, for example, by differ-
entiating nature into categories such as Inanimate
Nature (Figure 1).

This restructuring transforms the HW system
into an taxonomy designed for consistent lexico-
graphic assignment. Post’s (1998) modification
is widely used in dialect dictionaries (e.g., Bickel,
2013; Breuer and Stöckle, 2023; Schwarz, 2022).2

By contrast, WordNet-style taxonomies are pri-
marily synset-based and lexeme-driven, having
been developed for contemporary English. Al-
though they exhibit a hierarchical structure, their

2The version used in this paper follows the augmented tax-
onomy employed in the Fränkisches Wörterbuch (https://
wbf.badw.de/wbf-digital/zur-dokumentation.html).

Figure 1: Extract from Post’s (2026) modification of the
HW taxonomy

organization is induced from the lexical inventory
of a specific synchronic language stage. As a re-
sult, they are less suitable for lexical-semantic map-
ping in historical lexica or terminological resources,
where conceptual structures may not align neatly
with modern lexical units or where semantic re-
lations diverge diachronically (see Trotter et al.,
2016). The practical challenges of applying Word-
Net to historical lexical resources have received
only limited attention in the literature (cf. Tit-
tel, 2025). This structural limitation points to a
fundamental difference: as a concept-driven and
language-independent ontology, HW does not pre-
suppose a particular synchronic lexicalization and
therefore provides a more stable framework for
diachronic and cross-linguistic mapping.

However, its computational application has re-
mained experimental, for example, asking to what
extent LLMs could effectively support the editorial
process in a dictionary project (Raaf and Röhrer,
25.09.2025). Whether such a taxonomy can sup-
port automated large-scale alignment across dictio-
naries remains an open question.

3 Material and Methods

3.1 Dialect Data
This study takes the Hessen–Nassauisches Wörter-
buch (HNWb) as its primary empirical object.
While large-scale German dialect dictionaries are
broadly comparable in their micro- and macrostruc-
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tural design (Lameli, 2021), they differ substan-
tially from one another in editorial practice, tem-
poral depth, and lexical coverage (Moulin, 2010;
Lenz and Stöckle, 2020), limiting systematic cross-
dictionary comparison. Focusing on the HNWb
as a single case allows us to investigate taxonomy-
based sense-level assignment under realistic lexico-
graphic conditions. However, in order to illustrate
the extensibility of the resulting sense-level repre-
sentation, three additional dialect dictionaries are
considered in a secondary role: the Mecklenburgis-
ches Wörterbuch (MWb), the Pfälzisches Wörter-
buch (PfWb), and the Schweizerisches Idiotikon
(SchwId). Together, these resources cover major
dialect regions from Low German (MWb) over
Central German (HNWb, PfWb) to Upper German
(SchwId) (Table 2).

The empirical analysis is restricted to the alpha-
betic range N, which is uniformly accessible across
all four resources. While this restriction is moti-
vated by data availability, it also offers methodolog-
ical advantages: N spans a wide range of seman-
tic domains (e.g., natural phenomena, temporal
expressions, abstract operators), comprises both
high-frequency function words and low-frequency
content words, and exhibits substantial editorial
heterogeneity across dictionaries. Furthermore, un-
like other initial consonants, it does not exhibit
onset variation (e.g., <f> vs. <v>, <t> vs <d>) and
therefore provides a stable baseline for comparison.
These properties make it a suitable test case for
taxonomy-bound sense-level assignment.

Within the N range, the dictionaries differ consid-
erably in size and microstructural granularity. The
HNWb comprises 981 articles with 1,163 sense-
levels. For the three additional dictionaries, the cor-
responding numbers are: MWb: 1492/1735; PfWb:
1502/1887; SchwId 3591/2982. Dictionary en-
tries or single sense-levels lacking usable glosses—
predominantly in SchwId—were excluded from the
assignment.

3.2 Workflow
The methodological framework follows an onoma-
siological approach that aligns dictionary entries
via the concepts they express. The HW taxonomy
as extended by Post (2026) serves as a controlled
conceptual foundation. Each sense-level is mapped
to a four-digit taxonomy code, positioning it within
a hierarchical domain and thereby enabling nested
evaluation across different levels of conceptual
granularity (e.g., code 2000 “Inanimate Nature”,

extended by 2200 “Precipitation and Weather”; see
Figure 1). The definition of sense-levels is based
on the Standard German definitions provided in
the dictionaries, rather than on dialectal keywords.
Examples of dialectal usage, which typically take
the form of multiword expressions, were explicitly
excluded from the analysis because they often refer
to multiple lexical items.

The LLM classification follows a detailed work-
flow (Figure 2) outlined in the following sections.

Preprocessing The HNWb entries were brought
to a uniform level of annotation with regard to
meaning specification using lightweight markers in-
spired by TUSTEP conventions (e.g., #marker +
. . .#marker−). The resulting information was
stored in a JSON schema that explicitly separates
(a) lexical form, (b) grammatical metadata, (c)
sense-levels, and (d) auxiliary gloss material (e.g.,
Latin equivalents). This schema accommodates
heterogeneous metadata while enabling systematic
extraction of sense-levels, batch processing, and
reproducible interaction with the LLM-based clas-
sification workflow. Structural inconsistencies and
reference entries were resolved manually according
to pre-defined annotation rules. The same prepro-
cessing framework was subsequently applied to the
additional dialect dictionaries used for illustrative
cross-dictionary linking, ensuring structural com-
patibility at the sense-level.

Prompt Engineering Semantic classification
was performed using the OpenAI model GPT-
5, accessed via the KISSKI interface.3 We em-
ployed an in-context learning prompt (Figure 10)
comprising five carefully selected few-shot ex-
amples. These examples were designed to en-
force strict taxonomic constraints while minimizing
over-interpretation of dialectal form variation (e.g.,
phonological and morphological variation). Dictio-
nary entries were processed in batches of approxi-
mately 8,000–9,000 tokens. Using this procedure,
all entries in the alphabetic range N of the HNWb
were distributed across 14 subsets, each containing
all information required for classification.

3AI Service Centre for Sensitive and Critical Infrastruc-
ture; see https://kisski.gwdg.de for details. The portal
provides a simplified API interface. Any associated costs
were billed directly through the University of Marburg, which
was essential given the absence of dedicated project funding.
Model outputs were generated using default sampling parame-
ters (temperature = 0.5, top-p = 0.5, no frequency or presence
penalty). This configuration corresponds to the KISSKI de-
fault and is reported to OpenAI.
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Figure 2: Workflow for LLM sense-level alignment.

Entries that did not contain semantic information
and merely referred to other entries–either within
the same batch or outside the N range–were labeled
as “out of index” and excluded from further evalu-
ation. Since such entries point to other lemmas via
explicit cross-references, assigning their meanings
constitutes a straightforward rule-based task. In ad-
dition, almost all categorizations of these reference
entries produced by the LLM were correct.

To ensure consistent and context-aware clas-
sification, each batch–comprising the lemma en-
try, variants, grammatical information, and sense-
levels–was paired with a comprehensive context
file. This file included abbreviation lists, edito-
rial metadata, dialect background information, and
the full extended Post taxonomy (approximately
10,700 tokens4).

Classification The automated semantic classifi-
cation was conducted in three stages.

Stage 1 (primary assignment): The LLM-based
classifier was first applied to the HNWb in order to
generate taxonomy-based sense-level assignments
under controlled prompt settings (1st run). The
classification was carried out in multiple iterative
calls, with a practical upper limit of approx. 20,000
tokens per call.

Stage 2 (reproducibility assessment). To assess
run-to-run reliability, the HNWb was classified a
second time under identical prompt settings and
experimental conditions (2nd run). This 2nd run
served to quantify the stability and reproducibility
of the automated sense-level assignment. The re-
sults of the two runs were evaluated on the basis of
expert-validated sense-level assignments.

Stage 3 (illustrative extension). In a final step
(3rd run), the same classification procedure was ap-

4Tokenization as determined by the tiktoken 0.12.0
Python library.

plied to two additional dialect dictionaries (MWb,
SchwId). These assignments were not subjected to
the same reproducibility or expert-based evaluation
but served to demonstrate how sense-level repre-
sentations derived for the HNWb can be linked to,
a broader dialect-lexicographic context. Addition-
ally, we used the available sense-level assignments
from the PfWb (see Post, 1998).

Expert Evaluation To assess the quality and re-
liability of the LLM-based semantic classification,
the model-generated sense-level assignments of the
HNWb were evaluated by two expert lexicogra-
phers at two distinct points in the workflow.

Evaluation 1 (quality check for prompt design):
A preliminary quality check was conducted on a
random sample of approx. 100–120 sense-level as-
signments per dictionary (Validation during prompt
engineering in Figure 2). The purpose of this
check was to verify whether the prompt design
and model behavior met the requirements for large-
scale application. Each assignment was manually
inspected and judged dichotomously (correct vs.
incorrect) by the expert lexicographers working
independently. An acceptance threshold of 80%
correct assignments was defined ex ante as the
minimum level required to justify full deployment.
This value was chosen conservatively based on a
pilot evaluation of the random sample and serves as
an operational decision point within the pretesting
phase. If the threshold was not met, the prompt
was revised and the evaluation repeated.

Evaluation 2 (quality check after classification):
A second expert evaluation was carried out after
completion of the 1st run, focusing exclusively on
the 997 assigned sense-level entries of range N in
the HNWb. All assignments were independently
corrected by the same two lexicographers. This
led to two individual classifications which were

127



statistically evaluated in terms of reliability. To this
end, a three-level assessment scheme was applied:
(1) Correct, indicating an exact match between the
model-generated and expert-assigned category; (2)
Almost correct, indicating assignment to a semanti-
cally adjacent node within the correct higher-level
category; and (3) False, covering all remaining
cases. The individual classifications were then
compared and any disagreements were resolved
to arrive at a consensual final assignment. The
finalized expert assignments derived from this eval-
uation subsequently served as the baseline for the
automated evaluation of the 2nd run.

4 Results

4.1 Sense-Level Assignment

Human Baseline To establish a reference point
for the level of agreement achievable under Post’s
semantic taxonomy, inter-rater agreement between
the two expert lexicographers was calculated for
all entries in the HNWb N range. Agreement was
quantified using unweighted Cohen’s κ, yielding
a value of κ = 0.743. This level reflects the in-
trinsic complexity of the classification task. Post’s
taxonomy is hierarchically structured, and category
boundaries are not always sharply defined. Conse-
quently, variability in expert judgments should be
interpreted as an effect of semantic granularity and
ambiguity rather than as annotator error.

Run-to-run Reliability To assess the internal
consistency of the LLM-based classification, the
two independent classification runs on the HNWb
were compared using identical prompts and exper-
imental conditions. The expert-validated sense-
level assignments served as the reference standard.
Agreement between the 1st and 2nd run was sub-
stantial (κ = 0.733), closely approximating the
human baseline. In absolute terms, the propor-
tion of strictly correct assignments decreased from
86.9% (875 cases) in the 1st run to 81.0% (812
cases) in the 2nd run. This difference is statistically
significant (χ2(1) = 14.42, p < .001), although
the associated effect size was small (ϕ = .08).

Stability Beyond aggregate agreement, the item-
level overlap between the two runs was examined
(Table 1). Of the assignments classified as strictly
correct in the 1st run, 89.40% (776 cases) retained
this status in the 2nd run. By contrast, assignments
classified as almost correct showed lower retention
(60.34%, 35 cases). Incorrect classifications were

retained in 74.64% (53 cases). Across all items,
roughly 25% of sense-level assignments changed
their evaluation level (correct / almost correct /
false) between runs (Figure 3).

Evaluation 1st run 2nd run Overlap
Correct 868 811 776

(89.40%)
Almost
correct

58 68 35
(60.34%)

False 71 111 53
(74.64%)

Table 1: Overlap of sense-level alignments between 1st
and 2nd run.

Figure 3: Item overlap of sense-level alignments be-
tween 1st and 2nd run.

Taxonomic Granularity Classification accuracy
varies systematically with taxonomic depth. When
evaluated at higher, more abstract levels of Post’s
taxonomy, assignments show higher accuracy and
greater stability. Accuracy decreases as categories
become more fine-grained (Figure 4), with in-
creased variability across repeated runs. Error bars
indicate 95% Wilson confidence intervals for bino-
mial proportions.

4.2 Semantic Inspection
Taxonomy-Sensitive Stability Beyond aggre-
gate agreement scores, run-to-run stability varies
systematically across semantic regions of the tax-
onomy. As shown in Figure 6 and Figure 7,
sense-level entries of the HNWb differ markedly
in their propensity to change categories between
the two runs. Highly referential domains (e.g.,
3000 “Plants and fruits”) show consistently low
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Figure 4: Classification accuracy across hierarchical
semantic levels; error bars indicate 95% Wilson confi-
dence intervals for binomial proportions.

change rates and high proportions of strictly cor-
rect assignments (see Figure 8), whereas, for exam-
ple, abstract or evaluative categories exhibit sub-
stantially higher variability. There are also col-
lective categories that have no semantic relevance
and therefore lead to misclassifications, such as
the high-level category 1000 “Special Words” that,
among others, contain temporal and spatial adverbs
which—semantically—could be attributed to 9500
“Space” or 9600 “Time”.

A further, qualitatively distinct source of misclas-
sification arises in normatively charged areas of the
taxonomy. Meanings referring to human behavior
or personal traits are repeatedly assigned to evalua-
tive categories such as 6116 “improper behaviour”
or 6510 “moral judgment (adjectival)” (Figure 8),
even when no moral judgment is encoded in the
meaning description. Importantly, these missas-
signments are systematic rather than random and
suggest that the model tends to activate evaluative
supercategories when processing human-related se-
mantics. The phenomenon points to an interaction
between the taxonomy’s normative structuring and
the model’s tendency to infer implicit evaluation,
rather than to isolated classification errors.

Semantic Network We further illustrate how
taxonomy-based, sense-level assignment derived
from the HNWb can restructure access to dialect
dictionary data beyond traditional alphabetical
lookup. While the distributional analysis estab-
lishes robustness at the level of aggregated cate-
gories, it does not show how individual sense-level
entries relate to one another within the shared con-
ceptual space. To make this relational structure
visible, we include sense-level assignments from

three additional dialect dictionaries obtained in the
3rd run and project all classified senses into a com-
mon taxonomic space for exploratory purposes.
This space is represented as a semantic network
of cross-dictionary relations. For illustration, we
focus on sense-level entries across all subcategories
under node 2000 “Inanimate Nature” (Figure 9), a
region of the taxonomy that shows comparatively
low volatility across runs (Figure 6). Within this
network, the categories of Post’s taxonomy delin-
eate conceptual regions, within which individual
sense-level entries are positioned as nodes.

Mixed colors within a node indicate cate-
gories with strong cross-dictionary representa-
tion. Take category 2100 “Sky, Celestial Bod-
ies” as an example, where the concept ‘new
moon’ forms a tightly connected semantic neigh-
borhood (Figure 5). Across dictionaries, for-
mally divergent but etymologically related des-
ignations converge within this category. Entries
such as Neumond (hnwb_N00568), Neu-mond
(pfwb_PN01033), Niman (mwb_N01074), and
Nǖ(w)mān (schwi_159172) share a common ety-
mon and are thus connected as cognate realizations
of the same basic concept. In addition, synony-
mous expressions based on alternative lexical moti-
vations, such as Neulicht (hnwb_N00565), Nǖ(w)
(schwi_159114), and Neu-schein (pfwb_PN01081),
are integrated into the same semantic region.

Beyond naming variants, the network also cap-
tures systematically related concepts that extend
the semantic field of new moon. These include
oppositional or contrastive relations, as in Nacht-
helling ‘moonlight’ (pfwb_PN00239), as well
as derivational extensions such as the adjective
nǖ(w)mǟnlich ‘taking place at the time of the new
moon’ (schwi_159173). By bringing together cog-
nate forms, synonyms, and semantically related
derivations from multiple dictionaries within a sin-
gle taxonomic category, the network reveals con-
ceptual relationships that would be difficult to de-
tect systematically through alphabetical access.

The resulting network shows that sense-level en-
tries from the HNWb consistently co-occur with
semantically corresponding entries from the ad-
ditional dictionaries within the same taxonomic
regions. Formally divergent lexicalizations, in-
cluding cognate forms, synonymous expressions,
and derivationally related senses, cluster in coher-
ent conceptual neighborhoods, indicating that the
taxonomy-based sense-level assignments support
meaningful cross-dictionary linking.
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Figure 5: Semantic network of sense-levels for node 2000 “Inanimate Nature” of the taxonomy following Post
(2026) (extraction of Figure 9); colors according to dictionaries, labels with lemma and ID of sense-levels.

5 Discussion

Reliability Relative to Human Agreement Ad-
dressing RQ1 and RQ2, the results show that
taxonomy-bound LLM classification achieves a
level of reliability comparable to expert annotation.
Human inter-rater agreement (κ = 0.743) and run-
to-run model agreement (κ = 0.733) fall into a
similar range, indicating that a substantial share of
classification variability reflects genuine semantic
ambiguity rather than model instability (see Art-
stein and Poesio, 2008; Passonneau and Carpenter,
2014). Given the hierarchical structure of Post’s
taxonomy and the often underspecified or context-
dependent nature of meaning descriptions in dialect
dictionaries, perfect agreement cannot be expected.
Convergence between human and model agreement
therefore suggests that the LLM operates within
the bounds of lexicographic interpretative practice,
rather than introducing qualitatively different er-
ror patterns. From this perspective, volatility be-
comes an informative signal: it highlights regions
where the taxonomy enforces discrete choices on
meanings that are inherently perspectival or multi-
dimensional, and thus marks the practical limits of
fine-grained, deterministic classification.

Sources of Instability and Semantic Ambiguity
Item-level analysis reveals that instability is concen-
trated in borderline cases. Assignments classified
as almost correct show lower retention across runs

than strictly correct or incorrect assignments, indi-
cating competition between semantically adjacent
taxonomic categories. Incorrect classifications, by
contrast, tend to remain stable once a decision falls
outside the correct taxonomic region. This asym-
metry suggests that variability is driven by semantic
underspecification rather than random noise.

Overall, approx. 25% of sense-level assignments
change their evaluation-status across runs. Rather
than undermining reliability, this volatility provides
an empirical estimate of the proportion of cases
for which fine-grained taxonomic assignment is
inherently uncertain. This is not solely due to the
classification, but also to the taxonomy, which in
some cases contains vague categories or collective
categories (e.g., 9214 “other”). At the same time,
the comparison of the 1st and the 2nd run reveals
a theoretical upper bound for semantic assignment
accuracy. Although the classifications of the runs
overlap substantially, they differ in 35 strictly cor-
rect assignments (see Table1). Aggregating all cor-
rect assignments in either run would raise accuracy
to 90.57%. This constitutes a best-case estimate
conditioned on the two runs. Given the probabilis-
tic nature of the classification and the observed
volatility, deterministic aggregation is not feasible
in practice. However, the complementarity across
runs suggests that controlled resampling may in-
crease coverage, an issue left for future work.

Furthermore, the strong dependence of accuracy
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on taxonomic depth highlights a central trade-off:
coarse-grained categories (1st or 2nd level in the
taxonomy) are assigned robustly and reproducibly,
whereas fine-grained distinctions (3rd or 4th level)
show increased variability. This pattern mirrors
human annotation behavior under hierarchical tax-
onomies and indicates that taxonomy-based align-
ment is suited for applications that operate at inter-
mediate or higher levels of abstraction, while finer
distinctions should be interpreted probabilistically.

Qualitative Sense-Level Assignment and Cross-
Dictionary Linking Addressing RQ3, qualita-
tive inspection of taxonomy-based semantic net-
works demonstrates how a sense-level representa-
tion derived from the HNWb can be extended be-
yond alphabetical access and linked to other dialect
dictionaries (see 190 Klosa and Müller-Spitzer,
2016; Moulin, 2010). Projecting sense-level entries
from multiple resources into a shared taxonomic
space, reveals coherent cross-dictionary clustering
within individual categories. Formally divergent
lexicalizations (Niebaum, 1986)—including cog-
nate forms, synonymous expressions, and deriva-
tional extensions—consistently co-occur within
the same conceptual regions, indicating success-
ful taxonomy-based linking at the sense-level.

Crucially, the graph-based representation ren-
ders explicit conceptual relations that would not
be readily observable through linear, alphabet-
ically organized dictionary access. For exam-
ple, lexical items such as Neulicht ‘new moon’
(hnwb_N00565; cf. Figure 5), corresponding to
Standard German Neumond—with Neulicht liter-
ally meaning ‘new light’—and Nachthimmel ‘night
sky’ (pfwb_PN00239) would not ordinarily be as-
sociated on the basis of alphabetical ordering or
surface-level semantic similarity. Within the tax-
onomic network, however, their relation becomes
apparent through shared higher-level conceptual
nodes, thereby exposing latent semantic connec-
tions and yielding interpretive added value.

Beyond facilitating cross-dictionary exploration,
this perspective also highlights a structural prop-
erty of parts of dialect lexicography: some di-
alect dictionaries document the differential lexicon
relative to the standard language more systemati-
cally than basic conceptual inventories. Apparent
gaps in basic concepts therefore often reflect ed-
itorial practice rather than conceptual or lexical
absence. Taxonomy-based alignment makes such
asymmetries explicit and enables comparative anal-

ysis of how semantic domains are lexically popu-
lated across regions. At the same time, recurrent
misclassifications and systematic category overex-
tensions observed in the LLM-based assignments
provide empirical feedback for refining the tax-
onomy itself, identifying nodes that are overly ab-
stract, normatively overloaded, or insufficiently dis-
criminative. In this way, taxonomy-guided sense-
level assignment not only supports linking but also
serves as a diagnostic lens on both lexicographic
practice and the taxonomy.

Scope and Limits of Taxonomy-Based Align-
ment Taxonomy-guided sense-level assignment
does not, by itself, resolve the full problem of se-
mantic mapping. Assigning multiple sense-levels
to the same Post category (e.g., 2100 “Sky, Celes-
tial Bodies”) situates them within a shared concep-
tual space, but it does not entail semantic equiv-
alence at finer levels of differentiation. Within
this framework, the Post taxonomy functions as a
controlled conceptual backbone that constrains the
semantic search space and enables first-order align-
ment across heterogeneous sense descriptions. Fur-
ther differentiation within a category would require
additional analytical layers, such as relation typing
or sub-clustering at the node level. Taxonomy-
based classification should therefore be understood
as a foundational step toward sense-level interop-
erability: it provides a stable, hierarchically orga-
nized structure that conditions—but does not substi-
tute for—more fine-grained semantic analysis. At
the same time, grouping semantically related con-
cepts supports resource-efficient workflows, partic-
ularly important for LLM-assisted approaches to
identifying semantic relations between dictionary
entries.

6 Conclusion

This paper introduced a reproducible workflow for
taxonomy-based, sense-level assignment using the
HNWb as a case study. Combining a semantic
taxonomy with LLM-supported classification and
expert evaluation, we show that meaning descrip-
tions are reliably assigned to common semantic
categories, with robust reproducibility across sense-
levels. The resulting representation supports struc-
tured semantic access and enables linking to other
dialect dictionaries, establishing taxonomy-guided
LLM classification as a foundation for sense-level
interoperability in dialect lexicography and related
low-resource NLP settings.
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Limitations

Several limitations of the present study should
be acknowledged. First, the empirical evaluation
is restricted to the alphabetic range N, which is
the only segment uniformly available across all
four dictionaries. Although this range spans mul-
tiple semantic domains and provides a meaning-
ful stress test for interoperability, it does not sup-
port claims regarding full-dictionary coverage or
domain-complete semantic analysis. Extending the
approach to additional alphabetic ranges remains a
task for future work.

Second, the proposed approach depends on the
availability and quality of explicit meaning descrip-
tions. Dictionary entries and single sense-levels
lacking usable glosses were excluded from clas-
sification, and deviations from Standard German
in the metalanguage (e.g., mixed dialect–standard
formulations or Latin quotations) required addi-
tional preprocessing. Dictionaries characterized by
minimal, implicit, or highly heterogeneous mean-
ing descriptions may therefore necessitate further
normalization efforts.

Third, classification quality is influenced by
prompt configuration, contextual information, and
the specific LLM version and interface employed.
Although the workflow is reproducible, alterna-
tive model settings or future model updates may
require re-tuning of prompts and contextual param-
eters. Moreover, while expert-in-the-loop valida-
tion ensures high-quality assignments, it introduces
manual effort that may limit scalability in fully au-
tomated scenarios.

Finally, the present study focuses on establishing
methodological feasibility and semantic plausibil-
ity rather than on evaluating downstream applica-
tions. Tasks such as systematic variation of batch
size and order, controlled resampling of sense-level
alignments, and large-scale clustering or similarity
measurement constitute important directions for
future research. While the study covers a wide
range of structurally diverse dialects, its findings
are necessarily limited to variation within Ger-
man. Nonetheless, the proposed methodology is
not language-specific and can, in principle, be ex-
tended to other languages and dialect continua.
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MWb HNWb PfWb SchwId
Project launch 1926 1911 1912 1862
Publication 1937–1998 Since 1927 1965–1997 Since 1881
Dialect area Low German Central German Central German Upper German
Survey period 13th–20th cent. 1912–1934 ca. 1900–1950 13th–21st cent.
Hist. references Yes No No Yes
Headwords Dialect Standard German Standard German Dialect

Table 2: Key characteristics of the dialect dictionaries analyzed: Mecklenburgisches Wörterbuch (MWb), Hessen-
Nassauisches Wörterbuch (HNWb), Pfälzisches Wörterbuch (PfWb) and Schweizerisches Idiotikon (SchwId).

Figure 6: Switching rate of sense-level assignments between evaluation levels for the 1st and 2nd run; only
sense-levels with a switching rate > 0 are shown. Bars represent individual sense-levels, while colors encode their
higher-level semantic categories.
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Figure 7: Correctness of sense-levels at the evaluation level correct across the 1st and the 2nd run; shown are only
those sense-levels that exhibit volatility either within a run or between runs and that are evaluated as correct in at
least one of the two runs. Sense-level labels are detailed in Figure 8.
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Figure 8: Taxonomic positions of sense-levels exhibiting volatility at the evaluation level correct. The same set of
sense-levels as in Figure 7 is shown, positioned within the semantic taxonomy following Post (2026). Blue nodes
mark the volatile endpoints of the taxonomic paths.
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Figure 9: Semantic network based on the semantic taxonomy following (Post, 2026), showing clustering of sense-
level entries across all subcategories under node 2000 “Inanimate Nature”, with assignments from the 1st, 2nd, and
3rd run merged into a shared conceptual space.
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Figure 10: Prompt extract used for sense-level alignment.
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Abstract

Mutual intelligibility within language families
presents a significant challenge for multilin-
gual NLP, particularly due to the prevalence
of dialectal variation and asymmetric compre-
hension. In this paper, we present a corpus-
based computational analysis to quantify lin-
guistic proximity across Romance language
variants, with a focus on major Spanish (Ar-
gentine, Chilean and European) and Portuguese
(Brazilian and European) varieties and the other
main Romance languages (Italian, French, Ro-
manian). We apply a computational metric of
lexical intelligibility based on surface and se-
mantic similarity of related words to measure
mutual intelligibility for the five main Romance
languages in relation to the Spanish and Por-
tuguese varieties studied.

1 Introduction

The study of mutual intelligibility (the degree to
which speakers of different, yet related, languages
can understand one another, cf. Gooskens and
Van Heuven (2021) is fundamental to both histori-
cal linguistics and practical applications in Natural
Language Processing (NLP). This phenomenon is
particularly pronounced within the Romance lan-
guage family, a group united by common Latin
ancestry but distinguished by centuries of indepen-
dent evolution.

In this work, we present a systematic, corpus-
based investigation into mutual intelligibility across
major Romance language variants, aiming to quan-
tify their linguistic proximity and understand the
factors driving comprehension success or failure,
from a lexical perspective. Specifically, we focus
on different Spanish (Argentine, Chilean and Eu-
ropean) and Portuguese (Brazilian and European)
varieties in relation to the other languages in the
main Romance language family (Spanish, Italian,
French, Romanian and Portuguese).

We rely on a complete database of related words
in the Romance languages (Dinu et al., 2023), as
well as on a collection of corpora for each of these
languages and varieties. By analyzing shared lexi-
cal features based on their vocabularies and corpus
usage, we attempt to answer the following research
questions:

1. Can computational metrics accurately model
the known asymmetry of intelligibility (e.g.
Portuguese speakers generally understanding
Spanish better than the reverse)?

2. How do regional variations in Spanish and
Portuguese impact intelligibility with non-
Iberian Romance languages compared to their
European variants?

We propose to explore the issue of language
mutual intelligibility, taking as our basis the Ro-
mance lexicon present in the five main Romance
languages in terms of number of speakers (Spanish,
Portuguese, French, Italian, Romanian). We fo-
cus on vocabulary because it represents the surface
of language, the first layer we come into contact
with when we approach a new language (Gooskens
and Van Heuven, 2021). Later, when we hear or
read a language that is genetically close to our
mother tongue or another language we know, be-
fore we comprehend the morphology and syntax,
we understand the vocabulary. Several studies
have indicated that, overall, morpho-syntactic dif-
ferences contribute less to intelligibility than lexical
and phonological differences (Hilton et al., 2013;
Gooskens and Schneider, 2016). Words are the
interface that either makes the language seem fa-
miliar and therefore intelligible, or raises a wall
that is impossible to cross without prior training
(Gooskens, 2024).

By addressing the issue of mutual intelligibil-
ity among Romance languages, we implicitly ex-
plore the issue of language similarity. Language
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similarity is one of the most challenging research
problems addressed in historical and comparative
linguistics, because of the difficulty of finding a
unitary scientific method to quantify the degree of
closeness between languages. In most cases, the
similarity of natural languages is treated as a fairly
vague notion (McMahon and McMahon, 1995),
precisely because it is used by both academic schol-
ars and the general public, giving rise to more or
less justified intuitions about which languages are
more similar to which others. In many situations,
these intuitions are simply based on the very subjec-
tive opinions of either linguists or non-linguists1.

When it comes to the degree of relatedness be-
tween languages, we believe that the best unit of
measurement is the ability of a native speaker of
one language to understand other languages in the
same family, without having any prior knowledge
of them (see also Gooskens (2013)). That is why
our approach is based on measuring the degree of
intelligibility between any two pairs of Romance
languages.

We chose to address intelligibility at the level of
linguistic varieties, not just standard languages, in
order to track any asymmetry in the ability of speak-
ers of other Romance languages to understand vari-
eties in relation to the standard language. Personal
experience has often allowed us to observe a higher
level of understanding of South American Spanish
by Italian or Romanian speakers, but a lower level
when it comes to French or Portuguese speakers.
Therefore, the study of the Chilean and Argentine
varieties of Spanish tests this empirical observa-
tion using a scientific method. In addition, we add
the Brazilian variety of Portuguese to provide a
basis for comparison and to be able to draw more
general conclusions about the relationship between
the level of intelligibility within and beyond the
borders of Europe.

Therefore, the findings of this paper offer a sig-
nificant contribution to the field of computational
sociolinguistics. The resulting quantitative models
of cross-lingual and intra-lingual intelligibility can
be directly applied to enhance several multilingual
NLP tasks, including low-resource cross-lingual
transfer learning, dialect-aware machine transla-
tion, and the design of more robust language pro-

1An anecdote related by McMahon (1994) shows how
subjective the perception on similarity is: when asked how
close Hungarian and Finnish are, a connoisseur of the two
languages answered "oh, very", but when asked whether "like
Italian and Spanish", the answer was "not that close, more like
English and Persian".

cessing tools for global Romance-speaking com-
munities.

2 Methodology

In order to obtain intelligibility scores across the
Romance languages and the varieties studied, we
use a metric of lexical intelligibility based on usage
of words with common etymology (cognates and
loanwords), as they occur in language use, consid-
ering that intelligibility of a language for a non-
speaker relies on related words which are similar
in form and meaning.

2.1 Dictionaries and Corpora

Since we start from the premise that intercom-
prehension is based on the ability of the average
speaker to identify words in the flow of speech, we
ground our analysis on authentic acts of speech,
not simply lexicographic works. Therefore, we
analyze two public corpora for the five Romance
languages, RomCro - containing literary texts in
different languages, translated in Romance lan-
guages and Croatian (Mikelenić et al., 2024), and
EuroParl - focusing on proceedings of the Euro-
pean Parliament (Koehn, 2005). We extract related
word frequencies in corpora used in our metrics
based on the two parallel corpora. We employ
a highly diverse collection of five publicly avail-
able corpora, spanning both the Spanish and Por-
tuguese languages across distinct regional varieties
and modalities. The Spanish-language component
consists of three corpora. We leveraged two written
reference corpora from Latin America (Argentina
Corpus (Marcos-Marín and Zumárraga, 1992) and
Chile Corpus (Marcos-Marín and Evans Espiñeira,
1991) each with around 2, 000, 000 words) to cover
a broad range of formal written registers. These
include substantial representations of Journalistic
(Periodísticos), Humanistic, Scientific, Technical,
Literary, Juridical and Scholastic (Escolares) texts,
with detailed frequency breakdowns guiding the
selection criteria. For Spanish oral data, we uti-
lized the CORLEC (Corpus Oral de Referencia
de la Lengua Española Contemporánea) (Marcos-
Marín, 2000s), which provides transcribed sponta-
neous and formal speech across categories such as
Conversation, Political, Educational, Scientific and
various journalistic formats (e.g. debate, news, in-
terviews). The Portuguese-language component
includes both Brazilian and European varieties.
The C-ORAL Brasil 2 (Raso et al., 2012–2015)
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is a corpus of spontaneous Brazilian Portuguese
speech, structured into three principal subcorpora:
Formal in Natural Context (e.g., business, teach-
ing, political speech), Media (e.g., interviews, talk
shows), and Telephonic (public and private interac-
tions). Lastly, the Corpus Português Fundamental
(CLUL (Centro de Linguística da Universidade de
Lisboa), 1984) provides data for European Por-
tuguese, featuring a frequency corpus of sponta-
neous spoken language (approx. 700, 000 words)
and an availability corpus of thematic vocabulary
(approx. 481, 800 words) derived from domain-
specific areas. This broad selection ensures robust
coverage of stylistic, geographic and domain varia-
tion necessary for comprehensive analysis.

We perform our analysis on related word pairs
extracted from the most comprehensive database
of related words in cognate languages up to date,
sourced from etymological dictionaries and man-
ually curated, RoBoCoP (Dinu et al., 2023). As
a source of cognate word pairs, we use the freely
available subset ProtoRom (Dinu et al., 2024a),
a database of cognate tuples and etymons in the
five Romance languages, with 19,222 entries (tu-
ples with at least 2 cognates). We extract borrow-
ings from the original RoBoCoP database, totaling
46,490 borrowing pairs across Romance language
pairs (Dinu et al., 2024b).

In order to identify occurrences in text for our
pairs of related words (i.e. cognates and borrow-
ings) for a given language pair, we process parallel
sentence examples from the employed datasets as
follows: we tokenize the sentences using spaCy
(Honnibal et al., 2020), remove stop-words, and
match each token with a corresponding instance
from RoBoCoP, if possible. In order to account for
inflections of the dictionary form from RoBoCoP
perform normalization including accent removal
and stemming, using a Snowball stemmer (Porter,
2001). For each sentence pair we count how many
of the words from one sentence are words related
to the other language. We also count, for a given
related words pair, how many times that pair ap-
pears in aligned examples, in other words: how
many times the related words pair corresponds to a
proper translation. Table 1 shows these counts.

2.2 Surface and Semantic Similarity
The intelligibility computation is twofold: we
combine the orthographic similarity of word pairs
across languages with their semantic similarity.

For the former, we measure string similarity us-

ing the normalized Levenshtein distance (Leven-
shtein, 1966) on the orthographic (after removing
accents) representation. Thus we obtain scores in
the interval [0, 1], where 1 means identical repre-
sentations.

The latter (i.e. semantic similarity) is computed
based on word representations trained on large cor-
pora to represent meaning in context.

A metric of semantic similarity is computed us-
ing cosine similarity based on FastText word em-
bedding vectors (Bojanowski et al., 2016). Since
we are assessing similarity across languages, we
need our embedding spaces to be aligned. For
that reason, we use pretrained prealigned static
embeddings, based on a large multilingual corpus
(Wikipedia) (Joulin et al., 2018). Since even on a
large corpus, such as the ones used to pretrain these
embeddings, some of our related words extracted
from RoBoCoP may not be represented, but an in-
flected form may be available, we find for each
unrepresented word its closest match in form (via
stemming and edit distance) that is present in the
pretrained embeddings and we use that vector as
our canonical representation.

2.3 Lexical Intelligibility Index
We rely on the DLI metric for computing cross-
lingual intelligibility automatically, introduced in
Dinu et al. (2026). It is computed via the following
formula:

DLI =
SsSL(2− Ss − SL)

1− SsSL
(1)

where SL is the formal lexical similarity between
two words (i.e. 1 minus the normalized Leven-
shtein distance, computed on the orthographic rep-
resentations), and SS is the semantic similarity be-
tween two words (i.e. 1 minus the cosine distance
between static word embeddings or the average co-
sine distance computed on contextual embedding
clusters).

We further obtain aggregate intelligibility scores
at language pair level. For each language pair
(A,B), where A is the speaker language and B
is the listener language, given one of our employed
corpora, we pick each sentence in language A and
compute an intelligibility score with respect to B
as the weighted average of the intelligibility indices
of all the words in the sentence that are related to
language B (i.e. the sum of these indices divided
by the total number of words in the sentence, ex-
cluding stop-words). We compute a corpus-level
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Table 1: Corpus Statistics: total sentences, words, unique words.

Dataset Sentences Words Unique Unique (no stop)

C-ORAL Brasil 2 9,920 182,457 13,646 13,493
CORLEC Spanish (European) 83,512 1,005,158 36,881 36,590
CORLEC Spanish Chile 44,471 920,129 47,935 47,681
CORLEC Spanish Argentina 115,957 2,239,468 61,711 61,510
Português Fundamental 8,890 97,659 8,603 8,432

TOTAL 262,750 4,444,871 168,776 167,706

Table 2: Results for Spanish variants

Corpus es-it es-fr es-pt es-ro

Argentina 0.193 0.184 0.227 0.186
Chile 0.224 0.216 0.261 0.215
Spain (oral) 0.229 0.209 0.291 0.181

Table 3: Results for Portuguese variants

Corpus pt-it pt-es pt-fr pt-ro

Brasil (oral) 0.262 0.252 0.136 0.101
Portugal 0.280 0.297 0.170 0.121

aggregate scores by combining all of the sentence-
level scores (equivalent to combining all of the
sentences into a singular text). In this way, the final
overall intelligibility score between two languages
will be affected both by the usage of related words
in corpora in context as well as by their mutual
individual intelligibility.

3 Results Analysis

The results in Table 2 only partially confirm our
initial assumption: the highest level of intelligibil-
ity for a Romanian listening to the three varieties
of Spanish will be in relation to the Chilean variety,
followed by the Argentine variety, with European
Spanish coming in third place. In contrast, an Ital-
ian will understand peninsular Spanish better, fol-
lowed closely by the Chilean variety and, lastly, the
Argentine variety. For French speakers, the order
will be the same as for Romanian speakers, only
with a higher level of comprehension of peninsular
Spanish. For Portuguese speakers, peninsular Span-
ish will be by far the most easily understood, which
should come as no surprise given the geographical
proximity and constant linguistic contact over the
centuries (see also Gooskens (2024)). If we look
at the results for Portuguese vs. Brazilian (table

3), we see in all language pairs the prevalence of
peninsular Portuguese over the Brazilian variety.

There are two factors that can explain these dif-
ferences in intelligibility. First, there is an inequal-
ity in the type of data: the corpus for peninsular
Spanish is oral, while for the Chilean and Argen-
tine varieties it consists of written texts. It is true
that today diaphasic and diamesic differences are
not as significant as they were a century ago, when
access to formal education was limited; however,
in oral communication there is a tendency to use
familiar variants, with colloquial nuances, which
are not found with the same frequency in writing.
Therefore, a Romanian speaker who has no direct
contact with Spanish and its evolution in everyday
language will have greater difficulty understanding
current speech. In addition, in a written text the
style is more refined and the lexicon is not marked
by sociolinguistic features, which makes it easier
to achieve a much higher degree of intelligibility.

Secondly, one must take into account the spe-
cific characteristics of South American varieties,
which are characterized by two trends that differ
from those observed in European Spanish. On the
one hand, the lexicon of the main corpus is some-
what more conservative than that of the peninsular
variety, which is understandable from a historical
perspective: the Spanish brought by colonists to
South America is that of the 16th and 17th cen-
turies, which, even though it has evolved, like any
living language, retains features of classical Span-
ish that the language in Spain has lost; therefore,
there is a greater chance of finding more Latinisms
and more old meanings, which are also shared by
the Romance language at the eastern end of Europe,
Romanian. To give an example, in South Ameri-
can Spanish, the verb most commonly used for "to
catch" is prender, a cognate of Romanian prinde,
used with the same meaning (from Latin prehen-
dere ’to catch’). In European Spanish, however,
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a different verb, pillar, is increasingly preferred
for this sense. It was borrowed from Italian and
has no cognates in Romanian, making it potentially
incomprehensible to a Romanian speaker.

The second trend is the much greater perme-
ability to Anglicisms of South American varieties
(also as a result of historical realities) compared to
Peninsular Spanish, a permeability that makes them
easier to understand for speakers of a language that
adopts a large amount of vocabulary from English
and who learn English from an early age, such
as Romanians. For example, in South American
varieties, speakers use the word rancho ’ranch’ bor-
rowed from En. ranch, which is no doubt more
comprehensible for Romance speakers with a basic
knowledge of English than finca or hacienda, its
synonyms preferred in Peninsular Spanish.

In future work, including a similar analysis based
on phonetic representations and taking into account
regional pronunciations might be useful to confirm
the differences in oral communication versus writ-
ten text for intelligibility. It has been previously
observed that identifying orthographic correspon-
dences between languages can increase the intelli-
gibility (Fischer et al., 2016), while pronunciation
may pose a barrier to cross-linguistic intelligibility.
We offer a concrete example: in standard Euro-
pean Spanish, the phonetic sequences /ce/ and /ci/,
as well as /z/ in any position, are pronounced [θ],
whereas in South America they are pronounced
[s]. The [θ] sound is absent in the other Romance
languages under consideration, which makes the
South American pronunciation more comprehensi-
ble for speakers of these languages than European
Spanish: for example, the word zebra pronounced
[sébra] would be more intelligible for the average
Romance language speaker than [θébra]. However,
we can also encounter the opposite situation: a
Romanian, Italian, French or Portuguese listener
who hears the Spanish word hacer pronounced in
a South American variety [asér] may interpret it as
the sequence a ser (preposition a "to" + infinitive
ser "be"), through a false analysis — provided they
have at least minimal knowledge of Spanish. This
South American pronunciation can be particularly
misleading if the listener has previously been ex-
posed to European Spanish, where the verb would
be pronounced [aθér]. In the absence of any prior
exposure, it is most likely that the word will not be
understood when encountered in the flow of speech.
However, when presented in written form, compre-
hension is more likely, even without prior knowl-

edge. This may be partly due to speakers’ ability
to reconstruct meaning from context, even when el-
ements are unintelligible in isolation — a capacity
well documented in cloze tests (cf. Gooskens and
van Heuven (2017); Gooskens (2024)). It may also
result from the inherent orthographic similarity to
the speaker’s native-language verb, e.g. Ro. face /
facere, whose Levenshtein distance from hacer is
relatively small.

4 Conclusion

We proposed a study of the mutual intelligibility
of Romance languages, with a focus on different
varieties of Spanish and Portuguese. We apply a
metric of lexical intelligibility based on surface and
semantic similarity of related words to compute in-
telligibility between each of the five main Romance
languages and European and American varieties
of Spanish and Portuguese, based on a selection
of corpora of Argentine, Chilean and European
Spanish, and Brazilian and European Portuguese,
respectively. We thus provide a corpus-grounded
quantification of linguistic distance across these
Romance variants, and open the way for further
research into the study of language varieties from
the perspective of lexical intelligibility.
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Abstract

We conduct an empirical study of cross-
lingual transfer using spontaneous, noisy, and
code-mixed speech across a wide range of
Indic dialects and language varieties. Our
results indicate that although ASR perfor-
mance is generally improved with reduced
phylogenetic distance between languages, this
factor alone does not fully explain perfor-
mance in dialectal settings. Often, fine-
tuning on smaller amounts of dialectal data
yields performance comparable to fine-tuning
on larger amounts of phylogenetically-related,
high-resource standardized languages. We
also present a case study on Garhwali, a low-
resource Pahari language variety, and evaluate
multiple contemporary ASR models. Finally,
we analyze transcription errors to examine bias
toward pre-training languages, providing addi-
tional insight into challenges faced by ASR
systems on dialectal and non-standardized
speech.

1 Introduction

Automatic speech recognition (ASR) systems for
Indic languages have made significant progress
through large-scale multilingual pre-training on
high-resource, standardized languages. However,
these advances have largely overlooked the lin-
guistic reality of the region, where speech is char-
acterized by extensive dialectal variation, spon-
taneous and noisy recording conditions, and fre-
quent code-switching. As a result, state-of-the-art
Indic ASR models often perform poorly when ap-
plied to low-resource dialects and language vari-
eties, even those that are closely related to lan-
guages seen during pre-training.

Such efforts for Indic ASR typically rely on pre-
training on a small set of mainstream languages
such as Hindi, Marathi, and Bengali, under the
assumption that phylogenetic similarity will facil-
itate transfer to related varieties. While this as-

sumption provides a useful baseline in many cross-
lingual settings, its sufficiency for dialectal speech
remains underexplored. In practice, dialects and
non-standard varieties often exhibit distinct phono-
logical, lexical, and orthographic properties that
are not well-captured by standard language data,
raising questions about the effectiveness of rely-
ing solely on high-resource languages for transfer
in dialectal ASR.

In this work, we examine cross-lingual transfer
for Devanagari-script Indic varieties using spon-
taneous, noisy, and code-mixed speech. Rather
than focusing solely on phylogenetic similarity,
we investigate how different choices of fine-tuning
data affect ASR performance on dialectal speech.
Our results suggest that incorporating even limited
amounts of dialectal speech during fine-tuning can
be as effective as, or more effective than, relying
on larger amounts of standardized language data,
highlighting the role of dialectal variation in shap-
ing transfer behavior.

To complement our cross-lingual analysis, we
present a case study on Garhwali, a low-resource
Pahari language variety that has been largely ab-
sent from prior ASR research. We evaluate several
self-supervised speech models on Garhwali and
perform a detailed error analysis to characterize
the challenges posed by dialectal variation, code-
mixing, and model bias toward pre-training lan-
guages. This case study provides concrete insights
into the limitations of current Indic ASR models
when applied to low-resource language varieties.

Contributions In this paper, we make three con-
tributions:

1. We provide a comprehensive empirical analy-
sis of cross-lingual transfer for low-resource
Devanagari-script Indic dialects and show
that fine-tuning on other dialects is often
more effective than relying on closely-related
high-resource standardized languages.
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2. We present the first detailed ASR study for
Garhwali, including model evaluation and
qualitative and quantitative error analysis.

3. We introduce a diagnostic approach for quan-
tifying bias toward pre-training languages in
dialectal ASR, enabling systematic analysis
of model behavior on non-standardized and
code-mixed speech.

2 Related Work

Recent work has highlighted systematic perfor-
mance gaps between standard language varieties
and regional or minority dialects across NLP
and speech technologies. Kantharuban et al.
(2023) provide a large-scale evaluation of state-of-
the-art models for machine translation and auto-
matic speech recognition across regional dialects
of multiple high- and low-resource languages,
showing that dialectal performance disparities are
widespread and variably correlated with linguistic,
social, and data-related factors. Complementary
to this line of work, Blaschke et al. (2025) study
standard-to-dialect transfer in spoken and written
settings for German, demonstrating that speech-
based models are more robust to dialectal variation
than text-based or cascaded approaches, particu-
larly when orthographic normalization is involved.

In the Indic context, prior work has investigated
dialectal variation primarily through multilingual
or language-specific ASR systems. For example,
(Kumar et al., 2025) evaluate a multilingual di-
alect identification and ASR pipeline across 33 di-
alects of eight Indic languages using read speech,
while other efforts have focused on building com-
prehensive ASR toolkits for standardized Indic
languages (Singh Chadha et al., 2022). However,
cross-dialectal and cross-lingual transfer for Indic
ASRespecially in zero-shot settings and on spon-
taneous, non-standardized speechhas not yet been
systematically examined. Our work addresses this
gap by analyzing cross-lingual transfer behavior
and dialectal bias in low-resource Indic language
varieties.

The effects of orthographic irregularity and tran-
scription variability on ASR performance have
been examined in other language contexts, in-
cluding cross-family settings (Taguchi and Chiang,
2024) and Swiss German dialectal ASR (Nigmat-
ulina et al., 2020). We build on these findings to
analyze how similar forms of orthographic varia-
tion impact ASR performance for Indic dialects.

Prior work on speech technology for Garhwali
has primarily focused on language identification
(Gusain et al., 2023) and the creation of domain-
specific datasets, such as for agriculture-related ap-
plications (Riyal et al., 2016). To the best of our
knowledge, no prior work has involved training or
evaluating an ASR model for Garhwali.

The widespread presence of multiple language
varieties in India, shaped by historical and so-
ciolinguistic factors, has led to extensive code-
mixing in everyday speech, posing additional chal-
lenges for ASR systems. While code-mixed
speech has been studied in specific settings such
as Hindi-Marathi ASR (Palivela et al., 2025), we
provide a systematic way to quantify transcription
errors arising from code-mixing in dialectal ASR.

3 Languages and Data

The Indic linguistic landscape is characterized by
a high degree of diversity, encompassing hundreds
of languages and dialects with varying levels of
standardization and resource availability. Many
widely spoken languages coexist with numerous
regional dialects that differ substantially in phonol-
ogy, morphology, and lexicon, despite phyloge-
netic relatedness (Massica, 1993). In everyday use,
speakers frequently engage in code-mixing, partic-
ularly with English, and in spontaneous and acous-
tically noisy environments. These factors pose ma-
jor challenges for ASR systems trained primarily
on clean, standardized, and monolingual speech
(Diwan et al., 2021). We present a phylogenetic
tree of the languages included in our experiments
in Figure 1.

Most existing ASR resources for Indic lan-
guages focus on a small subset of high-resource,
standardized languages, leaving dialectal varieties
underrepresented or entirely absent. To address
this gap, we fine-tune and evaluate our models
on the VAANI dataset (VAANI, 2025).1 VAANI
captures the rich linguistic diversity present across
speakers of Indic languages, including different
accents, grammatical variation, loan words, and
code-switching patterns, all of which are vital to
include in the context of Indic ASR.

VAANI consists of spontaneous speech col-
lected by prompting participants to describe im-
ages in their local dialect. The dataset contains
over 150,000 hours of speech, of which approx-

1https://huggingface.co/datasets/ARTPARK-IISc/
VAANI
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imately 10% is transcribed, and covers 156,534
speakers from 773 districts across India. As Indic
languages are written in multiple scripts, we focus
our analysis on language varieties written in the
Devanagari script. Due to the broad coverage of di-
alects and language varieties, the amount of avail-
able data varies substantially across languages in
the dataset; we account for this variability as much
as possible in our experimental design.

Beyond conducting cross-lingual experiments
across Indic language varieties, we also conduct a
detailed analysis of ASR for one nonstandard lan-
guage variety. We select Garhwali for this case
study.2 Garhwali is a language that belongs to
the Pahari subgroup 3 spoken in the Himalayan re-
gion, particularly in the state of Uttarakhand (Gu-
sain et al., 2023).

4 Experiments and Results

In our experiments, we aim to answer the follow-
ing questions to analyze broader patterns in Indic
ASR:
RQ1. How does a strong Indic ASR baseline per-

form across a diverse set of low-resource lan-
guage varieties, particularly those not seen
during model pre-training?

RQ2. To what extent does orthographic variabil-
ity correlate with ASR performance in Indic
language varieties?

RQ3. How does cross-lingual transfer for In-
dic ASR vary with phylogenetic distance,
and does this relationship hold for dialectal
speech?

In addition, we conduct a focused case study on
Garhwali to characterize systematic error patterns
in dialectal ASR. We analyze how systemic bias
towards pre-training languages (Hindi) manifest
in transcriptions generated by ASR models fine-
tuned on a dialect (Garhwali).

Metrics We employ two standard metrics, word
error rate (WER) and character error rate (CER),
to evaluate the generated transcriptions. Both met-
rics are calculated based on Levenshtein distance,
representing the minimum number of insertions,
deletions, and substitutions required to align the

2According to the Post-1971 Census of India, these lan-
guages were recognized as “mother tongues” and were des-
ignated as dialects of Hindi (Khubchandani, 1991); how-
ever, some linguists argue that Garhwali and other Pahari lan-
guages are distinct languages (Gusain et al., 2023).

3We refer to the lowest non-leaf nodes in a phylogenetic
tree as subgroups.

hypothesis with the reference text. We report
WER in our main results and include CER in the
appendix.

4.1 RQ1: Baseline Assessment for Indic ASR

Setup We begin by assessing the perfor-
mance of a state-of-the-art Indic ASR model,
IndicWav2Vec (Kumar et al., 2022), on lan-
guage varieties present in the VAANI dataset.
IndicWav2Vec is based on the Wav2Vec 2.0
architecture (Baevski et al., 2020), and is pre-
trained on 17,000 hours of unlabeled clean
speech data from YouTube, as well as New-
sonair data curated from radio channels, across
40 Indic languages. In our experiments, we
employ IndicWav2Vec-Hindi4 (IndicWav2Vec
fine-tuned on Hindi), since pre-trained ASR
models largely learn language-agnostic acoustic
representations during pre-training and require
language-specific fine-tuning to map these
representations to text transcriptions.

Results We evaluate IndicWav2Vec-Hindi on
test samples for all 30 Devanagari-script varieties
in VAANI (up to 1 hour each) and report these
results as part of a phylogenetic tree in Figure
1. We also divide the results into two tables
depending on whether the language was used to
pre-train IndicWav2Vec (Table 7) or it was not
explicitly seen by the model (Table 8). These
results show that, despite being fine-tuned on
Hindi, IndicWav2Vec-Hindi achieves a best-case
word error rate of 50.4% on VAANI Hindi test
speech (one hour). Similarly high error rates are
observed for several languages seen during pre-
training, indicating that pre-training alone does
not ensure robust performance on spontaneous and
noisy speech, even for languages included in the
pre-training corpus. We also observe substan-
tial variation in performance across dialects and
closely-related language varieties. These observa-
tions suggest that other factors, such as geograph-
ical proximity or phonological feature similarity,
could have an impact on performance, motivating
our subsequent analyses.

4.2 RQ2: Orthographic Consistency

Setup Orthographic consistency is an important
factor in achieving high ASR performance, as in-
consistent spellings introduce additional variabil-

4https://huggingface.co/ai4bharat/
IndicWav2Vec-Hindindi
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Figure 1: Subset of the Indo-European language family tree showing Devanagari-script Indic languages in the
VAANI dataset, based on Glottolog (Hammarström et al., 2024). Languages are annotated with WER for
IndicWav2Vec-Hindi. Blue highlights indicate languages used during pre-training.

Figure 2: Hapax legomena (once-seen word types) % per language in the test split of VAANI plotted against WER
(Pearson’s ρ = 0.705, p = 4× 10−4) and CER (not significant) using IndicWav2Vec-Hindi.

ity that can increase modeling and decoding errors
(Nigmatulina et al., 2020). This challenge is partic-
ularly pronounced for Indic languages that encom-
pass multiple dialects where orthographic conven-
tions are not fixed. To quantify orthographic irreg-
ularity in the data, we measure the frequency of
each word type in the transcripts and analyze the
proportion of tokens that occur only once, along
with the type-to-token ratio. We then examine how
these measures correlate with ASR performance.

Results We observe a clear trend between or-
thographic variability, as measured by the pro-
portion of hapax legomena (unique words) in the
test set, and ASR performance. Figure 2 shows
that languages with a higher percentage of unique
words exhibit higher WERs when evaluated with
IndicWav2Vec-Hindi (Pearson’s ρ = 0.705, p =
4 × 10−4), indicating increased difficulty for lan-
guages with less consistent orthographic conven-
tions (e.g., Thethi, Surjapuri). A similar but
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weaker trend is observed for CER.
Additional evidence is provided by the type-

token statistics reported in Table 9. Several lan-
guages (e.g., Gondi, Thethi) exhibit a high num-
ber of distinct word types relative to the total
number of tokens, resulting in elevated type-to-
token ratios. These measures reflect greater ortho-
graphic and lexical variability and are associated
with higher ASR error rates. Taken together, these
results suggest that orthographic inconsistency is
an important contributing factor to reduced ASR
performance in nonstandard Indic varieties.

4.3 RQ3: Cross-Lingual Transfer
We wanted to examine whether there are any per-
formance gains from cross-dialectal fine-tuning in
zero-shot settings. For each of these experiments,
we fine-tune w2v-bert-2.05 (selected through
preliminary comparison of models) on 1 to 7 hours
of speech, depending on the availability. Each
model was then evaluated on the test set of all De-
vanagari script languages available from VAANI.
We compute correlations between the error rate
and phylogenetic distance under two conditions:
across all evaluation languages and restricted to
nonstandard test varieties. We additionally mea-
sure the association between the error rate and
whether the fine-tuning language represents dialec-
tal or standard speech. We consider the following
languages from the dataset to be dialects or non-
standard varieties: Angika, Awadhi, Bajjika, Bhili,
Chhattisgarhi, Garhwali, Halbi, Haryanvi, Jaipuri,
Khariboli, Khortha, Kumaoni, Magadhi, Malvani,
Marwari, Nagpuri, Surjapuri, and Thethi.6

Results Figure 3 summarizes cross-lingual
transfer performance for w2vBERT models fine-
tuned on 1 to 7 hours of data per language and
evaluated in a zero-shot setting across a wide
range of Indic language varieties, providing a
holistic view of how ASR performance varies as a
function of both the fine-tuning and the evaluation
languages.

Across all evaluation languages, we observe a
clear association between phylogenetic distance
and ASR performance: larger distances between
the fine-tuning and evaluation languages gener-
ally correspond to higher word error rates (Spear-

5https://huggingface.co/facebook/w2v-bert-2.0
6None of these languages belong to the Eighth

Schedule to the Indian Constitution listing the officially
recognized languages (https://en.wikipedia.org/wiki/
Eighth_Schedule_to_the_Constitution_of_India).

man’s ρ = 0.333, p = 1.11 × 10−7). This
result aligns with prior findings in cross-lingual
ASR and confirms that phylogenetic relatedness
provides a useful baseline for transfer across Indic
languages. However, this aggregate trend does not
fully characterize model behavior when evaluation
is restricted to dialectal speech.

4.3.1 Dialectal Transfer Effects
When focusing specifically on dialects and non-
standard test varieties, the heatmap reveals ad-
ditional structure that is not explained by phy-
logenetic distance alone. Although the associa-
tion between phylogenetic distance and word error
rate remains statistically significant in this setting
(Spearman’s ρ = 0.274, p = 3.604 × 10−4), sev-
eral consistent deviations from this trend are ob-
served. In particular, models fine-tuned on non-
standard varieties frequently outperform models
fine-tuned on phylogenetically closer but standard,
higher-resource languages.

One representative example from Figure 3 is
the strong transfer from Marwari (a dialect of
Rajasthani) to Kumaoni (a Pahari language vari-
ety), even though the two belong to distinct phy-
logenetic subgroups and are geographical distant.
Another example is the consistently competitive
performance of the models fine-tuned on Mar-
wari and Magadhi across multiple evaluation lan-
guage varieties, often outperforming models fine-
tuned on higher-resource standardized languages
such as Hindi, Marathi, and Rajasthani. Notably,
this trend holds despite the fact that the Magadhi
model is trained on less data (5 vs. 7 hours). These
cases illustrate that while fine-tuning on a closely
related high-resource standardized language may
be the most natural strategy, it is not necessarily
the most effective choice for transfer to dialects
and related language varieties.

To further examine this pattern, we analyze
whether the dialectal status of the fine-tuning lan-
guage itself is associated with performance on
unseen dialects. We find a statistically signifi-
cant trend indicating that fine-tuning on dialec-
tal speech is associated with lower WER on di-
alectal evaluation sets (point-biserial correlation
rpb = −0.196, p = 5.79 × 10−3). This trend
holds even when the available dialectal training
data is smaller than that of the corresponding stan-
dardized languages, suggesting that dialectal fine-
tuning captures information that is not adequately
represented by mainstream language data alone.
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Figure 3: Cross-Lingual Performance of w2vBERT models fine-tuned on 1 to 7 hours of data per language vs.
off-the-shelf IndicWav2Vec-Hindi.

Fine-Tuning Language Hours Jaipuri
WER CER

Rajasthani + Marwari 16.8 0.309 0.151
Marwari (dialect only) 7.2 0.301 0.162

Table 1: Effect of fine-tuning language choice on
Jaipuri ASR (Rajasthani subgroup). Mainstream lan-
guage is in bold.

Controlled In-Group Transfer Experiments
To isolate the effect of dialectal vs. standard fine-
tuning data from broader cross-lingual trends, we
conduct controlled transfer experiments within in-
dividual phylogenetic subgroups. These experi-
ments compare models fine-tuned on dialectal vari-
eties against models fine-tuned on higher-resource
standardized languages within the same subgroup.
Across the Rajasthani, Western Hindi, and Bi-
hari subgroups, we consistently observe that fine-
tuning on small amounts of dialectal speech yields
performance comparable to or better than fine-
tuning on substantially larger amounts of standard-
ized language data. For example, within the Ra-
jasthani subgroup (Table 1), a model fine-tuned
solely on a dialectal variety (Marwari) achieves
comparable performance on an unseen dialect
(Jaipuri) to a model trained on a combination of
dialectal and macro-language data. Similar trends
are observed in the Western Hindi and Bihari sub-

Fine-Tuning Language Hours Thethi
WER CER

Angika, Bajjika, Bhojpuri,
Khortha, Magadhi, Maithili,
Sadri

50.6 0.412 0.132

Angika, Bajjika, Khortha, Maga-
dhi, Sadri (dialects only)

15.6 0.353 0.147

Table 2: Effect of mainstream language inclusion on
Thethi ASR (Bihari subgroup). Mainstream language
is in bold.

Fine-Tuning Language Hours Haryvani
WER CER

Hindi + Bundeli + Khariboli 101.7 0.930 1.452
Bundeli + Khariboli (dialects
only)

1.7 0.513 0.267

Table 3: Impact of fine-tuning (FT) languages on
Haryanvi ASR (Western Hindi subgroup). Mainstream
language is in bold.

groups (Tables 3 and 2), where excluding higher-
resource mainstream languages does not degrade,
and in some cases improves, performance on di-
alectal evaluation sets.

Taken together, the heatmap analysis and con-
trolled in-group experiments demonstrate that
while phylogenetic similarity provides a useful
starting point for cross-lingual transfer, effective
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Model Metric Optimized WER CER

XLS-R WER 0.650 0.270
wav2vec2-BERT CER 0.493 0.193
Whisper-small CER 0.629 0.650
HuBERT CER 0.515 0.199

Table 4: Comparison of speech models fine-tuned on
Garhwali. Training details are in Table 10.

ASR for dialectal speech depends critically on the
inclusion of dialectal training data itself.

5 Garhwali ASR Case Study

5.1 Baseline Selection

Setup In order to determine the ideal model
architecture for Garhwali, we compared several
widely-used ASR models:

• Wav2Vec2 (Baevski et al., 2020)
• HuBERT (Hsu et al., 2021)
• XLS-R (Babu et al., 2022)
• Whisper (Radford et al., 2023)
• w2vBERT (Chung et al., 2021)

We fine-tune each of these models on the Garhwali
subset of VAANI, using an 87%–6%–7% train–
test–validation ratio.

We fine-tuned and evaluated several self-
supervised speech models on the Garhwali sub-
set of the VAANI dataset. Table 4 reports perfor-
mance across these models.

Results Among the evaluated configurations,
the w2vBERT-based model achieves the lowest
error rates and is therefore selected for subse-
quent analysis. We compare this model against
IndicWav2Vec-Hindi (used in our cross-lingual
experiments). Our fine-tuned model performs bet-
ter than the IndicWav2Vec-Hindi model; how-
ever, the resulting error rates remain high, indicat-
ing that Garhwali ASR remains challenging even
with dialect-specific fine-tuning. We therefore
focus our error analysis on this best-performing
configuration to better understand the remaining
sources of error.

5.2 Error Analysis

We conduct an extensive error analysis of the best
fine-tuned model on Garhwali to identify the fol-
lowing:

Inconsistent English Transliteration English
text is marked in VAANI’s annotations; we as-
sess ASR output specifically on these segments.

Model # Non-Hi Correct To Hi To
Wrong

wav2vec2-BERT 1873 34.8% 23.3% 38.8%
Indicw2v2 2109 4.2% 37.3% 42.9%

Table 5: Comparison of w2vBERT model fine-tuned on
Garhwali against IndicWav2Vec-Hindi on Garhwali
non-Hindi word handling. Key: Hi = Hindi.

A prominent source of error arises from in-
consistent transliteration of English words into
the Devanagari script. Due to frequent code-
switching in spontaneous Indic speech, English
words commonly appear in the ground-truth tran-
scripts. However, the absence of standardized con-
ventions for English-to-Devanagari transliteration,
combined with imperfect phoneme-to-grapheme
mappings, results in substantial variation in the la-
bels. For example, the training data contains mul-
tiple spellings for the English word photo, such as
फोटु and फाटो, reflecting pronunciation differences.

This variability introduces ambiguity during
training and evaluation, complicating the model’s
ability to learn consistent lexical representations.
Whether standardizing transliterated forms would
improve dialectal ASR performance or instead re-
move linguistically meaningful variation remains
an open question.

Bias Towards Hindi from Pre-training We
identify non-Hindi words in the ground-truth tran-
scripts using Hindi-HunSpell,7 a Hindi spell-
checker. These includes Garhwali words, as well
as transliterated English words; we separate the
English words (see below). We then assess which
non-Hindi words are preserved in the generated
transcription vs. which are transcribed to a Hindi
word. We analyze commonly omitted, added,
and substituted characters in the generated tran-
scriptions, qualitatively identifying systematic er-
rors and highlighting areas for future improve-
ment. We also observe systematic bias towards
Hindi arising from model pre-training. Many er-
rors involve Garhwali words or transliterated En-
glish terms being incorrectly normalized to valid
Hindi words.

To quantify this effect, we identify non-Hindi
words in the ground-truth transcripts, including
Garhwali-specific vocabulary and transliterated
English terms, using a Hindi spell checker. We
then track three outcomes: non-Hindi words cor-

7https://github.com/Shreeshrii/hindi-hunspell
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Actual Predicted # Actual Predicted #
Deva IPA Deva IPA Deva IPA Deva IPA

ϵ 438 ϵ ◌ं /n/ 68
ϵ 289 ◌ु /ʊ/ ◌ू /uː/ 66
◌ा /aː/ ϵ 175 ◌ी /iː/ ि◌ /ɪ/ 55
◌् ϵ 170 ◌े /eː/ ϵ 51
ϵ ◌् 163 ◌ु /ʊ/ ϵ 51
◌ं /n/ ϵ 145 ि◌ /ɪ/ ϵ 48
ϵ ◌ा /aː/ 126 ह /ɦ/ ϵ 46
◌ू /uː/ ◌ु /ʊ/ 94 ϵ ◌े /eː/ 45
ि◌ /ɪ/ ◌ी /iː/ 90 ◌ै /ɛː/ ◌े /eː/ 44
ϵ य /j/ 81 ϵ क /k/ 44
◌ी /iː/ ϵ 76 ब /b/ भ /bʱ/ 42
य /j/ ϵ 76 र /r/ ϵ 42

Table 6: Most frequent transcription errors for
Garhwali ASR. Key: = space; ϵ = empty string; Deva
= Devanagari script.

rectly preserved (Correct), non-Hindi words con-
verted into valid Hindi words (No-Hi→Hi), and
non-Hindi words converted into incorrect forms
(No-Hi→Wrong). Note that the total number of
non-Hindi words in the ground truth transcripts
differs slightly between the two models due to
preprocessing and tokenization; however, the ob-
served trends are robust to these discrepancies.

As shown in Table 5, the w2vBERT model fine-
tuned on Garhwali converts approximately 22.9%
of non-Hindi terms into Hindi words, while pre-
serving roughly one-third of such terms. In con-
trast, IndicWav2Vec-Hindi preserves fewer than
5% of non-Hindi words, converting or distorting
the majority. These results indicate that ASR
pre-training on mainstream Indic languages can
substantially hamper a model’s ability to retain
dialect-specific information.

Character-Level Error Patterns We further an-
alyze character-level errors produced by w2vBERT
fine-tuned on Garhwali. Table 6 summarizes the
most frequent substitutions, insertions, and dele-
tions, which can be grouped into three broad cate-
gories: (1) word-boundary errors (e.g., space ver-
sus deletion), (2) vowel and consonant length con-
fusions (e.g., ◌ु vs. ◌ू), and (3) aspiration-related er-
rors (e.g., ब vs. भ).

Word-boundary errors are the most frequent,
with 438 instances of omitted spaces and 289
instances of spurious space insertions, contribut-
ing to the observed WER despite relatively lower
CER. The next most common errors involve vowel
length and halant usage. In Garhwali, consonant-
final words and consonant clipping, often marked
using the halant ◌् , are common, whereas Hindi

typically enforces an inherent vowel at word end-
ings. Models pre-trained on Hindi orthographic
conventions therefore tend to regularize Garhwali
forms toward Hindi norms, resulting in systematic
deletion or insertion of the halant. These error pat-
terns are consistent with phonological and ortho-
graphic differences between Hindi and Garhwali.

6 Conclusion

In this work, we present a comprehensive study
of dialectal speech recognition across a diverse set
of Devanagari-script Indic language varieties, with
a particular focus on understanding how dialec-
tal variation interacts with cross-lingual transfer
in low-resource ASR. Through a large-scale em-
pirical evaluation, we find that while ASR perfor-
mance is generally associated with phylogenetic
distance across languages, this factor alone does
not explain performance in the dialectal setting.
In particular, when evaluating on dialects in the
zero-shot setting, we observe lower word error
rates when the fine-tuning language is a dialect or
nonstandard variety. In many cases, fine-tuning
on small amounts of dialectal speech yields per-
formance comparable to or better than fine-tuning
on larger amounts of phylogenetically closer, high-
resource standardized languages.

Across multiple phylogenetic subgroups, our
results consistently demonstrate that including
higher-resource mainstream languages during fine-
tuning does not reliably improve zero-shot ASR
performance on dialectal evaluation sets. Instead,
whether the fine-tuning data itself reflects dialec-
tal speech emerges as a more informative predictor
of performance than phylogenetic proximity alone.
These findings highlight the importance of treating
dialects as distinct acoustic and linguistic entities
rather than as minor variants of standardized lan-
guages when designing ASR systems.

We further present the first detailed ASR anal-
ysis for Garhwali, a nonstandard Pahari language
variety, and show that a w2vBERT-based model fine-
tuned on Garhwali achieves the best performance
among the evaluated architectures. Although the
resulting word error rate of 49.3% remains insuffi-
cient for fully automated transcription, this case
study illustrates both the challenges of dialectal
ASR and the benefits of dialect-specific model-
ing. Our quantitative error analysis further re-
veals substantial bias toward Hindi in both mul-
tilingual and Hindi-fine-tuned models, manifest-
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ing in systematic normalization of dialectal and
code-mixed forms, and underscoring the need for
dialect-aware data selection and modeling strate-
gies in future ASR systems.

Overall, our findings suggest that effective ASR
for low-resource dialects requires moving beyond
default assumptions of phylogenetic similarity and
toward evaluation and modeling practices that ex-
plicitly account for dialectal variation.

Limitations

Our study is based on the VAANI dataset, which
contains varying amounts of data across language
varieties. Although this diversity allows us to eval-
uate ASR performance across a wide range of re-
alistic dialectal settings, differences in dataset size
may influence performance comparisons across
languages. We mitigate this effect where possible
by controlling the amount of fine-tuning data used
across languages, though some variability remains
inherent to the dataset.

In addition, VAANI consists of spontaneous
and naturally-occurring speech collected across
diverse regions. While this enables evaluation
under realistic acoustic and conversational condi-
tions, the presence of background noise, disfluen-
cies, and region-specific recording environments
may introduce additional variability in model per-
formance.

Our analysis is limited to Indic dialects and lan-
guage varieties written in the Devanagari script.
Although this choice allows for controlled com-
parisons within a shared orthographic system, it
excludes Indic languages written in other scripts,
and our findings may not directly generalize be-
yond the Devanagari-script subset.

Finally, our experiments focus on a specific
set of self-supervised ASR architectures and fine-
tuning strategies. While these models are represen-
tative of widely used contemporary approaches,
different architectures or training objectives may
exhibit different transfer behaviors.

References
Arun Babu, Changhan Wang, Andros Tjandra, Kushal

Lakhotia, Qiantong Xu, Naman Goyal, Kritika
Singh, Patrick von Platen, Yatharth Saraf, Juan
Pino, Alexei Baevski, Alexis Conneau, and Michael
Auli. 2022. XLS-R: Self-supervised Cross-lingual
Speech Representation Learning at Scale. In Proc.
Interspeech, pages 2278–2282.

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed,
and Michael Auli. 2020. wav2vec 2.0: A frame-
work for self-supervised learning of speech represen-
tations. In Proc. NeurIPS, volume 33, pages 12449–
12460.

Verena Blaschke, Miriam Winkler, and Barbara Plank.
2025. Standard-to-dialect transfer trends differ
across text and speech: A case study on intent and
topic classification in German dialects. Preprint,
arXiv:2510.07890.

Yu-An Chung, Yu Zhang, Wei Han, Chung-Cheng
Chiu, James Qin, Ruoming Pang, and Yonghui Wu.
2021. w2v-BERT: Combining contrastive learning
and masked language modeling for self-supervised
speech pre-training. In Proc. IEEE ASRU, pages
244–250.

Anuj Diwan, Rakesh Vaideeswaran, Sanket Shah,
Ankita Singh, Srinivasa Raghavan, Shreya Khare,
Vinit Unni, Saurabh Vyas, Akash Rajpuria, Chi-
ranjeevi Yarra, Ashish Mittal, Prasanta Kumar
Ghosh, Preethi Jyothi, Kalika Bali, Vivek Se-
shadri, Sunayana Sitaram, Samarth Bharadwaj, Jai
Nanavati, Raoul Nanavati, and Karthik Sankara-
narayanan. 2021. MUCS 2021: Multilingual and
code-switching asr challenges for low resource In-
dian languages. In Proc. Interspeech, pages 2446–
2450.

Rachana Gusain, Satya Ranjan Dash, Shantipriya
Parida, and Girish Nath Jha. 2023. Automatic
language identification: a case study of Pahari
languages. Language Resources and Evaluation,
57:1361–1387.

Harald Hammarström, Robert Forkel, Martin Haspel-
math, and Sebastian Bank. 2024. Indo-aryan. Glot-
tolog 5.0.

Wei-Ning Hsu, Benjamin Bolte, Yao-Hung Hu-
bert Tsai, Kushal Lakhotia, Ruslan Salakhutdinov,
and Abdelrahman Mohamed. 2021. HuBERT:
Self-supervised speech representation learning by
masked prediction of hidden units. IEEE/ACM
Transactions on Audio, Speech, and Language Pro-
cessing, 29:34513460.

Anjali Kantharuban, Ivan Vulić, and Anna Korhonen.
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A Appendix

A.1 Baseline Evaluation
We used the IndicWav2Vec-Hindi model to establish a baseline for the performance of off-the-shelf
models on the languages in the VAANI dataset. We further divided the results into two tables based on
whether the Evaluation Language was seen by the IndicWav2Vec-Hindi model during pretraining or
not.

Language CER WER

Bhojpuri 0.786 0.732
Chhattisgarhi 0.783 0.757
Hindi 0.752 0.504
Konkani 0.851 0.916
Maithili 0.763 0.696
Marathi 0.821 0.870
Nepali 0.785 0.957
Rajasthani 0.768 0.762

Table 7: IndicWav2Vec-Hindi performance on languages seen during pre-training.

Language CER WER Language CER WER

Angika 0.791 0.725 Khortha 0.829 0.743
Awadhi 0.774 0.771 Kumaoni 0.759 0.596
Bajjika 0.784 0.784 Kurukh 0.825 0.875
Bhili 0.860 0.944 Magadhi 0.782 0.700
Bundeli 0.774 0.646 Malvani 0.808 0.881
Garhwali 0.760 0.820 Marwari 0.752 0.740
Gondi 0.718 0.945 Nagpuri 0.797 0.834
Halbi 0.788 0.873 Sadri 0.742 0.738
Haryanvi 0.811 0.766 Surgujia 0.762 0.747
Jaipuri 0.696 0.532 Surjapuri 0.829 0.880
Khariboli 0.784 0.605 Thethi 0.796 0.707

Table 8: IndicWav2Vec-Hindi performance on related but unseen languages.

A.2 Orthographic Analysis
We computed the total number of words (tokens), total number of unique words (types) and the total
number of words that only appear once (Hapax) per all the languages in the VAANI dataset. We also
compute the total percentage of words that occur only once (Hapax%) and the ratio of unique words to
total number of words (TTR) in the table 9.

A.3 Garhwali ASR
We evaluated multiple model architecture varieties on the Garhwali language test split from the VAANI
dataset. For each model architecture, we first evaluated the performance without finetuning first and then
after finetuning on the Training split of the Garhwali dataset. For each finetuning experiment except for
the Whisper model, we generated the vocab of characters present in the training and validation split.
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Language Tokens Types Hapax Hapax % TTR

Gondi 3,136 1,562 1,168 74.78 0.4981
Thethi 1,556 654 469 71.71 0.4203
Bhili 1,420 632 448 70.89 0.4451
Kurukh 2,022 798 559 70.05 0.3947
Nepali 2,169 776 536 69.07 0.3578
Surjapuri 2,450 860 593 68.95 0.3510
Sadri 6,599 2,096 1,417 67.60 0.3176
Nagpuri 1,571 612 404 66.01 0.3896
Malvani 9,123 2,501 1,636 65.41 0.2741
Konkani 31,668 6,327 4,055 64.09 0.1998
Awadhi 2,346 887 561 63.25 0.3781
Surgujia 5,611 1,524 950 62.34 0.2716
Bundeli 7,734 1,613 969 60.07 0.2086
Khariboli 15,345 2,465 1,476 59.88 0.1606
Angika 34,348 5,420 3,233 59.65 0.1578
Garhwali 77,030 10,431 6,216 59.59 0.1354
Haryanvi 3,747 983 584 59.41 0.2623
Halbi 16,716 3,351 1,979 59.06 0.2005
Marathi 171,424 16,876 9,919 58.78 0.0984
Bajjika 32,049 4,681 2,717 58.04 0.1461
Magadhi 55,891 7,101 4,093 57.64 0.1271
Khortha 38,324 4,499 2,584 57.43 0.1174
Jaipuri 2,074 599 339 56.59 0.2888
Chhattisgarhi 169,861 13,024 7,287 55.95 0.0767
Bhojpuri 209,523 15,243 8,508 55.82 0.0728
Marwari 85,883 8,279 4,582 55.34 0.0964
Kumaoni 22,911 3,190 1,737 54.45 0.1392
Maithili 194,541 14,317 7,779 54.33 0.0736
Hindi 156,389 8,156 4,381 53.72 0.0522
Rajasthani 116,180 7,988 4,273 53.49 0.0688

Table 9: Hapax-Legomena (unique words) per training set.

Model Type Tr. Lang FT Lang Gen Vocab? Metric Tr. Error Val Loss Tr. Loss Steps Test WER Test CER

wav2vec2CTC - Garhwali Yes WER 0.769 1.576 0.403 6500 0.769 -
wav2vec2CTC - - Yes - - - - - 1.015 2.436

XLS-R - Garhwali Yes WER 0.735 1.554 0.171 1600 0.650 0.270
XLS-R - - Yes - - - - - 1.000 1.292

wav2vec2 BERT - Garhwali Yes CER 0.197 0.940 0.397 1200 0.493 0.193
wav2vec2 BERT - - Yes - - - - - 1.000 1.600

Whisper-small Hindi Garhwali No CER 0.242 0.974 0.001 4000 0.629 0.650
Whisper-small Hindi - No - - - - - 2.518 1.262

HuBERT - Garhwali Yes CER - - - - 0.515 0.199

Table 10: Comparison of Speech Models (Garhwali Fine-tuning vs. Baselines)
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Abstract

Dialectal Arabic to Modern Standard Arabic
(DA-MSA) translation is a challenging task in
Machine Translation (MT) due to significant
lexical, syntactic, and semantic divergences be-
tween Arabic dialects and MSA. Existing auto-
matic evaluation metrics and general-purpose
human evaluation frameworks struggle to cap-
ture dialect-specific MT errors, hindering
progress in translation assessment. This pa-
per introduces Ara-HOPE, a human-centric
post-editing evaluation framework designed to
systematically address these challenges. The
framework includes a five-category error tax-
onomy and a decision-tree annotation protocol.
Through comparative evaluation of three MT
systems (Arabic-centric Jais, general-purpose
GPT-3.5, and baseline NLLB-200), Ara-
HOPE effectively highlights systematic per-
formance differences between these systems.
Our results show that dialect-specific termi-
nology and semantic preservation remain the
most persistent challenges in DA-MSA transla-
tion. Ara-HOPE establishes a new framework
for evaluating Dialectal Arabic MT quality and
provides actionable guidance for improving
dialect-aware MT systems. For reproducibility,
we make the annotation files and related ma-
terials publicly available at https://github.
com/abdullahalabdullah/Ara-HOPE

1 Introduction
This paper enhances Dialectal Arabic to Mod-
ern Standard Arabic (DA-MSA) translation qual-
ity assessment through a human-centric evaluation
framework, addressing key gaps in current meth-
ods for under-resourced language pairs.

Dialectal Arabic (DA) refers to the informal va-
rieties of Arabic used in everyday communication,
which vary significantly across regions. In con-
trast, Modern Standard Arabic (MSA) is the formal

∗The previous affiliation for Abdullah Alabdullah (where
most of this research was completed) is the University of
Manchester, Manchester, M13 9PL, The United Kingdom.

variety used in writing, education, and traditional
media (Diab et al., 2010).

Unlike interlingual translation tasks (e.g. trans-
lating from English to Arabic), DA-to-MSA trans-
lation is a dialect normalization task that intro-
duces additional challenges arising from diver-
gences between Arabic dialects and MSA. Key dif-
ferences between DA and MSA that affect MT in-
clude: (i) Orthographic differences: Dialects do
not follow standardized spelling rules and the same
word may appear in different forms, making au-
tomatic text normalization difficult for NLP sys-
tems (Alhafni et al., 2024). (ii) Morphological
differences: Morphology is how words change
form to express features such as tense or gender.
While MSA has a rich, complex, and standard-
ized morphology, spoken dialects often simplify
these systems by omitting rules or using reduced
forms (Kirchhoff et al., 2006). (iii) Lexical differ-
ences: Dialectal vocabulary often includes slang
and idiomatic expressions that are typically absent
in MSA (Hadj Mohamed et al., 2023). (iv) Syn-
tactic differences: Syntax, sentence structure, and
word order in many dialects differ from MSA (Bi-
adsy et al., 2009). (v) Code-switch: Speakers of-
ten mix DA and MSA, and sometimes even for-
eign words, within a single sentence. This adds
more complexity when trying to build systems that
automatically translate from DA to MSA (Hamed
et al., 2025). These challenges make DA-MSA
translation a complex task requiring specialized ap-
proaches grounded in a sound understanding of
common error types in DA-MSA translation sys-
tems.

In this paper we introduce a post-editing hu-
man evaluation framework that offers the granu-
larity needed to identify systemic weaknesses in
DA-MSA machine translation systems. Unlike
general-purpose frameworks, our proposed frame-
work (Ara-HOPE) targets translation errors that re-
sult from DA-specific translation challenges.
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2 Related Work
2.1 Advancements in Dialectal Arabic

Translation
Neural architectures have transformed DA-MSA
translation by capturing contextual dependencies
and complex syntactic and semantic relationships,
effectively modeling dialectal variations and pro-
ducing more fluent and accurate translations (Ba-
niata et al., 2018). The emergence of large par-
allel corpora has further advanced Neural Ma-
chine Translation by mitigating data scarcity and
enabling training on dialectally diverse data. A
key example is the MADAR corpus, which con-
tains parallel translations from 25 Arabic city di-
alects (Bouamor et al., 2018). Recent studies have
compared neural architectures, including encoder–
decoder models like NLLB-200 and decoder-only
models like GPT-3 and GPT-4o (Team et al.,
2022; Brown et al., 2020; Alabdullah et al., 2025).
Decoder-only models have demonstrated better
performance at preserving cultural context (Yakhni
and Chehab, 2025).

The emergence of LLMs trained on large and
diverse multilingual data, and further optimized
through instruction tuning, has enabled models to
follow natural-language instructions and generate
appropriate outputs for a wide range of tasks, in-
cluding machine translation, without costly task-
specific fine-tuning (Brown et al., 2020). This
paradigm is known as In-Context Learning (ICL),
where the desired task is specified directly in the
prompt, and the model infers the mapping from
the provided context. In zero-shot ICL, the model
is instructed to translate from a source to a target
language without providing any in-prompt exam-
ples. Zero-shot prompting has been particularly ef-
fective when parallel data is scarce and is widely
used in DA-MSA shared tasks such as OSACT (At-
wany et al., 2024) and NADI (Abdul-Mageed et al.,
2024).

While multilingual LLMs capture general lin-
guistic features through large-scale multilingual
pretraining, new Arabic-specialized LLMs like
Jais improved the handling of dialectal nuances
and cultural references (Sengupta et al., 2023;
Mousi et al., 2025), producing more natural and
contextually appropriate translations. Despite
these advances, neural models continue to under-
perform on DA translation due to persistent chal-
lenges with dialectical nuances and culturally em-
bedded expressions (Mousi et al., 2025; Alabdul-

lah et al., 2025).

2.2 Dialectal Arabic Translation Evaluation
Traditional automatic evaluation metrics such as
BLEU (Post, 2018) and METEOR (Banerjee and
Lavie, 2005) are limited for DA-MSA translation,
as they rely on lexical overlap and perform poorly
on morphologically rich languages like Arabic.
Bouamor et al. (2014) proposed AL-BLEU, an
extension of BLEU that assigns partial credit for
stem and morphological matches, yielding better
correlation with human judgment than standard
metrics. However, AL-BLEU remains a lexical-
overlap metric and fails to capture semantic ade-
quacy, particularly an issue for syntactically flex-
ible languages like Arabic. While metrics like
BLEU allow evaluation against multiple reference
translations, these are challenging to produce. As
a result, these metrics favor literal translations with
high lexical overlap over contextually appropriate
ones that better reflect human judgment, but differ
lexically from the reference.

In low-resource settings such as dialectal Arabic,
neural evaluation metrics like BERTScore (Zhang
et al., 2019) and COMET (Rei et al., 2020) also
face challenges. Falcão et al. (2024) showed that
COMET’s performance on under-resourced lan-
guages is constrained by imbalanced training data.
These metrics rely on pretrained models which typ-
ically lack sufficient dialectal Arabic training data,
leading to lower-quality embeddings.

Human evaluation frameworks such as the Mul-
tidimensional Quality Metrics (MQM) assess fine-
grained translation errors like omissions and reg-
ister mismatches (Lommel et al., 2013, 2024).
While MQM allows for more precise diagnostic er-
ror analysis due to its detailed error taxonomy, this
comes at the cost of increased complexity in the
annotation framework, requiring extensive annota-
tor training, which can be costly and difficult to
achieve for low-resource languages (Kocmi et al.,
2024). Moreover, DA translation requires a spe-
cialized human evaluation framework that captures
the most impactful error types and minimizes sub-
jectivity in assessing translation quality for this spe-
cific task, with only minimally trained annotators.
To further advance research in this direction, we
build our methodology on the HOPE metric (Glad-
koff and Han, 2022). HOPE is a task-oriented
evaluation framework designed to address the lim-
itations of both automatic evaluation metrics (e.g.
BLEU) and highly fine-grained but complex hu-
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man evaluation frameworks such as MQM. Ara-
HOPE is human-centric because it only incorpo-
rates eight evaluation criteria that capture the most
critical and recurring errors in translation between
the Levantine Arabic dialect and MSA, reflecting
translation quality as perceived by native speakers.
The assigned error scores correspond to the post-
editing effort required to bring the translation to
an acceptable quality.

3 Methodology Design

3.1 Framework Development
Ara-HOPE Error Taxonomy Design: Develop-
ing a robust human evaluation framework requires
clearly defined objectives. For DA-MSA transla-
tion, this requires an error taxonomy tailored to the
specific challenges of this language pair. While
the HOPE framework (Gladkoff and Han, 2022)
offers a foundation for general post-editing trans-
lation assessment, we adapt the general error types
in HOPE to capture the specific challenges of DA-
MSA translation. To minimize subjective judg-
ment between annotators, we also reduce the sever-
ity scoring range to three levels: from 0 (no er-
rors) to 2 (major error). Our proposed taxonomy
is designed to evaluate translation quality, iden-
tify system weaknesses, and guide system improve-
ments, while remaining usable by native DA speak-
ers without requiring extensive annotation training.
To achieve this, we employ a direct quality estima-
tion approach that evaluates predefined aspects of
translation quality (e.g. fluency) at the segment
level using discrete severity scores. This design
makes our framework easier to train annotators on
and faster to apply than MQM.

Design Principles: To ensure a theoretically
sound and practical taxonomy, we developed
guidelines grounded in best practices in translation
quality assessment (Han, 2020; Rivera-Trigueros,
2022) and refined them through iterative feedback
from focus groups with native DA speakers. The
finalized guidelines comprise six core principles:
(1) Identifiability: Errors must be detectable by
minimally trained native dialect speakers to ensure
consistent evaluation. (2) Distinguishability: Cat-
egories should have minimal conceptual overlap,
with clear definitions to avoid confusion. (3) Ac-
tionability: Error classification must enable tar-
geted system improvements through quantifiable
error severity and clear mapping to issues in the
translation system. (4) Comprehensiveness: The

taxonomy must capture all major errors common
in DA-MSA MT, including dialect-specific chal-
lenges. (5) Relevance: Categories must address
issues unique to DA-MSA translation rather than
pure general translation errors. (6) Usability: The
taxonomy should remain manageable in size, bal-
ancing high-level categories with sufficient granu-
larity.

Taxonomy Structure: The Ara-HOPE taxon-
omy categorizes DA-MSA translation errors into
three hierarchically structured classes: (1) Fluency
Error (FLU): Grammatical or linguistic errors in
the MSA translation, independent of the DA source
sentence. (2) Meaning Transfer Error: Failures
to accurately preserve source meaning. This cat-
egory includes Proper Name (PRN) errors, refer-
ring to incorrect translations of names of people,
places, or organizations; Dialect-Specific Term
(TRM) errors, which involve untranslated or mis-
translated dialectal expressions that alter meaning;
and General Semantic Mistranslation (GSMIS) er-
rors, which includes omissions, additions, or other
semantic changes. (3) Adaptation Error (ADP):
Translations that are unnatural or contextually in-
appropriate in tone, style, or intent.

GSMIS captures global meaning changes aris-
ing from the model’s inability to handle DA’s
contextual dependencies and includes all meaning
changes not covered by PRN or TRM. This cat-
egory was introduced after observing that LLMs
often produce semantic distortions beyond proper
name or dialect-specific term mistranslations.

Decision Tree Implementation While a list for-
mat effectively outlined the taxonomy, it was later
reformatted as a decision tree to reduce cognitive
load for our minimally trained evaluators. The de-
cision tree guides annotators through hierarchical
error categories, as shown in Figure 5 in the Ap-
pendix. An English translated version of the tree
is provided in Figure 6 in the Appendix.

This structure simplifies annotation by provid-
ing step-by-step guidance, helping evaluators un-
derstand the evaluation process, handle multiple
error types systematically, and make consistent
judgment at each level. The tree begins with the
three primary categories (Fluency, Meaning Trans-
fer, and Adaptation) and expands into more gran-
ular subcategories. Each node presents a yes/no
question to minimize subjective judgments. Since
some error types (e.g. Dialect-Specific Term) can
be challenging to distinguish from other categories,
we provided annotators with a table of annotation
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guidelines with illustrative examples to clarify the
distinctions between error types. The guidelines
can be found in Figure 7 in the Appendix.

Practical initial testing demonstrated Ara-
HOPE’s effectiveness in addressing dialect-
specific translation challenges and improving
annotation consistency. The decision-tree struc-
ture also proved especially effective in guiding
evaluators and enhancing usability.

3.2 Dataset Preparation
Our human evaluation experiment utilized 200
tweets from the Levantine development set of the
Dial2MSA-Verified dataset (Khered et al., 2025),
a high-quality parallel corpus for DA-MSA trans-
lation in the social media domain. It extends the
original Dial2MSA dataset (Mubarak, 2018) and
applies automated corrections and human evalua-
tion by native speakers to produce reliable MSA
references.

This tweets dataset was chosen for its com-
prehensive representation of DA-MSA translation
challenges, including: Lexical variations: col-
loquial and multi-word expressions. Semantic
shifts: cultural references and context-dependent
meaning. Orthographic variations: common in
Levantine social media text.

The tweets in this dataset span a wide range
of tones, from casual tweets to heated discourse,
ensuring thorough testing of MT systems’ ability
to handle DA translation, while preserving sen-
timent. Moreover, the dataset allows for testing
Ara-HOPE’s capacity to capture nuanced dialect-
specific translation errors.

Our 200-example subset size exceeds the lower
bound below which translation quality estimates
become unreliable, addressing concerns that a very
small sample may lead to unreliable error analysis
(Gladkoff et al., 2022).

3.3 Translation Systems Selection
For this human evaluation experiment, we selected
three translation systems using three predefined
criteria, which ensure a robust comparative anal-
ysis of DA-MSA translation performance: (i) Re-
liability and Proven Performance: Each system
has demonstrated strong performance on DA-MSA
translation in prior work. (ii) Architectural Diver-
sity: The systems represent distinct model families
(encoder-decoder vs. decoder-only) and differ in
pretraining data sources, encouraging diverse out-
puts and reducing redundancy. (iii) Performance

Scope: We include both advanced and baseline
systems to contrast general-purpose and Arabic-
specialized approaches.

The Selected Systems Are: Jais: A state-of-
the-art Arabic-centric model trained with approx-
imately one-third of its training tokens drawn from
Arabic data, excelling at capturing DA-MSA nu-
ances (Sengupta et al., 2023). GPT-3.5: A general-
purpose multilingual LLM. We will use this model
to benchmark multilingual systems against an
Arabic-specialized model. This model was in-
troduced as an improvement over its predecessor,
GPT-3 (Brown et al., 2020). NLLB-200 3.3B: A
multilingual baseline MT system, providing con-
trast and revealing errors that more advanced sys-
tems may avoid (Team et al., 2022).

Each of the three systems was prompted to
translate the same 200 examples. A zero-shot in-
struction setup was used to fairly evaluate each
model’s baseline capabilities without fine-tuning
or advanced prompting configuration. Jais and
GPT-3.5 received consistent prompts (in Arabic for
Jais and English for GPT-3.5) while NLLB-200 re-
quired no prompting due to its built-in MT task sup-
port.

4 Implementation

4.1 Annotator Selection and Training
Two native speakers of Syrian Levantine Arabic
with advanced proficiency in MSA volunteered as
annotators. Both hold undergraduate degrees in
Arabic Language, enabling them to identify viola-
tions of MSA grammatical rules. Recruiting two
annotators allowed for inter-annotator agreement
(IAA) analysis while keeping the annotators group
size manageable.

Annotators received initial training through a 25-
minute pre-recorded video and supplementary ma-
terials. Training covered: (1) an Error Taxon-
omy Guide: providing detailed definitions of error
types, alongside diverse examples of correct and in-
correct DA-MSA translations, and (2) a Decision
Tree Workflow: annotators first read the source
and gold translation to establish the intended mean-
ing, then highlighted errors by severity starting
with the most critical, and finally used the decision
tree (Figure 6 in the Appendix) to classify errors
systematically.

Offline support was available throughout the an-
notation period. Each annotator spent approxi-
mately 12 hours on their tasks, supported by multi-
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ple feedback sessions to ensure clarity and consis-
tency.

4.2 Pilot Testing and Framework Refinement
Before full-scale evaluation, a pilot study was con-
ducted with one annotator annotating 10 DA-MSA
examples. The primary goal was to test the frame-
work’s usability and effectiveness. The feedback
received focused on: (1) Instruction Clarity: The
annotator initially struggled to distinguish between
meaning transfer and adaptation errors. The def-
initions were revised accordingly. (2) Question-
naire Usability: The layout was changed to ensure
ease of use and reduce cognitive load. (3) Severity
Scale Adjustments: Confusing mid-range scores
were removed, leading to refinement of the scoring
scale.

The pilot test confirmed the framework’s overall
effectiveness and identified minor improvements
needed to enhance clarity and usability. Revisions
ensured annotators could complete evaluation effi-
ciently without sacrificing accuracy.

4.3 Questionnaire Design
A structured Excel sheet was created to support an-
notation and data analysis. Each sheet contained
three sets of columns, one per translation engine.
Each annotator evaluated 600 translations in total
(200 for each translation engine). Figure 1 shows
two annotated examples for the Jais system. The
first three columns show the DA sentence, the MSA
gold translation, and the proposed machine trans-
lation. Columns 4-8 represent the five Ara-HOPE
error categories, with annotators assigning severity
scores from 0 (no error) to 2 (major error). Empty
cells indicate a score of 0, and the final column
sums the error scores for each sentence.

Annotators assessed adaptation errors only
when no meaning transfer errors (PRN, TRM,
GSMIS) were present, as style or tone evaluation
is irrelevant when meaning is lost. To prevent
over-penalizing systems that preserved meaning
but erred in adaptation, adaptation scores were
weighted at 50% in the segment total error score
(SEGS) calculation.

Three physical copies of the Excel sheet were
printed (one for each system) as annotators pre-
ferred working on paper. Each contained the same
DA-MSA pairs, differing only in the translation en-
gine output. Annotators marked scores manually,
and data were later transferred to the digital Excel
template.

5 Results Analysis
5.1 Inter Annotator Agreement
Inter-Annotator Agreement (IAA) measures con-
sistency between evaluators, with high scores in-
dicating a reliable and reproducible annotation
framework. In our study, we employed Quadratic
Weighted Cohen’s Kappa (QWK) because it effec-
tively handles ordinal severity ratings by assigning
greater penalties to larger disagreements, whereas,
the ordinary Cohen’s κ treats all disagreements
equally, unweighted κ, e.g. 0 vs 1 = 0 vs 2. In
addition, quadratic weights are standard for ordi-
nal ratings (Cohen, 1968). This makes it particu-
larly suitable for error severity judgment on our 0-
2 scale, where the magnitude of disagreement mat-
ters. The IAA scores are presented in Table 1.

As shown in Figure 6, Meaning Transfer com-
prises three fine-grained error types (PRN, TRM,
and GSMIS). Accordingly, for Meaning Trans-
fer IAA, we compute inter-annotator agreement
on an aggregated severity score obtained by sum-
ming PRN, TRM, and GSMIS. This reflects an-
notator agreement on overall meaning-transfer im-
pact rather than on individual sub-error categories.
Similarly, SEGS represents the segment-level to-
tal error score (produced by summing all five error
types’ scores), and the corresponding IAA reflects
agreement on overall segment-level error severity.

The IAA scores varied meaningfully across er-
ror categories: Fluency showed strong agreement
for most MT systems, likely due annotators’ Ara-
bic language expertise, which minimized inaccu-
rate judgments. Meaning Transfer achieved ro-
bust agreement, likely due to the clear criteria re-
garding preservation of original meaning, as estab-
lished in the Ara-HOPE taxonomy decision tree
(Figure 6). Those definitions were particularly re-
fined before the full evaluation during our pilot test-
ing and feedback sessions. This consistency indi-
cates a shared understanding of meaning preserva-
tion requirements among our annotators. Adapta-
tion yielded the lowest agreement (0.122-0.28) due
to its inherently subjective nature.

A translation has an adaptation error when it
seems unnatural or inappropriate to the context,
situation, or intent of the source. Unlike fluency or
meaning-transfer errors, which can often be local-
ized to specific parts of the translation, adaptation
errors require more holistic, and usually subjective
judgment. One example is the dialectal sentence:
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Figure 1: Example layout of the annotation questionnaire used for evaluating DA-MSA translations across fluency,
meaning transfer, and adaptation error categories. To avoid unfairly penalizing systems that preserved meaning but
made adaptation errors, adaptation scores were weighted half in the segment total error score calculation.

اࠍ੆ص Մ៰Ղ ا৵৥ৠڎ ྵื ሒᇆ؇ۋ٭ ༡޺޾ ع ๴ཟّگ رح ೑಻Ⴄ၍ ෠ູݠ۰ً واڢؕ ݆݁ ௧ௌොຳ ؜ܾ
اڢިى (”I am speaking from experience. It almost
destroyed my life’s dream, but thank God, love is
stronger”), which the Jais model translated as

،ଫଊ܋৙৑ا గఒ༡޶ ਵਦࣖࣁ Ⴄ၍دت มฆܳا اܳލۛݱ٭۰ ॷड़भݠ෠ູ আॻ༟ ً ਍ಸ؇ء أොູڎث أَ؇
.ଫଃًܝټ أڢިى أَ۬ اࠍ੆ص أཿྟب ،Մ៰Ղا ᆇ໲ໜڎ وܳـܝ݆ (”I speak from my
personal experience, which almost destroyed my
biggest dream, but thank God, love proved to be
much stronger.”)

While both annotators agreed that the translation
is fluent and preserves the source meaning, one
judged it to be slightly less natural in MSA (ADP
= 1, minor adaptation error), whereas the other an-
notator found it acceptable and contextually appro-
priate.

The annotator disagreement likely stems from
the rendering of phrases suchas اڢިى اࠍ੆ص Մ៰Ղ ا৵৥ৠڎ ྵื
(“But thank God, love is stronger”) which was
translated as ଫଃًܝټ أڢިى أَ۬ اࠍ੆ص أཿྟب ،Մ៰Ղا ᆇ໲ໜڎ .وܳـܝ݆ (”But
thank God, love proved to be much stronger”),
which may be seen as stylistically over-emphatic
or slightly less natural in MSA for this context.

Error Type Jias GPT3.5 NLLB200
Fluency 0.507 0.552 0.368
Meaning Transfer 0.529 0.629 0.554
Adaptation 0.171 0.122 0.280
SEGS 0.608 0.629 0.500

Table 1: Quadratic Weighted Kappa (QWK) scores
across models and error types. Meaning Transfer IAA
is computed on aggregated PRN+TRM+GSMIS sever-
ity; SEGS reflects total segment-level error severity.

The IAA scores for the three systems in our
study on the segment-level total error score (SEGS)
was 0.5 to 0.629, indicating reasonably consistent
human evaluation.

Prior work, including (Landis and Koch, 1977),
considers kappa scores in the range of 0.41-0.60 to
indicate a moderate level of agreement and 0.61-

0.80 to indicate substantial agreement. Neverthe-
less, it is important to note that the interpretation
of standard Kappa and Quadratic Weighted Kappa
varies considerably.

Aggregating fine-grained error categories into a
composite severity score reduces sparsity and stabi-
lizes the marginal distributions, which is known to
improve reliability of composite measures (Fleiss
et al., 2003). Moreover, Quadratic Weighted
Kappa assigns smaller penalties to near disagree-
ments (Cohen, 1968), so cross-category disagree-
ments often translate into small ordinal differences
after aggregation. Consequently, agreement com-
puted on aggregated segment-level scores can ex-
ceed that of individual categories.

5.2 Quantitative Error Analysis
The quantitative analysis below presents a compar-
ison of MT system performance, highlighting dif-
ferences across key evaluation criteria. This assess-
ment identifies each system’s strengths and weak-
nesses, as well as both unique and shared chal-
lenges across systems.

Error Severity Analysis This analysis exam-
ines translation error severity for 205 sentences pro-
duced by the three MT systems using the accumu-
lated sentence total error scores (SEGS). It is essen-
tial for understanding how each model handles DA-
MSA translation and for identifying systems that
generate higher-quality outputs that require mini-
mal post-editing.

SEGS is calculated as the sum of the scores as-
signed to each of the five error types per sentence,
yielding a range of 0-4 per sentence. For compar-
ison, SEGS values were grouped as follows: seg-
ments requiring no editing (SEGS = 0), segments
with minor errors (0.5 < SEGS ≤ 1), and seg-
ments with major errors (SEGS > 1).

Figure 2 shows clear differences among the sys-
tems. For Jais, 36% of segments required no edit-
ing, 34% had minor errors, and 30% had major er-
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Figure 2: Comparison of error severity distribution among Jais, GPT-3.5, and NLLB-200, highlighting proportions
of major, minor, and no-error translations.

rors. GPT-3.5 performed slightly better, with 39%
of segments requiring no editing, fewer minor er-
rors (26%), but slightly more major errors (35%).
NLLB-200 performed the worst, with only 19% of
segments requiring no editing and 62% containing
major errors.

These results reflect differences in model archi-
tecture and training. Jais, as an Arabic-centric
model, handles DA-specific nuances well but still
struggles with complex segments. GPT-3.5’s
general-purpose design provides balanced perfor-
mance but lacks Arabic specialization. The strong
performance of Jais and GPT-3.5 underscores
the relative strength of decoder-only models over
encoder-decoder models like NLLB-200.

Error Pattern Examining the error distribu-
tions in Figure 3 provides key insights into each
system’s approach to DA-MSA translation chal-
lenges. NLLB-200 exhibits a high frequency of
dialect-specific term (TRM) and semantic preser-
vation (GSMIS) errors, highlighting its encoder–
decoder architecture’s difficulty with idiomatic
expressions, cultural references, and context-
dependent meanings specific to Levantine Arabic.
These issues stem from limited domain-specific
tuning and insufficient exposure to regional cultur-
ally embedded expressions, which are essential for
accurate meaning transfer.

Jais, despite its Arabic-specialized pretraining,
struggles with proper names (PRN). This might be
because the system tends to over-normalize or ex-
cessively standardize names transliterated in social
media DA content, leading to the loss of original or

intended forms. However, its strong performance
with dialect-specific terminology reflects effective
handling of DA morphological variations, likely
due to its extensive pretraining on Arabic data.

GPT-3.5 shows a balanced error distribution
across many categories, suggesting that its large
multilingual pretraining and sheer parameter size
help offset the lack of explicit Arabic dialectal
training. This is particularly evident in challenging
cases involving code-mixing (where words from
two languages or dialects are used in the same sen-
tence) and pragmatic shifts, which require inter-
preting meaning based on context, tone, or speaker
intent rather than literal words. These cases require
advanced comprehension, and the model performs
well in them even though it was not specifically
trained on Arabic dialects.

The consistently low fluency (FLU) error rates
across systems indicate that syntactic reconstruc-
tion from DA to MSA is less challenging than
lexical-semantic transfer1. Low adaptation (ADP)
error rates across all systems are largely due to this
error type being assessed only when meaning trans-
fer errors (PRN, TRM, GSMIS) are absent. When
a text fails to convey its intended meaning, evaluat-
ing its stylistic or cultural appropriateness becomes
less relevant.

A complementary view is provided in Figure 4,
which shows the exact error distribution for each
system. The total error scores for all sentences

1Lexical-semantic transfer refers to the mapping of words
and their intended meaning from one dialect or language va-
riety to another.
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Figure 3: Comparison of Jais, GPT-3.5, and NLLB-200 models’ error scores across error categories

(SEGS). It is clear that NLLB-200 has a signifi-
cantly higher total error score (297.50) compared
to GPT-3.5 (196.25) and Jais (187.50), with Jais
producing the least meaning transfer errors. No-
tably, TRM and GSMIS errors constitute the ma-
jority of total errors across all systems, indicating
that future MT development for DA-MSA should
prioritize improvements in semantic accuracy and
dialect-specific terminology handling.

5.3 Qualitative Error Analysis
This qualitative analysis offers concrete examples
of two common error types to illustrate how trans-
lation quality varies across MT systems, focusing
on challenging linguistic phenomena.

5.3.1 Analysis of Dialectal Terminology
Errors

Addressing dialect-specific terms (TRM) is a core
challenge in DA-MSA translation due to vocab-
ulary mismatches between informal dialects and
formal Arabic. Table 2 presents a sentence con-
taining a unique dialect-specific term. The word
ඔඃ౯౏భ (”amazing” in Syrian Arabic) lacks a direct
MSA equivalent, requiring systems to interpret its
meaning contextually instead of relying on word-
for-word mapping. Unlike NLLB-200, Jais, with
its Arabic-centric pretraining, was better at recog-
nizing this regional idioms. GPT-3.5, though not

Source DA: ๮དྷറണ೷ َޚܹؕ ৖৑زم ،ඔඃ᛻෠ຬ ި੊اࠍ اܳ٭ިم
Gold MSA: ۰۱଩଍ይዧ ෛຶݠج أن ෠ຬص رافؕ، اܳޚگݴ اܳ٭ިم
“The weather is wonderful today; we should go
out for a walk.”
Jais: ۰۱଩଍ይዧ ࢾ۱ࣕص أن ෠ຬص رافؕ، اܳޚگݴ اܳ٭ިم
“The weather is wonderful today; we should go
for a walk.”
GPT-3.5: ۰۱଩଍ይዧ ෛຶݠج أن ෠ຬص ᆙᆘٺ؇ز، اܳޚگݴ اܳ٭ިم
“The weather is excellent today; we should go
out for a walk.”
NLLB-200: ෛຶݠج أن ෠ຬص ෠੼ٷިن، اܳޚگݴ اܳ٭ިم
“Today’s weather is crazy; we should go out for
a walk.”

Table 2: Evaluation of how models handle dialect-
specific terms (TRM), highlighting translation chal-
lenges in translating informal expressions to MSA.

DA-specialized, leverages its broad language un-
derstanding to connect dialect terms to contextu-
ally appropriate MSA words (translating ඔඃ౯౏భ as ᆙᆘٺ؇ز
”excellent”). These findings demonstrate that suc-
cess with TRM errors depends heavily on expo-
sure to diverse, dialect-rich data that treats dialec-
tal phrases as meaningful units to be interpreted
contextually, rather than treating them as isolated
words.
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Figure 4: Visualization of accumulated error scores across fluency, meaning transfer, and adaptation error categories
for Jais, GPT-3.5, and NLLB-200 in DA-MSA translation.

Source DA: ݁أݱص ྘ܳݷ ڢݱٺ۹ ނި
Gold MSA: ༚؇ݪٴً؇؟ ਊಾڎو ৎ৊؇ذا اਵਦ৙৑؟ ؇݁
“What’s wrong? Why do you look angry?”
Jais: ༚؇ݪٴً؇ ਊಾڎو ৎ৊؇ذا اࠍ੅ޚص؟ ؇݁
“What’s the matter? Why do you look angry?”
GPT-3.5: ༚؇ݪٴً؇؟ ਊಾڎو ৎ৊؇ذا ༡ڎث؟ ݁؇ذا
“What happened? Why do you look angry?”
NLLB-200: ༚؇ݪص؟ ೑಻أ ৎ৊؇ذا ڢݱٺ۹؟ ሒሃ ؇݁
“What is your story? Why are you angry?”

Table 3: Comparison of model performance on Adapta-
tion (ADP) errors.

5.3.2 Analysis of Adaptation Errors
Table 3 presents an example illustrating how the
different systems preserved the intent and tone of
the source when translating to MSA. ADP errors
highlight the gap between DA’s context-dependent
expressions and MSA’s formality. For instance,
translating ڢݱٺ۹ ނި (casual “What’s wrong?”) re-
quires capturing the speaker’s intent rather than
just the literal words. NLLB-200 translates this
as ڢݱٺ۹ ሒሃ ؇݁ (“What is your story?”), focusing on
a literal interpretation. Jais, benefiting from expo-
sure to both dialect and MSA data, uses the conven-
tional MSA phrase اࠍ੅ޚص ؇݁ (“What’s the matter?”).
GPT-3.5 chooses the phrasing ༡ڎث ݁؇ذا (“What hap-
pened?”). These differences show that reducing
ADP errors requires systems to prioritize intent and
context over lexical mapping, treating DA as a dis-
tinct communication style with its own contextual
rules rather than simply a variation of MSA.

Overall, our analyses emphasize that effective
DA-MSA translation depends on training strate-

gies that prioritize (1) comprehension of dialect
phrases and (2) preservation of speaker intent
across registers. The qualitative analysis above
shows that low-resource MT is a creative task, in-
volving sub-tasks like sentiment analysis and for-
mality adaptation, which go beyond simple lexical
mapping.

6 Conclusion

This paper introduces the Ara-HOPE framework
as a human-centric approach for evaluating DA-
MSA translation, successfully fulfilling its in-
tended objectives through a specialized error tax-
onomy, an efficient annotation workflow, and a
comparative evaluation of different MT systems.
The five-category error classification system ef-
fectively captures translation challenges unique to
DA, while the decision tree protocol improves
annotation consistency. Quantitative findings re-
veal significant differences in performance among
Arabic-centric (Jais), general-purpose (GPT-3.5),
and baseline (NLLB-200) systems, with dialect-
specific terminology and semantic preservation
identified as key challenges. By systematically ad-
dressing the complexities of DA-MSA translation
assessment through rigorous human evaluation,
Ara-HOPE establishes reproducible standards for
Arabic MT assessment and provides actionable in-
sights to guide future MT systems development 2.

2This work is in line with our DA-MSA MT work at (Al-
abdullah et al., 2025) where we examined LLM prompting vs
finetuning for Levantine, Egyptian, and Gulf dialects to MSA
translation.
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7 Limitations

In this work, we only used zero-shot prompting
to generate translations. Future research could ex-
plore human evaluation of translations produced
using alternative prompting strategies, such as
few-shot or chain-of-thought prompting. Addi-
tionally, the human annotation process was time-
consuming. Future work could consider using
LLM-as-a-judge approaches to partially or fully
automate the annotation process. Our work fo-
cused on human evaluation, and we did not in-
vestigate the correlation between human judg-
ment and automatic evaluation metrics, lexicon-
based and neural-embedding based, like BLEU
and BERTScore. We leave that for future work.
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Figure 6: Structured decision tree guiding annotators through error classification for evaluating DA-MSA transla-
tions using the Ara-HOPE framework.
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Figure 7: The annotation guidelines provided to human annotators explain each error type with illustrative examples,
assisting them in using the Ara-HOPE Annotation Decision Tree.
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Abstract

Multilingual large language models (LLMs)
are increasingly deployed in linguistically
diverse regions like India, yet most inter-
pretability tools remain tailored to English.
Prior work reveals that LLMs often operate
in English centric representation spaces,
making cross lingual interpretability a pressing
concern. We introduce Indic-TunedLens, a
novel interpretability framework specifically
for Indian languages that learns shared affine
transformations. Unlike the standard Logit
Lens, which directly decodes intermediate
activations, Indic-TunedLens adjusts hidden
states for each target language, aligning them
with the target output distributions to enable
more faithful decoding of model represen-
tations. We evaluate our framework on 10
Indian languages using the MMLU benchmark
and find that it significantly improves over
SOTA interpretability methods, especially
for morphologically rich, low resource
languages. Our results provide crucial insights
into the layer-wise semantic encoding of
multilingual transformers. Our model is avail-
able at https://huggingface.co/spaces/
MihirRajeshPanchal/IndicTunedLens.
Our code is available at https:
//github.com/MihirRajeshPanchal/
IndicTunedLens.

1 Introduction

The remarkable advancements of transformer mod-
els (Vaswani et al., 2017) across diverse domains,
particularly in Natural Language Processing (NLP),
underscore the critical need to decipher their in-
ternal representations and intricate reasoning pro-
cesses. This is essential to ensure trust and reli-
ability in the systems. Existing research has ex-
plored various methods to extract specific linguis-
tic concepts, such as speech tagging parts or syn-
tactic structure, from hidden states with the help
of probing classifiers (Li et al., 2023; Lee et al.,

2025) and LogitLens (nostalgebraist, 2020). Bel-
rose et al. (2023) interpret the layers which offered
a significant step forward in extracting meaningful
intermediate predictions by training layer specific
translators. Their approach builds upon the con-
cept of LogitLens, which directly decodes hidden
states into the vocabulary space using the model’s
pre-trained unembedding matrix. Most of these
approaches fail to generalize effectively to linguis-
tically diverse and low resource languages.

India is a multilingual country and Indian lan-
guages exhibit vastly different linguistic structures
from English, including rich morphology and more
flexible word order (common in Hindi and Punjabi)
(Srirampur et al., 2014). These diverse scripts (e.g.,
Gurmukhi for Punjabi, Devanagari for Hindi and
Marathi) and their unique tokenization schemes
which often result in distinct subword units and
vocabulary distributions, pose another significant
challenges in applying English interpretability mod-
els to Indian languages (Rahman Khan et al., 2024).
Schut et al. (2025) highlights a critical limitation of
current multilingual LLMs, even when prompted
and generating outputs in non-English languages,
the models tend to operate in an English centric
latent space. Using logit lens decoding, they show
that LLMs first activate English word representa-
tions before translating them into the target lan-
guage, suggesting that key semantic reasoning is
biased toward English. However, this analysis is
limited to European and East Asian languages, and
does not explore morphologically rich and typolog-
ically distinct languages such as those found in the
Indian subcontinent.

To address these critical limitations, we devel-
oped Indic-TunedLens framework specifically for
multilingual contexts, and demonstrate its efficacy
on transformer models for 10 low resource indian
languages. Our approach involves training a single
affine transformation to learn shared representa-
tions across languages, while also enabling align-
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ment of intermediate hidden states with the final
output distribution for Indic languages. This al-
lows the lens to capture the unique representational
nuances of these languages, providing robust and
interpretable insights into how these diverse and
morphologically rich languages are processed layer
by layer within transformer models. We conduct a
comprehensive evaluation on the Sarvam-1 model
1 using Bengali, English, Gujarati, Hindi, Kan-
nada, Malayalam, Marathi, Panjabi, Nepali, Tamil
and Telugu languages with a multilingual MMLU
benchmark (Dac Lai et al., 2023) to demonstrate
the effectiveness of Indic-TunedLens framework.
Our findings not only bridge a significant gap in
multilingual transformer interpretability but also of-
fer a crucial tool for understanding and enhancing
NLP applications across the rich linguistic tapestry
of India. To the best of our knowledge, this is the
first work to apply layer wise interpretability to
multilingual LLMs for Indian languages. Our work
makes the following contributions:

1. We show that interpretability failure in Indian
languages is a projection problem, and pro-
pose Indic-TunedLens as a solution. It aligns
intermediate hidden states with output distri-
butions in morphologically rich and syntacti-
cally diverse low resource indic languages.

2. We conduct a comprehensive evaluation on
the Sarvam-1 model on Bengali, English, Gu-
jarati, Hindi, Kannada, Malayalam, Marathi,
Nepali, Tamil and Telugu languages with a
multilingual MMLU benchmark.

3. Our results show that Indic-TunedLens en-
ables accurate decoding of intermediate repre-
sentations and reveals distinct layer-wise and
token position specific reasoning dynamics
across languages.

2 Related Work

2.1 Interpretability in Transformer Models

The growing complexity of transformer based lan-
guage models has led to increased interest in in-
terpretability techniques that help unpack how in-
ternal representations evolve across layers. Early
efforts, such as probing classifiers (Li et al., 2023;
Lee et al., 2025) attempted to extract linguistic fea-
tures like syntax and part-of-speech information
from hidden states. Methods, like the Logit Lens
(nostalgebraist, 2020), directly decode intermediate

1https://www.sarvam.ai/blogs/sarvam-1

activations into vocabulary space using the model’s
unembedding matrix. Building on this, the Tuned
Lens (Belrose et al., 2023) improves interpretability
by learning affine transformations that align hidden
states with the final output distribution. Comple-
mentary methods, such as causal tracing (Meng
et al., 2022) and representation steering (Subra-
mani and Bau, 2022) have also enabled insights
into factual recall and controlled generation.

2.2 Multilingual Interpretability

India’s linguistic diversity presents unique chal-
lenges for model interpretability. Wen-Yi and
Mimno (2023) demonstrate that multilingual mod-
els learn input embeddings where translated tokens
across languages cluster together, even without an
explicit translation objective. Similarly, Gopinath
and Rodriguez (2024) observe that self-supervised
speech models exhibit diverse attention head behav-
iors across languages, with diagonal heads playing
a crucial role in cross lingual phoneme classifica-
tion. Schut et al. (2025) demonstrate that multilin-
gual LLMs often process semantically meaningful
content in an English centric representation space,
regardless of input/output language. This bias be-
comes more pronounced for lexical tokens, affect-
ing model transparency and fairness. Despite these
advances, most interpretability research remains
centered on English or non-LLM architectures. No-
tably, Siddiqui et al. (2024) use LIME to interpret
hate speech classifiers in low-resource languages
like Urdu and Sindhi, however, this work focuses
on traditional classification tasks, not on large lan-
guage models or multilingual reasoning. Addi-
tionally, Saji et al. (2025) show that LLMs often
represent non-Roman script languages in Roman-
ized form in intermediate layers, a phenomenon
termed Latent Romanization highlighting shared
cross-script representations that complement prior
findings on English-centric biases.

In contrast to these prior approaches, we pro-
pose Indic-TunedLens, an interpretability frame-
work tailored for Indian languages. Unlike exist-
ing methods that apply English-tuned lens, our
approach learns a shared affine transformation
adapted to Indic scripts, aligning hidden states with
vocabulary distributions for Bengali, English, Gu-
jarati, Hindi, Kannada, Malayalam, Marathi, Pan-
jabi, Nepali, Tamil and Telugu, and enabling fine-
grained, language-aware analysis of transformer
model representations.
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3 Indic-TunedLens

The Tuned Lens was introduced by (nostalgebraist,
2020), is a probing technique designed to interpret
intermediate hidden states of transformer models
by projecting them into the final output space. It en-
ables inspection of the model’s predictions at each
layer without requiring task specific supervision.

We adapt this framework to Indian languages
and introduce Indic-TunedLens, which applies the
same affine transformation approach to better cap-
ture the unique challenges posed by Indic scripts
and morphologically rich, low-resource settings.
Unlike existing applications that evaluate Tuned
Lens in English-centric contexts, our method ex-
plicitly trains and evaluates on Indian languages,
providing new insights into their representation dy-
namics.

Affine Translation of Representations. For a
transformer layer n, let hn denote the hidden state.
The Indic-TunedLens maps hn to a distribution over
vocabulary tokens by first applying a learned affine
transformation, a translator, comprising a matrix
Mn ∈ Rd×d and a bias vector bn ∈ Rd. The
transformed representation is then passed through
the model’s final layer head to produce token logits:

Indic-TunedLensn(hn) = LogitHead(h̃n)

where h̃n = Mnhn + bn
(1)

where LogitHead refers to the model’s output pro-
jection layer (typically a linear map followed by
softmax over the vocabulary).

Learning Objective. The Indic-TunedLens is
trained to reproduce the predictions of the base
model’s final layer. For a given input x, the base
model produces a next-token probability distribu-
tion pfinal(x) at its output layer. We treat this dis-
tribution as the supervision signal. For each inter-
mediate layer n, the Indic-TunedLens produces its
own distribution by translating the hidden state hn
and passing it through the model’s output head. We
minimize the Kullback-Leibler divergence between
these two distributions:

min
Mn,bn

Ehn

[
DKL

(
pfinal(x) ∥

Indic-TunedLensn(hn)
)] (2)

where pfinal(x) = softmax(WhL) denotes the
next-token probability distribution produced by the

model’s final layer L on input x, and hn is the
hidden state at intermediate layer n.

In other words, the model’s own final-layer
predictions serve as the “labels,” and the Indic-
TunedLens learns to align intermediate hidden
states with this distribution.

4 Experimental Setup and Analysis

Indic-TunedLens is trained using the Sarvam-1
model as the base model. All the implementations
are carried out in Pytorch 2. To train and test Indic-
TunedLens, we utilize two datasets that provide
comprehensive multilingual coverage across Indian
languages. We train our model on eleven languages,
Bengali, English, Gujarati, Hindi, Kannada, Malay-
alam, Marathi, Panjabi, Nepali, Tamil and Telugu
from the Sangraha dataset (Rahman Khan et al.,
2024). For evaluation, we employ a curated subset
of the multilingual Massive Multitask Language
Understanding (MMLU) dataset (Dac Lai et al.,
2023) adapted for Indian languages, comprising
Bengali, English, Gujarati, Hindi, Kannada, Malay-
alam, Marathi, Nepali, Tamil and Telugu samples.
The inclusion of Panjabi as a train only language
enables assessment of cross lingual transfer capa-
bilities to unseen but related languages. Detailed
dataset statistics and implementation details are
provided in Appendices A.1 and A.2, respectively.

Entropy Analysis. To analyze the confidence
and uncertainty of predictions at each layer, we
compute the Shannon entropy of the probability
distribution produced by the Indic-TunedLens:

Hn = −
|V |∑

i=1

p
(n)
i log p

(n)
i , (3)

where p
(n)
i is the probability assigned to vocabu-

lary token i at layer n, and |V | is the vocabulary
size. Lower entropy values indicate confident pre-
dictions (probability mass concentrated on fewer
tokens), while higher entropy values indicate un-
certain predictions (probability mass distributed
across many tokens).

Layer-wise Accuracy We quantify alignment be-
tween intermediate representations and the final
next-token prediction using a layer-wise agreement
score. For a sequence of length T , the top-1 token
predicted by a lens at layer n for position t is

ŷ
(n)
t = argmax

i∈V
p
(n)
i (· | t). (4)

2https://pytorch.org/
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Figure 1: This figure shows the entropy heatmap of the standard Tuned Lens, which was developed for English-
centric models. The high and irregular entropy across layers suggests unstable intermediate representations and
weak alignment for Indian languages, with predictions biased toward English tokens.

Figure 2: Entropy heatmap for the Indic-TunedLens. Entropy decreases more smoothly across layers, indicating
progressive information consolidation and improved semantic alignment, with intermediate predictions increasingly
generating meaningful Hindi tokens.

Agreement is measured against the base model’s
prediction at the final layer L. This interpretability
metric indicates how early sufficient information
for the final decision emerges. Higher early-layer
agreement reflects better alignment of intermediate
states with the vocabulary, enabling faithful inter-
mediate predictions.

5 Results

To assess the effectiveness of Indic-TunedLens for
multilingual transformer interpretability, we con-
duct a comprehensive comparative analysis against
the standard Logit Lens approach across 10 Indian
languages (detailed in Appendix A).
Layer-wise uncertainty reveals language-
specific meaning formation. The standard
Tuned Lens approach, originally designed for
English centric models, demonstrates significant
limitations when applied to Indian language

Figure 3: Input Question from MMLU Hindi Dataset

processing, as illustrated in Figure 1. We show an
example question (Figure 3) about monopoly con-
centration ratios from the Hindi MMLU dataset3.
The entropy (calculated as discussed in Section
4) heatmap which measures uncertainty in the
model’s predicted token distribution at each layer
reveals inconsistent patterns with high variance
across layers, indicating poor alignment between

3https://huggingface.co/datasets/alexandrainst/m_mmlu/
viewer/hi
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Figure 4: Layer-wise Improvement Patterns

the tuning mechanism and the model’s internal
processing pathways for Indian languages. The
visualization shows fragmented attention patterns,
particularly in the middle layers (8-16), where
semantic consolidation should occur, and scattered
high entropy regions without clear progressive
information refinement. This degraded perfor-
mance stems from a projection mismatch: while
the model internally encodes morphologically rich
and semantically meaningful representations for
Indian languages, the English-centric Tuned Lens
fails to align these representations with the output
vocabulary space.

The Indic-Tuned Lens, trained on Indian lan-
guages, demonstrates substantially improved per-
formance characteristics as shown in Figure 2. The
entropy heatmap exhibits coherent, systematic en-
tropy reduction patterns across layers, indicating
proper information consolidation aligned with In-
dic linguistic structures. Enhanced semantic cap-
ture is evident through concentrated attention pat-
terns around key vocabulary elements, while dis-
tinct processing phases are observable with early
layers managing tokenization and morphological
analysis, middle layers handling semantic under-
standing, and later layers focusing on answer. With-
out language-aware projection, intermediate repre-
sentations in Indian languages appear fragmented
and difficult to interpret, obscuring how meaning
forms across layers. The superior performance of

Indic-TunedLens demonstrates the critical need for
developing specialized interpretability frameworks
that account for diverse linguistic structures, and se-
mantic processing patterns beyond English centric
approaches.

Maximum improvements occur in early layers
(1-8) with language specific patterns reflecting
morphological complexity. The heatmap in Fig-
ure 4 shows that Bengali, Nepali, and Hindi exhibit
the strongest improvements in layers 1-4 (0.04-
0.06 accuracy gain), corresponding to the morpho-
logical analysis phase where rich inflectional sys-
tems are processed. English shows concentrated
improvements at layer 1 (0.06 gain) and more mod-
est gains throughout middle layers, reflecting its
analytic morphology. Gujarati and Kannada show
very similar sustained improvements across layers
1-10 (0.02-0.04 gain), while Malayalam exhibits
more distributed improvement patterns extending
into middle layers (5-15). These layer specific
improvement patterns enable linguistic hypothe-
ses about where different linguistic phenomena are
computed, suggesting that morphological analy-
sis and early semantic composition occur in early
layers, while deeper layers support more complex
compositional and syntactic integration. This pro-
cess happens earlier in languages like Telugu and
Tamil, which form words by joining many mean-
ingful parts together, compared to languages with
more isolated word structures. The variation in
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Figure 5: Layer Wise Accuracy Comparison

improvement patterns across languages suggests
that the learned transformations adapt to language
specific processing dynamics, capturing the dis-
tinct computational trajectories by which different
Indic languages resolve ambiguity and build com-
positional meaning. These findings demonstrate
that interpretability methods cannot be language-
agnostic: effective analysis of multilingual LLMs
requires language-family-aware lenses that respect
typological differences in morphological and com-
positional structure.

Indic-TunedLens demonstrates superior accu-
racy over Logit Lens across all Indian languages,
with particularly pronounced improvements in
early and middle layers. As shown in Figure 5,
the standard Logit Lens exhibits minimal accuracy
in early layers (0-15) across all languages, with
values remaining below 0.02 for most Indian lan-
guages. The accuracy only begins to increase sub-
stantially after layer 20, reaching peak performance
at layer 27 before dropping sharply at the final layer.
In contrast, Indic-TunedLens shows immediate in-
terpretability from layer 1, with English achiev-
ing 0.13 accuracy, followed by Telugu (0.11) and
Gujarati (0.10). The framework maintains consis-

tent accuracy between 0.03-0.06 throughout middle
layers (5-20) for Indian languages, demonstrating
robust intermediate representation capture. These
findings suggest that language specific affine trans-
formations enable meaningful interpretation of hid-
den states from the earliest layers of processing,
whereas English centric approaches fail to capture
the morphological richness and syntactic diversity
inherent in Indian languages until much deeper in
the network. The superior early layer performance
of Indic-TunedLens indicates that specialized train-
ing on diverse Indic scripts creates representations
better aligned with the model’s internal process-
ing pathways for these languages, enabling more
accurate decoding of intermediate semantic states.
Individual language specific accuracy curves across
all layers are provided in the appendix B.1.

Indic-TunedLens consistently positions correct
tokens at higher ranks across all layers, indi-
cating improved confidence in predictions. Fig-
ure 6 reveals that Logit Lens maintains average
ranks between 4-5 across layers 5-25 for most lan-
guages, with Malayalam showing particularly poor
performance (ranks 4.5-5.8). The ranks only im-
prove dramatically at layer 27, converging to 3.5-4
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Figure 6: Average Rank of Correct Predictions

across languages. Conversely, Indic-TunedLens
exhibits more favorable ranking patterns through-
out the network, with most languages maintaining
average ranks between 3.9-4.7 across middle lay-
ers. Notably, Hindi demonstrates superior rank
positioning (4.5-5 in early layers, improving to 3.5-
4.0 in later layers), while Malayalam shows the
most substantial improvement from its Logit Lens
baseline, achieving ranks of 4.2-4.8 in layers 10-
25. The consistently better ranking performance
of Indic-TunedLens across all languages demon-
strates that the learned affine transformations more
effectively align intermediate representations with
the final vocabulary distribution, placing correct
tokens among the top candidates earlier in the de-
coding process. This improved ranking behavior
is particularly critical for morphologically rich lan-
guages where token level disambiguation requires
integration of multiple linguistic features, and sug-
gests that Indic-TunedLens better captures the hi-
erarchical semantic refinement that occurs across
transformer layers for Indian languages. Detailed
rank distribution plots for each language are avail-
able in the appendix B.2.

Accuracy varies substantially across token posi-

tions, with specific positions showing language
dependent spikes corresponding to answer to-
kens. Figure 7 demonstrates highly variable accu-
racy patterns across the 600+ token positions in the
MMLU dataset samples. Marathi exhibits the most
dramatic spike at position 380 (0.95 accuracy), fol-
lowed by English at position 550 (0.52 accuracy)
and Hindi at position 210 (0.58 accuracy). These
spikes correspond to answer choice positions in
the multiple choice questions, where the model’s
predictions align with the correct options. Most
languages maintain baseline accuracy of 0.05-0.15
across question and context tokens (positions 0-
400), with gradual increases toward answer regions.
Bengali, Telugu, and Gujarati show multiple mod-
erate peaks (0.20-0.35) distributed across positions
350-500, suggesting consistent prediction quality
across answer choices. The position specific ac-
curacy patterns reveal that Indic-TunedLens suc-
cessfully captures the model’s reasoning trajectory
through question answering tasks, with high accu-
racy at answer token positions indicating effective
alignment between intermediate representations
and final decision making processes. The language
specific variation in peak positions reflects differ-
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Figure 7: Accuracy by Token Positions

ences in tokenization schemes and morphological
complexity, where languages with more complex
morphology (Tamil, Telugu) require more tokens
to represent equivalent semantic content, shifting
the spatial distribution of critical reasoning steps.
This position based analysis provides evidence that
the interpretability framework maintains fidelity
to the model’s internal decision boundaries across
diverse linguistic structures and question formats.

6 Discussion

Our work establishes Indic-TunedLens as a spe-
cialized interpretability framework for morphologi-
cally rich Indian languages through three key find-
ings from our comparative analysis.

As demonstrated in Figure 5, Indic-TunedLens
enables meaningful interpretation from layer 1 on-
wards, whereas standard Logit Lens (nostalgebraist,
2020) fails to capture intermediate semantics un-
til layer 20. This 20-layer interpretability gap re-
veals that English centric methods fundamentally
misalign with how multilingual models process
morphologically rich languages. The immediate
accessibility in early layers suggests that learned
affine transformations successfully bridge the repre-
sentational mismatch between intermediate hidden
states and final vocabulary distributions. Recent
work shows that language specific neurons concen-
trate in mid-to-late layers (Tang et al., 2024; Chou
et al., 2025), yet our framework exposes seman-
tically meaningful states much earlier, indicating

that the computational bottleneck lies in projection
mechanisms rather than internal processing (Schut
et al., 2025).

These findings have broader implications for
multilingual NLP. First, interpretability cannot be
language agnostic. The same technique yields fun-
damentally different results depending on linguis-
tic structure (Wen-Yi and Mimno, 2023). Second,
our framework provides a methodological template
for other morphologically rich families. Third,
the Indic-TunedLens interpretability tool enables
the identification of language specific computa-
tional regions and layers, revealing that multilin-
gual competence arises from localized mechanisms
that can be selectively analyzed or manipulated
for a more controlled, fair, and reliable multilin-
gual behavior (Tang et al., 2024). By introduc-
ing the Indic-TunedLens framework, we enable
researchers in multilingual NLP to analyze multilin-
gual large language models across the languages on
which they are trained. By enabling understanding
of how models process diverse languages, Indic-
TunedLens supports more equitable and responsible
AI development in linguistically diverse regions.

7 Conclusion

In this paper, we have introduced Indic-TunedLens,
a multilingual interpretability framework that ex-
tends the Tuned Lens paradigm to structurally di-
verse Indian languages. By learning language
affine transformations, our approach significantly
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improves the layer-wise interpretability of multi-
lingual LLMs like Sarvam-1 on Bengali, English,
Gujarati, Hindi, Kannada, Malayalam, Marathi,
Nepali, Tamil and Telugu. Extensive experiments
demonstrate that Indic-TunedLens outperforms the
standard English centric methods in rank based
accuracy, layer wise accuracy performance, and
entropy alignment. Additionally, we aim to ex-
tend interpretability methods to directly improve
downstream performance in multilingual tasks.

Limitations

While Indic-TunedLens enhances interpretability
for Indian languages, it has certain limitations. Due
to resource constraints and unavailability of pre-
training data, we initially fine tune only the 1B-
parameter Sarvam-1 model. Future work can ex-
plore multilingual models with higher number of
parameters. Second, our evaluation is limited to
the MMLU dataset, which restricts the diversity of
tasks used to assess large language model behav-
ior. Finally, while we achieve better interpretability,
this does not directly translate to improved down-
stream task performance, which remains an open
question for future research.

Ethics Statement

We use publicly accessible datasets for our exper-
iments, strictly for academic purposes and in full
accordance with their licensing terms.
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A Experimental Setup

A.1 Dataset
Sangraha Dataset The Sangraha dataset serves
as our primary training corpus for developing lan-
guage specific interpretability lenses that can ef-
fectively analyze the internal representations of
multilingual models. As detailed in Table A.1, the
composition of the dataset is strategically balanced
to ensure adequate representation in all languages
while maintaining computational feasibility.

Language Number of Rows
Bengali 11497021
English 17482249
Gujarati 3970097
Hindi 17420932
Kannada 3632345
Malayalam 6370342
Marathi 5865617
Panjabi 1738597
Nepali 91476306
Tamil 7828512
Telugu 7081734

Table 1: Sangraha Dataset for Training Sarvam Tuned
Lens

The substantial size of each language subset en-
sures sufficient statistical power for training robust
interpretability mechanisms, while the linguistic
diversity across multiple Indian languages provides
the necessary foundation for developing generaliz-
able interpretability methods.

MMLU Dataset Our evaluation framework em-
ploys a curated subset of the multilingual Mas-
sive Multitask Language Understanding (MMLU)
dataset, adapted for Indian languages Dac Lai et al.

(2023). As shown in Table 2, the testing dataset
includes samples across ten languages, with rela-
tively balanced distribution ranging from 215 to
277 samples per language. This balanced distribu-
tion enables fair comparative analysis while test-
ing the generalization capabilities of our approach
across the diverse linguistic landscape.

Language Number of Rows
Bengali 216
English 277
Gujarati 243
Hindi 235
Kannada 261
Malayalam 265
Marathi 221
Nepali 215
Tamil 251
Telugu 272

Table 2: MMLU Dataset for Testing Tuned Lens

A.2 Implementation Details

Our experimental framework is built around the
Sarvam-1 model, which has been specifically opti-
mized for 10 Indian languages: Bengali (bn), En-
glish (en) Gujarati (gu), Hindi (hi), Kannada (kn),
Malayalam (ml), Marathi (mr), Nepali(np), Punjabi
(pa), Tamil (ta), and Telugu (te). This multilingual
optimization makes it an ideal candidate for study-
ing interpretability across diverse Indian languages,
as it inherently possesses cross lingual capabili-
ties developed through extensive multilingual pre
training.

For training the tuned lens, we utilize the
tuned-lens package, which provides a robust
framework for training and evaluating lenses on
transformer models like Sarvam-1 (Belrose et al.,
2023). The package enables us to probe intermedi-
ate layers of the model to analyze how multilingual
tokens influence prediction patterns.

The training configuration detailed in Table 3
utilizes a distributed setup with careful resource
allocation to ensure stable training while maintain-
ing computational efficiency. We employ Fully
Sharded Data Parallel (FSDP) training to handle
the large scale nature of the Sarvam-1 model effec-
tively. The single node configuration with 5 pro-
cesses per node represents an optimal balance be-
tween computational efficiency and resource avail-
ability. The per GPU batch size of 1 is chosen to
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Hyperparameter Value
Model Name sarvamai/sarvam-1
# of Nodes 1
Processes per Node 5
Per-GPU Batch Size 1
FSDP Enabled
Launch Mode Standalone

Table 3: Training Configuration and Hyperparameters
for Tuned Lens with Sarvam-1

maximize memory utilization while preventing out
of memory errors during training of the tuned lens
components, given the substantial memory require-
ments of the Sarvam-1 model architecture.

B Detailed Analysis

B.1 Language Wise Layer-wise Accuracy
Comparison between Indic-TunedLens
and LogitLens

This section presents a comprehensive language
specific analysis of layer wise accuracy patterns,
comparing the performance of Indic-TunedLens
against the standard Logit Lens across all evaluated
Indian languages. Each plot illustrates the accuracy
across all 28 layers of Sarvam-1 model, revealing
distinct processing characteristics for individual
languages. The layer-wise accuracy comparison is
shown for Bengali in Figure 8, English in Figure 9,
Gujarati in Figure 10, Hindi in Figure 11, Kannada
in Figure 12, Malayalam in Figure 13, Marathi in
Figure 14, Nepali in Figure 15, Tamil in Figure 16,
and Telugu in Figure 17.

Figure 8: Layer-wise Accuracy Comparison for Bengali

Figure 9: Layer-wise Accuracy Comparison for English

Figure 10: Layer-wise Accuracy Comparison for Gu-
jarati

Figure 11: Layer-wise Accuracy Comparison for Hindi
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Figure 12: Layer-wise Accuracy Comparison for Kan-
nada

Figure 13: Layer-wise Accuracy Comparison for Malay-
alam

Figure 14: Layer-wise Accuracy Comparison for
Marathi

Figure 15: Layer-wise Accuracy Comparison for Nepali

Figure 16: Layer-wise Accuracy Comparison for Tamil

Figure 17: Layer-wise Accuracy Comparison for Telugu

183



B.2 Language Wise Average Rank of Correct
Predictions between Indic-TunedLens
and LogitLens

This section provides a detailed examination of the
average rank positions assigned to correct tokens
across all layers of each language. The average
rank metric quantifies how confidently the model
places the correct prediction among its top can-
didates at each layer, with lower ranks indicating
higher confidence and better alignment between
intermediate representations and final outputs. The
average rank of correct predictions is shown for
Bengali in Figure 18, English in Figure 19, Gu-
jarati in Figure 20, Hindi in Figure 21, Kannada
in Figure 22, Malayalam in Figure 23, Marathi in
Figure 24, Nepali in Figure 25, Tamil in Figure 26,
and Telugu in Figure 27.

Figure 18: Average Rank of Correct Predictions for
Bengali

Figure 19: Average Rank of Correct Predictions for
English

Figure 20: Average Rank of Correct Predictions for
Gujarati

Figure 21: Average Rank of Correct Predictions for
Hindi

Figure 22: Average Rank of Correct Predictions for
Kannada
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Figure 23: Average Rank of Correct Predictions for
Malayalam

Figure 24: Average Rank of Correct Predictions for
Marathi

Figure 25: Average Rank of Correct Predictions for
Nepali

Figure 26: Average Rank of Correct Predictions for
Tamil

Figure 27: Average Rank of Correct Predictions for
Telugu
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Abstract

Dialectal speech remains largely underexplored
in Automatic Speech Recognition (ASR) re-
search, particularly for Slavic languages. While
Ukrainian ASR systems have rapidly improved
in recent years with the adoption of Whis-
per, XLS-R, and Wav2Vec-based models, per-
formance on dialectal variants remains un-
known and often significantly degraded. In
this work, we present the first dedicated effort
to build ASR resources for the Hutsul dialect of
Ukrainian. We develop a data preparation and
segmentation pipeline, evaluate multiple forced
alignment strategies, and benchmark state-of-
the-art ASR models under zero-shot and fine-
tuned conditions. We evaluate results using
WER and CER demonstrating that large mul-
tilingual ASR models struggle with dialectal
speech, while lightweight fine-tuning produces
substantial improvements. All scripts, align-
ment tools, and training recipes are made pub-
licly available to support future research on
Ukrainian dialect speech.

1 Introduction

Ukrainian NLP has made significant progress in
recent years, with new language models, ASR
systems, and datasets becoming publicly avail-
able (Sereda, 2024). However, the majority of ex-
isting work targets standard Ukrainian as used in
broadcast media or academic corpora, leaving di-
alectal variation largely unaddressed (Zhong et al.,
2024). Yet dialects remain a central component of
Ukrainian linguistic identity, especially in moun-
tainous western regions such as Carpathian moun-
tains, where phonetic and lexical differences from
standard Ukrainian are quite huge1.

Dialectal speech in general introduces chal-
lenges for ASR: vowel reduction, consonant soft-
ening, archaic lexical forms, code-switching with

1https://en.wikipedia.org/wiki/Ukrainian_
dialects

other languages (Romanian, Polish, German, etc.)
and highly variable pronunciation shaped by ge-
ography and speaker generation (Michelsanti and
et al., 2019). Zero-shot multilingual models can
transcribe such speech, but with significantly re-
duced accuracy (Adams and et al., 2020). At the
same time, collecting labeled dialect data is diffi-
cult due to speaker scarcity, limited dialectal writ-
ten tradition, and available recordings being long-
form oral narratives requiring segmentation and
alignment (Klejch and et al., 2025).

To address these gaps, we present the first
systematic pipeline for one of the dialects (Hut-
sul2) ASR development, centered around a curated
speech corpus derived from the recordings of "Dido
Yvanchyk"3 - a unique novel written completely
using dialect.

Our choice based first of all on availability of
both recorded reading of the novel as well as a
textual representation of it.

This paper introduces the dataset, describes
alignment methodology, reports initial baselines,
and outlines future work including dataset ex-
pansion, cross-dialect generalization, and LLM-
powered transcript enhancement.

Our contributions in this work are:

1. Building a publicly available pipeline for
segmentation, forced alignment, and dataset
preparation for Hutsul dialect speech.

2. Evaluation of state of the art ASR models
in zero-shot and fine-tuned settings using
WER/CER metrics.

3. Release scripts and data, enabling repro-
ducible training and evaluation for future re-
search.

2https://en.wikipedia.org/wiki/Hutsuls
3https://shron1.chtyvo.org.ua/

Shekeryk-Donykiv_Petro/Dido_Yvanchik.pdf
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2 Related Work

Research on ASR for low-resource languages and
dialects has grown in Arabic, Hindi, Italian, and
Turkic languages (Ali and et al., 2014; Kumar and
et al., 2025), where phonetic variation and lexical
differences significantly impact recognition. Re-
cent regional work also introduced RoDia, a Ro-
manian dialect speech dataset for dialect identifica-
tion (Rotaru et al., 2024), highlighting increasing
interest in dialect-focused speech resources.

In Ukrainian, existing work focuses primar-
ily on standard language, including XLS-R and
Wav2Vec2-UA models for broadcast and conversa-
tional speech (Paniv, 2023). Community projects
have fine-tuned Whisper for Ukrainian (Shas,
2024), but dialect performance remains undocu-
mented. No prior work has addressed Hutsul ASR,
making this study the first benchmark of its kind.

Forced alignment for speech corpora is
typically performed using Montreal Forced
Aligner (McAuliffe et al., 2017) or Aeneas (Read-
Beyond, 2015), while WhisperX (Shi and et al.,
2023) recently demonstrated strong alignment per-
formance for multilingual speech. Our work com-
pares alignment approaches in a dialect context
where standard lexicons may be insufficient.

3 Hutsul Dialect Speech Corpus

The used dataset is primarily based on recordings of
a native Hutsul speaker reading "Dido Yvanchyk"
novel, the most extensive and culturally important
written sources of Hutsul dialect. The novel repre-
sents the largest continuous literary record of Hut-
sul speech, featuring authentic lexical, morphologi-
cal, and phonetic elements that are rarely present
in standard Ukrainian corpora. We use publicly
available audio recordings of oral readings of the
text, sourced from a native speaker and accessible
on YouTube.4 The dataset is released on Hugging
Face.5

Hutsul dialect is quite different comparing to
standatd Ukrainian due to its geographical location.
Here are some of the linguistic Characteristics of
Hutsul dialect:
• Phonetics: vowel transformations, such as /je/

instead of /a/ or /ja/ (e.g., yak→ yek, yahoda→
yehoda).

4https://www.youtube.com/@didoyvanchik7322
5https://huggingface.co/

datasets/KSE-RESEARCH-Group/
Dido-Yvanchyk-Audio-Dataset-v2

Property Value

Total duration 19h 27m
Total samples 8,412
Average segment duration 8.35 s
Median segment duration 6.68 s
Duration range 0.11-78.84 s

Total words 162,204
Unique vocabulary 32,247

words
Average words per segment 19.4
Average characters per segment 108.8

Audio sample rate 16 kHz
Dialect marker coverage 72.4%
Total dialect markers 16,874

Table 1: Dido-Yvanchyk Hutsul Dialect Dataset Sum-
mary

• Morphology: unique case endings -yed, -si and
preserved dual forms of a word apples, e.g.,
yablutsi instead of plural yabluka.

• Lexicon: Romanian, Polish and German borrow-
ings such as brynza (cheese) and spazieruvaty
(go for a walk, from German spazieren
gehen).6

The audio is rich in dialect vocabulary, archaic
expressions, and non-standard pronunciation, mak-
ing it a valuable material for building dialectal ASR
systems. Segmentation and alignment were per-
formed on long-form recordings to create paired
audio–text samples suitable for model training.
All recordings are read by a single native Hutsul
speaker, however, careful train–dev–test splitting
and augmentation were applied to mitigate speaker
memorization effects.

The current release serves as a baseline ver-
sion of the corpus. In future work, we plan to
expand the dataset with additional speakers, spon-
taneous speech, and regional variation, enabling
multi-speaker modeling, dialect classification, and
deeper linguistic analysis.

General dataset statistics are summarized in Ta-
ble 1, with a detailed description provided in Ap-
pendix A.

4 Forced Alignment Pipeline

Recordings were normalized and resampled to
16kHz. Before the text–transcript alignment, the

6https://en.wikipedia.org/wiki/Eastern_
Romance_influence_on_Slavic_languages
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audio recordings are automatically transcribed with
word-level time stamps. We evaluate two speech-
to-text pipelines: WhisperX (Shi and et al., 2023)
and the ElevenLabs (ElevenLabs, 2024) speech
recognition system.

WhisperX extends Whisper (Radford et al.,
2022) with forced alignment, enabling word-level
timing extraction from neural acoustic models,
while ElevenLabs provides native word-level times-
tamps as part of its transcription output. In practice,
ElevenLabs yields more accurate and stable word
boundaries (ElevenLabs, 2024), particularly in con-
versational and expressive speech, and is therefore
used as the primary source of word-level timing
information for subsequent alignment and segmen-
tation steps.

We perform sentence–level alignment between
ground-truth text and automatic speech transcrip-
tion using a fuzzy string-matching strategy (Source,
2011). Both the transcript generated by the ASR
system and the reference text are first normalized
through lowercasing, punctuation removal, and
whitespace standardization to reduce superficial
mismatches.

For each ground-truth sentence, candidate hy-
pothesis segments are searched within a sliding
temporal window, and similarity is computed us-
ing token-based fuzzy matching (RapidFuzz (Bach-
mann, 2020)). The highest-scoring segment above
a predefined threshold is selected as the alignment,
enabling robust matching even in the presence of
transcription errors, paraphrasing, or minor omis-
sions (Gao and et al., 2025; Chen and et al., 2025;
Abdjul and et al., 2025). The process is executed
in batches while maintaining sentence and segment
indices, ensuring sequential consistency and scala-
bility to long recordings.

The selected ASR system produces a continu-
ous transcript with word-level timestamps, which
serves as the temporal backbone for subsequent
sentence matching. The resulting aligned seg-
ments preserve the original temporal ordering of
the recording and enable consistent downstream
processing, including sentence-level segmentation
and corpus construction for dialectal speech analy-
sis.

Pipeline overview:

1. Transcribe raw audio using WhisperX or
ElevenLabs STT.

2. Normalize reference text (lowercase, remove

punctuation, unify spacing).

3. Align reference sentences to ASR output us-
ing RapidFuzz similarity search.

4. Export word- or sentence-level timestamps in
WebVTT/JSON format.

5. Filter low-confidence matches to construct
clean training segments.

Initial observations indicate WhisperX yields
the most stable results, while Montreal Forced
Aligner (McAuliffe et al., 2017) requires dialect
lexicon adaptation.

5 ASR Models and Training

We evaluate four ASR model families representing
different architectural paradigms and multilingual
capabilities:

• OmniASR – Meta’s new omnilingual speech
model designed for cross-language generaliza-
tion across hundreds of languages (team et al.,
2025).

• Wav2Vec2-XLSR-300M-UA – a self-
supervised multilingual wav2vec2 model
with a Ukrainian CTC head, commonly used
in Ukrainian ASR applications (Baevski et al.,
2020; Babu and et al., 2021).

• Whisper-large-v3 – a transformer-based en-
coder–decoder ASR model trained on 680K+
hours of weakly supervised multilingual
data (Radford et al., 2022), widely adopted
as a strong zero-shot baseline.

• Wav2Vec2-BERT-UK-v2.1 – a hybrid
SSL+MLM architecture integrating wav2vec2
acoustic features with BERT-style masked
language modeling (Smoliakow and et al.,
2024).

We select these models to cover most popular
models in current ASR research and score them
for the dialectal recognitions task (Radford et al.,
2022; Baevski et al., 2020; Babu and et al., 2021;
Smoliakow and et al., 2024; team et al., 2025).

Whisper serves as a strong zero-shot base-
line (Radford et al., 2022), Wav2Vec2-XLSR and
Wav2Vec2-BERT represent Ukrainian-centric self-
supervised CTC approaches (Baevski et al., 2020;
Babu and et al., 2021; Smoliakow and et al., 2024),
enabling us to assess how well standard-Ukrainian
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systems adapt to dialects, and OmniASR allows
us to test whether a unified omnilingual speech
encoder can generalize to dialect without prior ex-
posure (team et al., 2025).

This spectrum enables comparison across (i)
multilingual vs. Ukrainian-only pre-training, (ii)
encoder–decoder vs. CTC decoding, and (iii) zero-
shot vs. fine-tuned dialect adaptation (Radford
et al., 2022; Baevski et al., 2020).

All models are fine-tuned on the aligned Hutsul
dataset using an 80/10/10 train–dev–test split. For
Whisper, we apply parameter-efficient LoRA fine-
tuning (Hu et al., 2021).

For Wav2Vec2-BERT, lower convolutional and
transformer layers are frozen to prevent catas-
trophic forgetting, while adapter modules and the
CTC head remain trainable (Smoliakow and et al.,
2024).

OmniASR models are fine-tuned using Meta’s
official tri-stage learning rate schedule (team et al.,
2025).

Also, given the limited amount of dialectal
speech data, we use on-the-fly augmentation dur-
ing training to improve robustness (Chen and
et al., 2025). The pipeline includes Gaussian
noise injection, pitch shifting, speed perturbation
(0.8–1.2×), gain modulation, and time/frequency
masking (Nguyen and et al., 2023). Such augmen-
tation is essential for preventing overfitting and
encouraged more stable convergence.

All training runs use the AdamW optimizer with
FP16 mixed precision (Baevski et al., 2020). Whis-
per and Wav2Vec2 models employ a linear warm-
up schedule followed by linear decay (Radford
et al., 2022), while OmniASR follows a tri-stage
scheduler (team et al., 2025). Checkpoints are eval-
uated every 500–1,000 steps, and the best check-
point is selected based on development CER. Hy-
perparameters and training configurations for each
model are summarized in next section.

6 Experimental Results

For the training we used mixed-precision training
mode, with CER (character error rate) as the metric
for selection of the best model. The issue between
selecting WER and CER lies down to the nuances
of the training ASR for the dialect task, since the
changes are mostly in characters(Coll and et al.,
2023; Thennal D K, 2024).

Ukrainian is a highly inflected Slavic language
with:

• Seven grammatical cases

• Three genders with agreement across adjec-
tives/participles

• Complex verb conjugation

• Extensive prefixation and suffixation

And other morphological complex structures and
nuances(Pugh and Press, 2005; Sussex and Cubber-
ley, 2006).

All models were evaluated on the same test split
using WER and CER metrics.

Overall, fine-tuning consistently improved recog-
nition quality on Hutsul speech across all architec-
tures, with the best systems reaching sub-3% CER.

6.1 OmniASR
We fine-tuned two OmniASR CTC models released
by Meta (300M and 1B parameters).7 Training
was performed using the official (team et al., 2025)
tutorial on the "Dido Yvanchyk" dataset.

Training configuration. Both models were
trained with a learning rate 5e-5 using a tri-stage
scheduler. The 300M model was trained on an
RTX 5070 Ti (16GB) for 48k steps, and 1B model
was trained on an RTX 4090 (48GB) for 36k steps.
We used a per-device batch size of 8 with gradient
accumulation of 4, and WER served as the primary
optimization metric.

Model WERb CERb WERa CERa

300M 76.78 37.08 13.82 2.97
1B 80.09 51.24 13.09 2.75

Table 2: OmniASR fine-tuning results on Hutsul dialect
(in %). WERb/CERb: before fine-tuning; WERa/CERa:
after fine-tuning.

After fine-tuning, both OmniASR reduced WER
from 76–80% down to around 13%, indicating that
OmniASR benefits strongly from dialect adapta-
tion.

6.2 Wav2Vec2-XLSR-300M-UA
We fine-tuned the Wav2Vec2-XLSR-300M-UA
model(Conneau and et al., 2020; Smoliakow and
et al., 2023) on the aligned Hutsul corpus. All audio
was resampled to 16 kHz, normalized, and cleaned

7https://huggingface.co/KSE-RESEARCH-Group/
omniASR-CTC-300M-uk-dido-tuned-v2 https:
//huggingface.co/KSE-RESEARCH-Group/
omniASR-CTC-1B-uk-dido-tuned-v2
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using a regular-expression based text preprocessor.
A Ukrainian CTC vocabulary was constructed to
include all Cyrillic characters and dialectal ortho-
graphic forms.

Training setup. The model was trained on
an RTX 4090 with an effective batch size of 64
(per-device BS=8, gradient accumulation=8), us-
ing FP16 mixed precision, AdamW optimizer, a
peak learning rate of 1×10−4, and a linear sched-
uler with 1,000 warmup steps. Training ran for 50

epochs (5,000 steps total).

Results. The best checkpoint was reached
at step 4,700 with validation WER=12.99% /
CER=2.53%, and the final test performance
achieved WER=13.61% / CER=2.43%.

Fine-tuning reduced CER to below 3%, placing
Wav2Vec2-XLSR performance close to OmniASR
and confirming that Ukrainian-centric SSL models
adapt well to dialectal speech.

Model Base checkpoint Max steps Per-dev BS Grad acc. Eff. BS Best-by

Small openai/whisper-small 8000 4 4 16 CER
Medium openai/whisper-medium 8000 8 4 32 CER
Large-v3 openai/whisper-large-v3 8000 4 4 16 CER
Large-v2 (UK) arampacha/whisper-large-uk-2 4000 4 4 16 CER

Table 3: Fine-tuning configuration for Whisper models.

6.3 Whisper Family

We have fine-tuned four Whis-
per variants: whisper-small,
whisper-medium, whisper-large-v3, and
arampacha/whisper-large-uk-2, the latter
already adapted to Ukrainian using Common
Voice 11.0(Ardila et al., 2022). We release our
fine-tuned checkpoints on Hugging Face.8 Train-
ing was performed in mixed-precision mode, using
CER as the selection criterion, as character-level
variation better captures dialectal orthography
and subword differences. The inflectional nature
of Ukrainian further motivates character-aware
adaptation for dialect modeling.

Training setup. All Whisper models were
trained for up to 8,000 steps (4,000 for the Common
Voice–adapted checkpoint). Batch size, gradient
accumulation, and max steps per model are sum-
marized in Table 3. Learning rate schedules and
optimization configurations were kept consistent
across models to enable fair comparison.

Results. Final WER/CER performance is shown
in Table 4. Both whisper-large-v3 and the
Ukrainian-adapted whisper-large-v2 achieved
sub-4% CER and approximately 13% WER on
the test set, outperforming the medium and small

8https://huggingface.co/KSE-RESEARCH-Group/
whisper-small-dido-yvanchyk-v2 https:
//huggingface.co/KSE-RESEARCH-Group/
whisper-medium-dido-yvanchyk-v2 https:
//huggingface.co/KSE-RESEARCH-Group/
whisper-large-v3-dido-yvanchyk-v2 https:
//huggingface.co/KSE-RESEARCH-Group/
arampacha-whisper-large-v2-dido-yvanchyk-v2

variants.
Whisper fine-tuning consistently improved per-

formance across all model sizes, with the large
Ukrainian-adapted checkpoint achieving the best
results.

6.4 Wav2Vec2-BERT
We additionally evaluated the Wav2Vec2-BERT ar-
chitecture (Hsu et al., 2021; Baevski et al., 2020)
using a Ukrainian-pretrained checkpoint 9. The
model was fine-tuned with adapters enabled, while
freezing the feature encoder and BERT backbone to
prevent catastrophic forgetting. Parameter-efficient
training was selected following prior work on
adapter-based optimization (Houlsby et al., 2019;
Hu et al., 2021). A stronger augmentation pipeline
was applied to increase robustness given the limited
volume of dialectal speech data.

Results. Adapter-based fine-tuning achieved a
test performance of WER=18.24% / CER=3.47%.
In contrast, LoRA-based training converged less
reliably, yielding WER=43.08% / CER=9.93%
despite similar optimization settings. This suggests
that adapter-based optimization is more suitable for
this model family in low-resource dialect scenarios.

6.5 Overall Results Summary
Across all model families, fine-tuning led to large
improvements in recognition quality on Hutsul
speech. The strongest systems—OmniASR 1B,
Whisper-Large-v3, Whisper-Large-v2-UK and

9https://huggingface.co/Yehor/w2v-bert-uk-v2.
1

190



Model Val CER↓ Val WER↓ Test CER↓ Test WER↓ Best ckpt

Small 4.71 17.60 4.72 17.84 6500
Medium 4.06 13.80 3.96 14.61 7000
Large-v3 3.73 12.40 3.90 13.20 7000
Large-v2 (UK) 3.73 12.60 3.69 13.03 4000

Table 4: Whisper ASR performance after fine-tuning. Lower is better.

Metric Original Finetuned Improvement

Word Error Rate (WER) 60.79% 14.32% ↓ 76.4%
Character Error Rate (CER) 17.86% 5.14% ↓ 71.2%
Perfect Transcriptions 2 (0.2%) 217 (25.8%) ↑ 108×
Samples with Errors 840 (99.8%) 625 (74.2%) ↓ 25.6%

Table 5: Overall Performance Comparison: Original vs Finetuned Whisper-Large-V3

Wav2Vec2-XLSR—achieved CER < 3% on the
test set, showing that high-quality ASR for a low-
resource dialect can be obtained using a relatively
small aligned corpus.

Figure 1 and Figure 2 visualize convergence for
Whisper models, where larger architectures show
a faster drop in CER and more stable late-stage
training.

Models and resources. All trained models
and datasets described are publicly released
on Hugging Face: https://huggingface.co/
KSE-RESEARCH-Group.

6.6 Qualitative Example Analysis
To illustrate model behavior beyond aggregate met-
rics, we provide qualitative recognition examples
for OmniASR models, including Cyrillic text with
transliteration. These examples highlight typical
recognition patterns, including character alignment
with occasional lexical substitutions and vowel vari-
ation.

This shows that most errors relate to dialect-
specific morphology and orthographic variation
rather than acoustic confusion. The complete sam-
ples are provided in Appendix B.
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Figure 1: Validation CER over fine-tuning steps (evalu-
ated every 500 steps). * – arampacha/whisper-large-v2,
previously fine-tuned on Common Voice 11.0.
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Figure 2: Validation WER over fine-tuning steps (evalu-
ated every 500 steps). * – arampacha/whisper-large-v2,
previously fine-tuned on Common Voice 11.0.
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7 Discussion

Our results show that modern ASR models can
adapt well to Ukrainian dialectal speech when
fine-tuned on even relatively small aligned data.
All tested model families improved substantially
compared to zero-shot recognition, and (Omni-
ASR 1B, Whisper-Large-v3, Whisper-Large-v2-
UK, Wav2Vec2-XLSR) reached CER below 3%.
This suggests that large multilingual and Ukrainian-
centric self-supervised models can be effectively
used for dialect ASR with limited supervision
(Baevski et al., 2020; Shas, 2024; team et al., 2025).

During qualitative inspection, we observed that
most remaining errors come from dialect-specific
morphology, rare lexemes, vowel reduction, and
non-standard spelling. Small changes in endings
or palatalization often result in substitutions. This
indicates that future work could explore phoneme-
aware decoding, lexicon extension, or LM rescor-
ing to reduce errors caused by dialectal variation, as
also noted for other Slavic speech systems (Sussex
and Cubberley, 2006).

Although this work focuses on the Hutsul dialect,
the methodology is general and can be applied to
other Ukrainian regional varieties. The alignment
pipeline, training scripts and evaluation setup can
serve as a template for expanding research to other
dialects. In future, combining several dialect cor-
pora may allow dialect classification, cross-dialect
transfer, and speech-style robustness studies.

The released dataset and pipeline represent a
first step toward more complete Ukrainian dialect
ASR resources. As new recordings are collected,
it will be important to ensure balanced speaker
representation, informed consent, and fair coverage
across regions.

8 Conclusion

We present the first speech corpus with aligned
text for the Hutsul dialect and evaluated four mod-
ern ASR model families on this data. Fine-tuned
Whisper, OmniASR and Wav2Vec2-XLSR mod-
els achieved strong accuracy with CER below 3%,
showing that high-quality recognition of Ukrainian
dialectal speech is possible even with a single-
speaker corpus when alignment and augmentation
are applied effectively. Adapter-based training also
improved Wav2Vec2-BERT, although it remained
behind the top systems.

While our experiments focus on Hutsul, the same
training pipeline can be applied to other dialects,

enabling work on multi-dialect modeling, dialect
identification and cross-dialect transfer. In future
we plan to extend the corpus with more speakers,
spontaneous speech and additional regions, as well
as explore phoneme-level decoding and LM rescor-
ing for better handling of dialect-specific forms.

We release the dataset, code and splits to fa-
cilitate reproducibility and further research on
Ukrainian dialect ASR. We believe this work pro-
vides a starting point for building larger dialect
resources and contributes toward speech technolo-
gies for low-resource Slavic varieties.

Limitations

This work represents an initial step toward ASR for
Ukrainian dialects and carries a lot of limitations.

First, the current corpus is based on recordings
from a small number of speakers, from a single
Hutsul region, which may restrict dialectal and
acoustic diversity. Broader demographic (age, gen-
der, speaking style, recording conditions) will be
necessary to ensure robust generalization.

Second, our training pipeline relies on automatic
forced alignment. Although it is effective, align-
ment errors sometimes occurs in the fine-tuning
data and may influence on achievable performance.

Third, we evaluate only end-to-end CTC
and encoder–decoder architectures, leaving LM-
rescoring, shallow fusion, and hybrid ASR systems
for future study.

Finally, evaluation is limited to WER and CER,
without semantic or intelligibility assessments,
which would provide a more complete measure
of transcription quality.

As such, results should be interpreted as a strong
baseline rather than a fully comprehensive solution
for Hutsul or broader Ukrainian dialect recognition.

Ethics

We fully acknowledge the ACL Ethics Policy and
commit to responsible research practice, including
careful consideration of consent, potential harms,
and responsible data release.10

Data provenance and consent. The Dido-
Yvanchyk corpus is derived from publicly available
audio recordings of a single narrator reading “Dido
Yvanchik”, published on YouTube.11 The literary
work “Dido Yvanchik” by Petro Shekeryk-Donykiv

10https://www.aclweb.org/adminwiki/index.php/
ACL_Policy_on_Publication_Ethics

11https://www.youtube.com/@didoyvanchik7322
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is a canonical text of Hutsul cultural heritage and
is available in the public domain. The recordings
were produced by the Ukrainian Cultural Fund,12

which releases its materials under an open license
permitting use for research purposes.13 Accord-
ingly, the use of these recordings complies with
applicable consent and data usage requirements for
academic research.
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Split Mean Median Std Min Max P95

Train 8.31 6.64 6.70 0.11 78.84 21.13
Validation 8.27 6.63 6.36 0.62 64.44 19.24
Test 8.47 6.76 6.72 0.11 42.98 21.79

Overall 8.35 6.68 6.59 0.11 78.84 20.72

Table 6: Audio duration statistics (in seconds)

Split Characters Words Unique Mean len

Train 736,512 131,142 21,816 108.1
Validation 81,715 14,582 4,936 107.9
Test 92,900 16,480 5,495 110.3

Total 911,127 162,204 32,247 108.8

Table 7: Text transcription statistics

A Dataset Characteristics

This section provides additional descriptive statis-
tics and qualitative error analysis for the Hutsul
speech corpus used in our experiments.
Tables 6 and 7 provide supplementary statistics for
the dataset.

Table 7 reports transcription-level statistics for
each data split, including character and word
counts, vocabulary size, and average segment
length.

A.1 Error Pattern Analysis

Character-level errors are dominated by vowel sub-
stitutions. The most frequent patterns include
i(i)→и(y) (81),и(y)→i(i) (51), у(u)→в(v) (26),
and е(e)→є(ye) (16), reflecting dialectal vowel vari-
ation and non-standard orthography.

Consonant-level errors are less frequent and in-
clude alternation between у(u) and в(v), voicing
changes such as з(z)↔с(s) and д(d)↔т(t), as well
as substitutions involving the Hutsul-specific con-
sonant ґ(g).

Vowel substitutions represent the most frequent
error type overall. The dominant pattern is alter-
nation between и(y) and i(i), reflecting the char-
acteristic phenomenon in Hutsul speech. Other
frequent changes include е(e)↔и(y), е(e)→є(ye),
and а(a)↔о(o), consistent with known dialectal
variation.

B Qualitative Recognition Examples

Below we show sample recognition outputs for
OmniASR 300M and 1B models. Cyrillic text is
shown with English transliteration.
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OmniASR 300M

• “Жерiт, жер би вас гад, йкiсте бешшєсно
проїснi.”
Zheryt, zher by vas had, ykiste beshshesno
projisni.
“жерiт жер би вас гадий кiсте бешєсно
про єснi”
Zheryt zher by vas hadyj kiste beshesno pro
jesni.
WER=0.63, CER=0.11

• “Нима страху, ни завiситси».”
Nyma strachu, ny zavisytsi.
“нима страху низавiсиц”
Nyma strachu nyzavisyts.
WER=0.50, CER=0.17

OmniASR 1B

• “Жерiт, жер би вас гад, йкiсте бешшєсно
проїснi.”
Zheryt, zher by vas had, ykiste beshshesno
projisni.
“жерiт жерби вас гади йкiйсте бешєсно
проєснi”
Zheryt zherby vas hady ykiiste beshesno pro-
jesni.
WER=0.75, CER=0.11

• “Нима страху, ни завiситси».”
Nyma strachu, ny zavisytsi.
“нима страху ни завiситс”
Nyma strachu ny zavisyts.
WER=0.25, CER=0.04
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Abstract
Arabic Language Models (LMs) are pretrained
predominately on Modern Standard Arabic
(MSA) and are expected to transfer to its di-
alects. While MSA as the standard written
variety is commonly used in formal settings,
people speak and write online in various di-
alects that are spread across the Arab region.
This poses limitations for Arabic LMs, since its
dialects vary in their similarity to MSA. In this
work we study cross-lingual transfer of Arabic
models using probing on 3 Natural Language
Processing (NLP) Tasks, and representational
similarity. Our results indicate that transfer is
possible but disproportionate across dialects,
which we find to be partially explained by their
geographic proximity. Furthermore, we find
evidence for negative interference in models
trained to support all Arabic dialects. This
questions their degree of similarity, and raises
concerns for cross-lingual transfer in Arabic
models. 1

1 Introduction

Arabic is a major world language with over 400 mil-
lion speakers and a central role in cultural, histori-
cal, and religious life across the Middle East and
North Africa (MENA) (Owens, 2006; Versteegh,
2014). Structurally, it is a Semitic language with a
long written tradition, but for NLP the most salient
property is its pervasive diglossia: a standardized
written variety, Modern Standard Arabic (MSA),
coexists with a rich spectrum of non-standardized
dialects that vary across the MENA region (Fergu-
son, 1959). MSA (FusHa) dominates education,
news, and formal writing, whereas dialects are the
default medium of everyday communication and
online interaction.

Although Modern Standard Arabic (MSA) is far
less frequent in daily speech than Dialectal Ara-
bic (DA), it remains the dominant variety in the

1Our code: https://github.com/muizzkhalak/cross_lingual_
transfer_arabic

digital corpora used to train Large Language Mod-
els (LLMs). Consequently, most existing Arabic
LMs are predominantly MSA-centric, with limited
and disproportionate coverage of diverse dialects
(Antoun et al., 2020; Inoue et al., 2021; Abdul-
Mageed et al., 2021; Antoun et al., 2021; Sen-
gupta et al., 2023; Lan et al., 2020). While these
models are often implicitly expected to generalize
across the Arabic continuum, cross-lingual trans-
fer is not guaranteed, particularly as many dialects
exhibit low mutual intelligibility with MSA and
one another (Abu Farha and Magdy, 2022; Ke-
leg et al., 2023). This linguistic imbalance has
spurred the development of dialect-specific mod-
els (Qarah, 2024b; Gaanoun et al., 2025; Abdaoui
et al., 2021; Qarah, 2024a; Shang et al., 2025;
AlYami and Al-Zaidy, 2022). However, the neces-
sity of such specialization remains an open ques-
tion: Do MSA-centric or multi-dialect models
transfer equitably across the Arabic dialectal
landscape? To investigate this, we probe the inter-
nal representations of Arabic LMs to evaluate their
transferability to various dialects across three core
NLP tasks—Sentiment Analysis (SA), Named En-
tity Recognition (NER), and Part-of-Speech (POS)
tagging—benchmarking their performance against
specialized, dialect-specific counterparts.

While probing provides a functional account of
cross-lingual transfer, its scope is often constrained
by specific task selections and potential confound-
ing dataset characteristics. Prior research has lever-
aged annotated linguistic features to predict inter-
lingual transfer or interference (Lin et al., 2019;
Eronen et al., 2023); however, the scarcity of gran-
ular linguistic annotations for Arabic dialects ren-
ders such approaches currently unfeasible. While
Alsudais et al. (2022) utilized lexical overlap within
the parallel MADAR corpus (Bouamor et al., 2018)
as a proxy for dialectal similarity, surface-level
overlap fails to adequately capture deeper syntactic
and semantic nuances. Given the proficiency of
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LMs in encoding these high-level features (Con-
neau et al., 2018a), we propose employing Rep-
resentational Similarity Analysis (RSA) between
MSA and DA model representations. Specifically,
we utilize Centered Kernel Alignment (CKA) (Ko-
rnblith et al., 2019) to quantify layer-wise similarity
between DA and MSA models using parallel sen-
tences from the MADAR dataset. We posit that this
provides an intrinsic metric of cross-lingual trans-
fer: high representational similarity between MSA
and DA models serves as a robust signal for effec-
tive transferability and suggests that inter-dialectal
interference will be minimized.

We integrate these two methodologies—Probing
and Representational Similarity Analysis (RSA)—
to provide a holistic evaluation of cross-lingual
transfer between MSA and its dialects. Our find-
ings indicate that, in general, MSA-centric models
demonstrate strong transferability to DA, occasion-
ally outperforming dialect-specific models. How-
ever, this transfer remains significantly dispropor-
tionate across the dialectal spectrum. To investigate
the drivers of this disparity, we correlate model
performance with factors such as geographic prox-
imity and pretraining data volume. Our analysis
reveals that dialect-specific models consistently ex-
ceed the performance of MSA and multi-dialect
models only when supported by substantial DA
pretraining data. Furthermore, geographic proxim-
ity serves as a strong predictor of transferability,
aligning with the dialectal continuum hypothesis:
as geographic distance increases, mutual intelligi-
bility diminishes, posing a greater challenge for
MSA-to-DA transfer.

2 Related Work

Cross-Lingual Transfer. Prior work consistently
shows that transfer effectiveness depends strongly
on source–target similarity: typologically or lin-
guistically closer languages yield better zero-shot
transfer, and language-distance metrics correlate
with downstream accuracy (Eronen et al., 2023;
Philippy et al., 2023). Consequently, selecting a
related transfer source—rather than defaulting to
English—can substantially improve performance
for low-resource targets (Lin et al., 2019; Eronen
et al., 2023). Multilingual LMs such as mBERT
further demonstrate robust cross-lingual general-
ization without explicit alignment, achieving com-
petitive zero-shot results across tasks like Natu-
ral Language Inference (NLI) and NER after fine-

tuning on a single language (Conneau et al., 2018b;
Pires et al., 2019; Wu and Dredze, 2019). This be-
havior is often attributed to increasingly language-
agnostic representations in higher layers (K et al.,
2020; Artetxe et al., 2020); notably, retraining only
the embedding layer of a monolingual transformer
can effectively adapt it to a new language, suggest-
ing that upper-layer features are largely transferable
(Artetxe et al., 2020). However, multilingual train-
ing often leads to negative interference especially
for high resource languages (Bapna and Firat, 2019;
Chang et al., 2024; Alastruey et al., 2025). Overall,
these findings motivate balanced transfer strate-
gies, where leveraging one or a few related high-
resource languages yields strong gains for low-
resource targets without incurring excessive inter-
ference (Seto et al., 2025). In this study, we exam-
ine how well MSA-centric and multi-dialect Arabic
models transfer to DA varieties, and whether nega-
tive interference occurs in dialectal context, even
when linguistic similarity is assumed. Although
our process follows cross-dialectal transfer across
Arabic models, we use "cross-lingual" in the rest
of the paper to align with literature norms.

Probing Arabic Language Models. Previous
work has examined how linguistic information is
distributed across layers and neurons in Arabic
transformer models, including dialect-trained vari-
ants (Abdelali et al., 2022). This line of research
reports that lower and middle layers primarily en-
code morphology, upper layers capture syntactic
dependencies, and MSA-based models often fail to
represent dialect-specific nuances despite substan-
tial vocabulary overlap; embedding-layer neurons
tend to be polysemous, whereas mid-layer neurons
are more specialized for particular linguistic prop-
erties (Abdelali et al., 2022). By contrast, we fo-
cus on model-level representations: we assess how
MSA, general-purpose Arabic (MIX/Multi-DA),
and dialect-specific encoders encode morphologi-
cal and syntactic information via controlled prob-
ing tasks, comparing best-layer performance across
models rather than inspecting individual neurons.

Similarity of Arabic Dialects. Recent work in
Arabic dialectometry links textual similarity to ge-
ography, showing that geographically proximate
varieties tend to be linguistically closer, sometimes
more so than political boundaries (Alsudais et al.,
2022). Across dialectal corpora, classic NLP/IR
similarity measures further reveal strong Levan-
tine cohesion and suggest that Palestinian is par-
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ticularly close to MSA (Kwaik et al., 2018), while
comparisons with Classical Arabic provide a histor-
ical reference for modern variation (Abouzahr and
Abouzahr, 2025). Analyses of the MADAR corpus
also report Muscat (Spoken in Oman) as among
the closest dialects to MSA and Sfax (Spoken in
Tunisia) among the most distant (Bouamor et al.,
2018). These lexical analyses remain limited at
capturing syntactic and semantic similarity, there-
fore, our work studies whether such proximity rela-
tionships are internalized by pre-trained language
models, which were shown to capture syntactic and
semantic features.

3 Methodology

In this section, we outline our methodological
framework for studying cross-lingual transfer of
Arabic LMs. We combine two complementary
methods for this study, namely: linear probes
trained on frozen layer-wise embeddings (Sec-
tion 3.1), and similarity of model representations
measured using Centered Kernel Alignment (CKA)
(Section 3.2). Furthermore, motivated by the lin-
guistic theory of dialect continuum and its implica-
tions (Chambers and Trudgill, 1998), we propose a
proxy for measuring geographic proximity to MSA
(Section 3.3).

3.1 Probing Classifiers

Probing has been widely applied to analyze multi-
lingual models, where it can reveal whether mod-
els encode language-specific features or universal
cross-linguistic structures (Tenney et al., 2019b). In
the case of Arabic, probing classifiers can help de-
termine whether dialectal and MSA models capture
similar linguistic phenomena and whether knowl-
edge acquired in one variety (e.g., MSA) transfers
to another (e.g., Egyptian or Levantine Arabic).
By training probes on embeddings derived from
dataset of one variety using a language model of
different variety.

The standard probing setup involves training a
lightweight classifier—commonly a linear or shal-
low feedforward model—on top of frozen repre-
sentations extracted from different layers of the
LM. We train probes to predict a supervised lin-
guistic property (e.g., POS tags) using embeddings
as input. If the probe achieves high accuracy, this
suggests that the relevant linguistic information is
encoded in the representations at that layer and
is easily extractable by a simple function (Hewitt

Figure 1: Architecture of the probing classifier for the
example sentence “The boy is eating the apple now.”
Sentence representations pass through N layers, and
each layer is probed using the classifier in Eq. 1.

and Manning, 2019). Probing classifiers are de-
liberately kept simple to minimize the chance that
the probe itself learns the task from scratch. In-
stead, their purpose is to act as a diagnostic tool
that reveals the presence (or absence) of linguistic
features in the LM representations (Pimentel et al.,
2020). Figure 1 illustrates the probing architecture,
where we employ a linear classifier with a softmax
activation layer. For a given layer l, the probability
distribution yl is computed as:

yl = softmax(Wzl + b) (1)

where zl is a representation derived from the hid-
den states Hl = {hl,1, . . . , hl,T }. We define two
pooling strategies depending on the probing task:

• Token-level to POS and NER tasks: zl = hl,i,
the embedding at index i.

• Sentence-level for the SA task: zl =
1
T

∑T
i=1 hk,i, the mean-pooled average of all

token embeddings in the sequence.

3.2 Representation Similarity Analysis
Besides cross-lingual transfer as measured using
probing on selected tasks, we also compute rep-
resentation similarity, which can be viewed as an
intrinsic signal for transfer. Primarily, we seek to
study whether MSA LMs learn similar representa-
tions to their DA counterpart, which can be seen
as a signal of similarity between DA varieties and
MSA, and of the sufficiency of MSA for capturing
the nuances of DA varieties.

Figure 2 illustrates our architecture for represen-
tation similarity, where we use Centered Kernel
Alignment (CKA) (Kornblith et al., 2019) to mea-
sure the similarity of hidden representations. Let
X ∈ Rndx and Y ∈ Rndy be representations of the

198



Figure 2: Architecture of CKA for representation simi-
larity. MADAR parallel sentences are encoded by MSA
and DA encoders through N layers, and the resulting
representations are compared using linear CKA (Eq. 2).

same n inputs. For linear CKA, we set K = XX⊤

and L = Y Y ⊤ and compute:

CKA(X,Y ) =
∥X⊤Y ∥2F

∥X⊤X∥F ∥Y ⊤Y ∥F
∈ [0, 1], (2)

where higher values indicate the representations
are similar. Linear CKA is invariant to orthogonal
transformations and isotropic rescaling of features,
making it robust to rotations and global scaling
differences between models.

This yields a compact and task-agnostic view of
how similarly MSA and dialectal models encode
Arabic input, complementing our probing-based
analysis of functional transfer.

3.3 Evaluating Dialectal Continuum
We test whether similarity measures track geo-
graphical proximity continuum, i.e., whether mod-
els associated with countries closer (geographi-
cally) to a chosen MSA anchor exhibit higher sim-
ilarity to an MSA-pretrained encoder. Similar ap-
proaches have been used for finding a relationship
between language distance and cross-lingual trans-
fer (Eronen et al., 2023; Philippy et al., 2023). A
key challenge is that MSA has no fixed geographic
locus, as it is used in formal contexts across all
Arab countries. The literature proposes several
proxies: one strand argues that MSA is particu-
larly close to Palestinian (Levantine) Arabic, based
on lexical similarity within Levantine and North-
African varieties (Kwaik et al., 2018), however,
this study did not include Gulf dialects. Other work
highlights the strong affinity between Classical Ara-
bic (CA) and Yemeni Arabic, citing the preserva-
tion of archaic forms, phonological features, and
relative isolation, and notes that Gulf Arabic, de-
spite borrowings (e.g., from Persian), maintains
close ties to Bedouin dialects (Boyi et al., 2024).
A separate lexical / lexical-semantic comparison

with CA across regions also identifies Yemeni Ara-
bic as the closest modern variety (Abouzahr and
Abouzahr, 2025); although the authors attribute
this in part to corpus-size bias for Yemeni data,
they also show that Gulf Arabic—geographically
close to Yemen—has high similarity to CA. Fi-
nally, analysis of the MADAR corpus reports that
Muscat (Oman) is the dialect most similar to MSA
(Bouamor et al., 2018), and Muscat is likewise
geographically near Yemen. Given the widely at-
tested closeness of MSA to CA, we therefore use
Yemen as a geographic proxy for the MSA an-
chor, while explicitly acknowledging this as an
operational choice.

4 Experimental Setup

4.1 Probing Datasets

For fair cross-dialect comparison, we select dialec-
tal datasets per task and enforce equal sample sizes
per probe: for POS/NER we balance by number
of labeled tokens, and for SA by number of sen-
tences. General-purpose Arabic models are con-
sistently evaluated against dialect-specific models
on the latter’s native test sets. Table 2 details the
corpora utilized for each dialect; for multi-dialectal
datasets, we partition and reuse relevant subsets
for their corresponding varieties. Due to the ab-
sence of publicly available NER corpora for Gulf
dialects (specifically Riyadh and Muscat), we de-
rive a silver-standard dataset from the MADAR cor-
pus (Bouamor et al., 2018). We extract 2,000 sen-
tences per dialect and perform automated entity an-
notation using the CAMeL-Lab/bert-base-arabic-
camelbert-da-ner model (Inoue et al., 2021).

For the POS tagging task, we apply prepro-
cessing tailored to Arabic cliticization, where
multiple grammatical units are written as a sin-
gle orthographic word. For example, �§A�w�¤
(“and mobile”) combines ¤ (CONJ) and �§A�w�
(NOUN); we normalize such cases by aggregat-
ing clitic and stem tags into composite labels (e.g.,
CONJ+NOUN), following prior work in Arabic
POS tagging (Darwish et al., 2018; Habash and
Rambow, 2006). NER datasets are used with their
original tags and no additional preprocessing. For
sentiment analysis, where data often comes from
tweets and other social media, we remove URLs,
HTML tags, usernames, and strip emojis using the
emoji2 library.

2https://pypi.org/project/emoji/
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Dialect identification filtering. Because many
probing datasets originate from noisy online
sources, they may contain off-target sentences
(other dialects or MSA). To mitigate this, we run
automatic dialect identification on every sentence
using CAMeL-Lab/bert-base-arabic-camelbert-
mix-did-madar-corpus26 (Inoue et al., 2021).
City-level predictions (e.g., Riyadh, Jeddah, Cairo)
are mapped to countries, and we retain only
sentences whose predicted country matches the
dataset’s target dialect (or reassign them when the
dataset explicitly spans multiple countries). This
filtering step yields cleaner, better-aligned inputs
for subsequent probing analyses.

4.2 Similarity Analysis Dataset

Our similarity analysis requires access to parallel
sentences between MSA and dialects. Therefore,
we use the MADAR corpus (Bouamor et al., 2018),
which provides aligned versions of the same sen-
tences in MSA and 25 city-level dialects. The cor-
pus contains 2000 parallel sentences per city which
helps avoid sample-size artifacts.

4.3 Models

We focus on BERT-style encoders throughout this
study, so that cross-model comparisons are not con-
founded by architectural differences and transfer
effects remain directly comparable. Table 1 sum-
marizes the models used and their key properties
that help contextualize their behavior and perfor-
mance across our experiments.

4.4 Probing

Probe Training We employ a linear statistical
classifier—multinomial logistic regression (soft-
max over a single affine layer)—implemented with
the NEUROX toolkit (Dalvi et al., 2019). For the
word-level tasks (POS and NER), we aggregate sub-
word representations by selecting the embedding
of the final subword token (Liu et al., 2019). For
sentence-level Sentiment Analysis, representations
are derived via mean-pooling across all tokens in
the sequence.. We use stratified 80/20 train/test
splits, the Adam optimizer with a small learning
rate. Each layer ℓ is probed independently, produc-
ing a performance curve per model and task. Token-
level embeddings for POS/NER are obtained by
aggregating subword representations to the word
level (using the embedding of the last subword to-
ken (Liu et al., 2019)), while sentence-level embed-
dings for sentiment are computed by mean-pooling

Figure 3: Performance of best performing layer on MSA
Tasks.

token representations over the sequence.

Probe Evaluation We use the F1 score for the
evaluation. We measure the performance of Gen-
eral models (i.e. MSA, Multi-DA and MIX) and
DA models on both MSA only and DA datasets.
We think that this offers a bidirectional look at the
cross-lingual transfer of Arabic models. Where DA
model that can transfer to MSA might indicate that
the dialect is close to MSA and vice versa. Unless
specified differently, we report the best F1 score
across the model layers.

4.5 Representation Similarity

We use CKA to measure the representation sim-
ilarity between MSA and DA models. We com-
pute hidden states on the MADAR dataset, take the
mean over the sentence tokens, then measure the
layer-wise CKA similarity. The fact that MADAR
is a parallel dataset allows us to investigate the
following three scenarios:

1. MSA model vs. Dialect model representation
of DA sentences.

2. MSA model vs. Dialect model representation
of MSA sentences.

3. MSA model vs. Dialect model representation
of MSA and DA sentences respectively.

Finally, since MADAR contains city level dialec-
tal sentences and some countries are represented
by more than one city (e.g., Egypt: Alexandria,
Aswan, Cairo), we take the mean of CKA simi-
larity over the cities to obtain the similarity per
country, and consequently, per dialect.
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Model Family Model Name Training Varieties Tokens

CAMeLBERT CAMeLBERT-MSA (Inoue et al., 2021) MSA 12.6B
CAMeLBERT-DA (Inoue et al., 2021) DA 5.8B
CAMeLBERT-MIX (Inoue et al., 2021) MSA + DA + CA 17.3B

Dialect-Specific SaudiBERT (Qarah, 2024b) Saudi Dialect 2.7B
EgyBERT (Qarah, 2024a) Egyptian Dialect 1.07B
DarijaBERT (Gaanoun et al., 2025) Moroccan Dialect (Darija) 100M
DziriBERT (Abdaoui et al., 2021) Algerian Dialect 20M

AraRoBERTa AraRoBERTa-SA (AlYami and Al-Zaidy, 2022) Saudi Dialect 45.4M
AraRoBERTa-EGY (AlYami and Al-Zaidy, 2022) Egyptian Dialect 37.2M
AraRoBERTa-OM (AlYami and Al-Zaidy, 2022) Omani Dialect 3.8M
AraRoBERTa-LB (AlYami and Al-Zaidy, 2022) Lebanese Dialect 3.6M
AraRoBERTa-JO (AlYami and Al-Zaidy, 2022) Jordanian Dialect 2.6M
AraRoBERTa-DZ (AlYami and Al-Zaidy, 2022) Algerian Dialect 1.9M

Table 1: Overview of Arabic Pre-trained Language Models (PLMs)

Figure 4: Impact of pretraining corpus size on probe
performance across tasks. The Percentile Rank of the
number of tokens is displayed for better visual interpre-
tation.

5 Results and Analysis

5.1 Probing Analysis
For probing experiments implemented in Section
4.4, we analyze and compare the performance of
the best layer for each model. This is based on
evidence that models store different information
disproportionately in different layers (Tenney et al.,
2019a), while we are interested in comparing mod-
els in terms of their absolute performance rather
than per-layer comparison.

Figure 3 reports the macro-F1 of the best-
performing layer for each model and task on the
MSA datasets, as discussed in Section 4.4. Across
POS, NER, and SA, a consistent pattern emerges:
the MSA-pretrained model achieves the strongest
performance on MSA text, outperforming both
the MIX and Multi-DA models. Among dialect-
specific encoders, Saudi and Egyptian models typ-
ically rank closest to the MSA model, while other
regional models lag more substantially. The same
trend holds within the AraRoBERTa family, where
Saudi and Egyptian variants systematically outper-
form other dialectal variants on MSA inputs. By

Figure 5: Relative performance of general vs. dialect-
specific Arabic models on native dialectal datasets.
Points to the right of the reference line denote cases
where the dialect-specific model achieves higher perfor-
mance, while points to the left indicate that the general
model remains superior.3

contrast, models trained on North African varieties,
such as DziriBERT and DarijaBERT, generalize
poorly to MSA across all tasks, likely reflecting the
pronounced lexical and morphological divergence
between Maghrebi dialects and MSA. When we re-
late model training size, as summarized in Table 1,
to performance on MSA data, we observe the trend
visualized in Figure 4: models trained on larger
and more diverse corpora tend to exhibit stronger
generalization, underscoring the importance of cor-
pus scale and linguistic variety for cross-dialectal
robustness.

Figure 5 compares an MSA model, a Multi-DA
model, and a MIX model against DA encoders on
dialectal POS, NER, and SA. We compare mod-
els at their best-performing layer to control for
layer specialization effects. We report the macro-

3Non-normalized F1 score results are provided in our code
repository.
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F1 score performance of each model relative to the
dialect specific model. We compute the relative
difference as follows:

∆ =
F1DA − F1M

F1DA
(3)

where M = {MSA, Multi-DA, MIX}. We normal-
ize by F1DA to make the results comparable across
dialects.

Overall, DA models such as EgyBERT and
DziriBERT consistently excel on their native di-
alects—especially for SA and for POS where
morphology and cliticization diverge most from
MSA—highlighting the benefits of dialect-specific
pretraining. The MSA model, while weaker on SA
for most dialects, remains competitive on structural
tasks (POS, NER) for several varieties, indicating
that MSA pretraining preserves transferable syntac-
tic and entity-structure regularities. The Multi-DA
model provides a strong dialect-agnostic baseline,
where it often outperforms the MSA model on the
SA task, but often falls short of the strongest DA
models on their home dialect although it is trained
on more data. This suggests that training on mul-
tiple Arabic dialects can still lead to negative in-
terference (Wang et al., 2020), although they are
regarded as similar in literature. The MIX model
shows a similar breadth–sharpness trade-off: it can
match or surpass many dialectal models on POS,
but tends to underperform DA encoders on NER
and SA when domain and style are highly dialect-
specific. Across these comparisons, pretraining
scale emerges as a key factor. DA models that re-
liably beat the general-purpose encoders (MSA,
Multi-DA, MIX) are often trained on substan-
tially larger pretraining corpora than lighter dialec-
tal models (e.g., EgyBERT vs. AraRoBERTa-EGY,
DziriBERT vs. AraRoBERTa-DZ). This suggests
that the amount of pretraining data is crucial to
improve the model’s encoding of dialect-specific
morphological, syntactic, and semantic features.

5.2 Representation Similarity Analysis
Figure 6 summarizes the average layer-wise CKA
between the MSA model and each DA model
across all three scenarios discussed in Section
4.5. When both models encode the same dialec-
tal sentences (Scenario 1), the highest alignment
is observed for SaudiBERT on Saudi text, fol-
lowed by DziriBERT, EgyBERT, and DarijaBERT,
with AraRoBERTa-LB showing the closest align-
ment among the AraRoBERTa variants. When both

Figure 6: Average layer-wise CKA between the MSA
model and DA models for the three scenarios described
in Section 4.5.

encoders process the MSA versions of the same
sentences (Scenario 2), the order of BERT-based
dialect models remains similar, while within the
AraRoBERTa family, AraRoBERTa-EGY becomes
the closest to the MSA encoder and the remain-
ing variants form a slightly lower, tightly clus-
tered group. In scenario 3, where the MSA
model encodes MSA sentences and dialectal
models encode parallel dialect sentences, the
BERT models ranking largely persists (SaudiBERT
> DziriBERT > EgyBERT > DarijaBERT),
whereas within AraRoBERTa, Levantine vari-
ants (AraRoBERTa-JO, AraRoBERTa-LB) show the
strongest alignment, followed by North-African
variants (AraRoBERTa-DZ, AraRoBERTa-EGY), then
Gulf variants (AraRoBERTa-SA, AraRoBERTa-OM).
Across scenarios, scenario 3 has the lowest similar-
ity scores, showing the representations of DA and
MSA models are not agnostic to their input variant.
Furthermore, even when the input is the same vari-
ant (i.e. scenario 1 and 2), the similarity is always
lower than 0.8, showing that MSA models fail to
capture DA specific nuances and vice versa. The
results of AraRoBERTa models suggest that this
can be partly explained by the amount of training
data, where the similarity of these models is lower
than the BERT-based models, which are trained on
more data.

5.3 Proximity Analysis

As discussed in Sections 5.2 and 5.1, there is sig-
nificant disparity between dialect specific models
in terms of their probing performance and simi-
larity with MSA models. Motivated by the docu-
mented linguistic phenomena of dialect continuum
(Chambers and Trudgill, 1998), and by previous
studies that investigated the relationship between
geographic proximity and lexical overlap (Alsu-
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(a) Geographic proximity vs. probing performance. (b) Geographic proximity vs. CKA-based similarity.

Figure 7: Comparison of Geographic Proximity with Probing Performance and CKA Similarity. The black star
marks Yemen (the MSA anchor), and each bubble denotes a DA model; bubble size encodes (a) macro-F1 score on
MSA and (b) average CKA score.

dais et al., 2022), we study whether geographic
proximity can explain the disparity in probing and
representation similarity results. Note that we use
Yemen as the geographic location for MSA as ex-
plained in Section 3.3. Figure 7a shows dialectal
models by their geographic location, with bubble
sizes proportional to their macro-F1 score on MSA
text from the probing tasks. Across all tasks, we
observe a clear dialectal continuum: models associ-
ated with regions geographically closer to the MSA
anchor are represented by larger bubbles, which
gradually shrink with increasing distance. This pat-
tern indicates that cross-lingual transfer in terms of
functional similarity aligns well with geographic
proximity. Figure 7b presents an analogous view
for CKA-based similarity. Here, the dialectal con-
tinuum is evident primarily for models trained on
large-scale corpora, while models with more lim-
ited pretraining data (i.e. AraRoBERTa models) do
not reflect a dialect continuum effect. The results
suggest that proximity plays a role in model per-
formance and similarity, and is in line with the
phenomena of dialect continuum, where more dis-
tant dialects and less mutually intelligible, which
leads to weaker cross-lingual transfer and lower
similarity. Specifically, Scenario 2 in Figure 7b is
more comparable with Figure 7a since we compare
the dialectal continuum of the MSA model and the
DA models on MSA text.

6 Discussion

Based on the probing results on MSA datasets, we
observe that the MSA model outperforms both MIX
and Multi-DA models. The relative underperfor-
mance of the MIX model aligns with prior findings
that monolingual MSA encoders surpass mixed-
variant models on MSA tasks (Inoue et al., 2021).

Although the MIX model is trained on MSA data,
the underperformance can be due to curse of mul-
tilinguality which adversely affects high-resource
varieties (Chang et al., 2024). Among the DA mod-
els we observe that cross-lingual transfer to MSA
is strongly dependent on the amount of data the
model is trained on. This observation is further val-
idated by geographical proximity analysis where
models trained on large amount of data capture di-
alect continuum more efficiently. We also observe
that it is easier for the language models to capture
functional similarity even with less training data.
But it is more difficult for Arabic language models
to capture structural similarity as observed from ge-
ographical proximity analysis. Furthermore, prob-
ing and CKA reveal a clear functional–structural
gap: some models (e.g., DziriBERT) can be struc-
turally close to MSA yet fail to convert this into
superior probing performance. This is in line with
prior work showing that high CKA similarity does
not guarantee functionally similar or equally useful
features (Davari et al., 2023).

The probing performance on the DA datasets
shows that the MSA-pretrained encoder is gener-
ally stronger on NER and POS tasks, while DA
models tend to excel on SA tasks. The perfor-
mance on POS suggests that Arabic and its dialects
maintain a similar syntax, while the performance
on NER can be attributed to code switching, where
DA varieties often use MSA for entities. However,
this does not translate to a higher performance on
SA, where higher level semantic and pragmatic
understanding is required to predict the sentiment.
These findings suggest that Arabic dialects are sim-
ilar to MSA in their syntax and use code switching
for entities which explains their performance on
POS and NER tasks respectively, however, they
struggle on SA which is characterized by dialect
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specific idioms, non-standard orthography and dis-
tinct negation patterns that are absent from their
pretraining data.

Comparing DA models with general dialectal
models (Multi-DA; MIX) on downstream tasks
(Figures 5) shows that general models frequently
achieve stronger average performance across di-
alects, a likely consequence of larger and more
diverse pretraining. The MIX model commonly
surpasses the Multi-DA model, suggesting that in-
corporating MSA and Classical Arabic alongside
dialectal text improves the encoding of morpholog-
ical and syntactic regularities. Nonetheless, there
are notable exceptions: DziriBERT and EgyBERT
often outperform general models on their native
dialects. For SA, multiple DA models (with the
exception of some AraRoBERTa variants) outper-
form general models, while the MIX model retains
advantages on NER and POS tasks, where train-
ing on MSA text gives an advantage. We see that
for most high resource dialects (Egyptian, Saudi
Arabia), DA models usually outperform general
dialect models. Whereas for low resource dialects
(Lebanese, Jordan), general dialect models outper-
form native dialectal models. This observation is
consistent with recent research on curse of mul-
tiliguality (Chang et al., 2024; Wu and Dredze,
2020), where multi-dialect pretraining benefits low
resource dialects, but negatively affects high re-
source dialect performance.

7 Conclusion

In this work, we study how Arabic language mod-
els (LMs) capture cross-lingual transfer among
dialects and their relationship to Modern Stan-
dard Arabic (MSA), combining functional evi-
dence from probing classifiers (POS, NER, SA)
and structural evidence from representation simi-
larity (CKA), and linking both to geographic prox-
imity. Our analysis covered MSA, MIX, and Multi-
DA encoders alongside mono-dialectal DA models.
We find consistent signals of a dialectal continuum:
models associated with geographically closer vari-
eties tend to align more closely with MSA in both
probing and CKA, but this effect strongly depends
on the amount of pretraining data. Interestingly,
even among dialects of the same language we find
evidence for negative interference, where Multi-
DA models underperform mono-dialectal models
of high resource dialects. Our findings question the
assumption of cross-lingual transfer from MSA to

its dialects, where transfer is feasible but dispro-
portionate across varieties. Furthermore, Multi-DA
models might benefit from dialect or dialect-region
specific parameters to avoid negative interference.

Limitations

Our work has the following limitations:
Dialectal dataset coverage: No publicly available
Gulf-dialect NER dataset exists to our knowledge;
we therefore leveraged MADAR and produced
proxy annotations using an existing NER model.
This introduces potential annotation noise and do-
main mismatch that may affect NER-related com-
parisons. Additionally, we rely on regional datasets
(e.g., Gulf, Maghrebi) that are further segmented
by country (e.g., Saudi, Moroccan) using automatic
dialect identification. However, dialect identifica-
tion is imperfect, and occasional false positives
may introduce noise into the country-level splits
and, consequently, into our downstream analyses.
Geographic proxy for MSA: Our choice of
Yemen as a geographic proxy for MSA is literature-
informed but not definitive. Results involving
distance-to-anchor should be interpreted as oper-
ational rather than canonical; alternative anchors
could yield different effect sizes.
Model heterogeneity: The compared models dif-
fer in training size, vocabularies, and pretraining
hyperparameters. Such heterogeneity can confound
attribution of observed effects. A more controlled
comparison—equalizing corpus size, and training
settings—would yield more robust findings.
Pretraining data composition: The paper does
not focus the effect of the composition of pre-
training data of dialectal models. Some models,
such as DarijaBERT, were trained by filtering out
MSA data, where as SaudiBERT, DziriBERT, and
EgyBERT were trained on data collected based on
geolocation, which may include traces of MSA
data. The presence of noisy MSA data in dialectal
models may affect the model’s performance.
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dialects we used them for.
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Task Dataset Dataset Dialect Used for Dialect Total Samples Dialect Samples

POS

NArabizi (Seddah et al., 2020) Algeria Algeria 1279 731
QCRI Arabic POS Dialect (Darwish et al., 2018) Egypt, Levant, Gulf, Maghreb Egypt, Morocco 350, 350, 350, 350 338, 145
Shami (Abu Kwaik et al., 2018) Levant Lebanon, Jordan 1069 240, 159
CAMeL Treebank (Habash et al., 2022) MSA and CA MSA 5755 (MSA Variant, 21st Centuary) 2399
GUMAR (Khalifa et al., 2016) Gulf Saudi, Oman 15205 1774, 1633

NER

CLEANANERcorp (AlDuwais et al., 2024) MSA MSA 4899 3050
ACDNER (Elkhbir et al., 2023) Egypt, Morocco, Syria Egypt 353, 378, 361 210
DzNER (Dahou and Cheragui, 2023) Algeria Algeria 5859 1153
DarNERcorp (Moussa and Mourhir, 2023) Morocco Morocco 2511 2177
Wojood (Jarrar et al., 2022) MSA, Lebanon, Jordan Lebanon, Jordan 24643, 383, 4705 190, 570
MADAR (Tagged) (Bouamor et al., 2018) Multi-Dialect, MSA Saudi, Oman 2000 each 2000, 2000

SA

DZYT (Benmounah et al., 2023) Algeria Algeria 49942 7828
AET (Kora and Mohammed, 2019) Egypt Egypt 39993 24546
JHSC (Ahmad et al., 2024) Jordan Jordan 276003 30603
L-HSAB (Mulki et al., 2019) Lebanon Lebanon 5377 1142
LABR (Aly and Atiya, 2013) MSA MSA 63257 21696
MYC (Jbel et al., 2024) Morocco Morocco 19455 6306
MARSA (Alowisheq et al., 2021) Gulf Saudi, Oman 68128 10146, 2906

Table 2: Overview of Probing Datasets
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Abstract
Recent progress in Automatic Speech Recog-
nition (ASR) has primarily benefited high-
resource standard languages, while dialec-
tal speech remains challenging and underex-
plored. We present an expanded benchmark
for low-resource Modern Greek dialects, cov-
ering Aperathiot, Cretan, Lesbian, and Cap-
padocian, spanning southern, northern, and
contact-influenced varieties with varying de-
grees of divergence from Standard Modern
Greek. The benchmark provides dialectal tran-
scriptions in the Greek alphabet, following
SMG-based orthographic conventions, while
preserving dialectal lexical and morphophono-
logical forms. Using this benchmark, we eval-
uate state-of-the-art multilingual ASR models
in a zero-shot setting and by further fine-tuning
per dialect. Zero-shot results reveal a clear per-
formance gradient with dialectal distance from
Standard Modern Greek, with best WERs
ranging from about 60-70% for southern di-
alects to over 80% for Lesbian and nearly 97%
for Cappadocian. Fine-tuning substantially re-
duces error rates (up to 47% relative WER im-
provement), with Cappadocian remaining the
most challenging variety (best WER 68.17%).
Overall, our results highlight persistent limita-
tions of current pretrained ASR models under
dialectal variation and the need for dedicated
benchmarks and adaptation strategies.

1 Introduction

Recent advances in Automatic Speech Recogni-
tion (ASR), driven by end-to-end architectures
and large-scale pretraining, have led to sub-
stantial improvements in performance for high-
resource languages and standard language vari-
eties (Babu et al., 2021; Radford et al., 2022;
Omnilingual ASR Team et al., 2025). However,
these improvements do not readily extend to di-
alectal (e.g., Torgbi et al., 2025) and other non-
standard forms of speech (e.g., Koenecke et al.,

*Equal contribution.

2020), where recognition accuracy degrades sig-
nificantly. Dialectal variation poses challenges
at multiple linguistic levels, including phonol-
ogy, lexicon, morphology, syntax, and orthogra-
phy, while the scarcity of annotated resources fur-
ther limits the effectiveness of contemporary ASR
models (Blaschke et al., 2025). As a result, speak-
ers of regional and underrepresented varieties are
still granted limited access to reliable speech tech-
nologies.

Large multilingual and self-supervised ASR
models such as Whisper (Radford et al., 2022),
XLS-R (Babu et al., 2021), and Omnilingual ASR
(Omnilingual ASR Team et al., 2025) have be-
come standard baselines for low-resource and
cross-dialectal scenarios. Nevertheless, recent
benchmarking efforts consistently show that even
state-of-the-art models underperform on dialectal
and accented speech compared to standard vari-
eties, and typically require adaptation to achieve
acceptable accuracy (Shi et al., 2024; Chen et al.,
2025). Systematic evaluation across dialects is
therefore essential to understand model behavior
and remaining limitations.

Greek presents a particularly challenging test
case due to its rich dialectal diversity (Kontosopou-
los, 2008). Standard Modern Greek (SMG)
co-exists with numerous regional and contact-
influenced varieties that differ substantially in
their linguistic properties, many of which are low-
resource or endangered. While recent work has in-
troduced an initial benchmark for Greek dialectal
ASR (Vakirtzian et al., 2024), coverage remains
limited, especially for varieties shaped by exten-
sive language contact.

Building on this line of research, we present
an expanded benchmark for ASR on low-resource
Modern Greek (MG) dialects, incorporating four
distinct varieties: Aperathiot, Cappadocian, Cre-
tan, and Lesbian. Using this benchmark, we eval-
uate state-of-the-art ASR models from the Whis-
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per and XLS-R families under zero-shot and fine-
tuned conditions, and additionally assess Omnilin-
gual ASR in a zero-shot setting.

Our contributions are threefold: (i) an expanded
ASR benchmark covering previously unevaluated
Greek dialects from both northern and southern
groups, including the critically endangered Cap-
padocian; (ii) a systematic evaluation of multi-
lingual ASR models with and without dialect-
specific adaptation; and (iii) an empirical analy-
sis demonstrating a strong relationship between di-
alectal distance and ASR performance, with word
error rates ranging from approximately 60% for
southern varieties to over 95% for structurally di-
vergent and contact-influenced dialects.

2 Related Work

ASR for dialectal and non-standard speech re-
mains a persistent challenge across many lan-
guages. A broad body of work shows that mod-
els trained primarily on standard or high-resource
varieties degrade substantially when applied to
regional dialects, even when those dialects are
closely related. This pattern has been docu-
mented across typologically and sociolinguisti-
cally diverse settings, including Catalan (Hopton
and Chodroff, 2025), Arabic (Khalafallah et al.,
2024; Nasr et al., 2023), Japanese (Imaizumi et al.,
2020; Toyama et al., 2024; Takahashi et al., 2024),
German and Swiss German (Blaschke et al., 2025;
Sicard et al., 2023), Scottish English (Torgbi et al.,
2025), Telugu and other Indian languages (Aditya
Yadavalli and Ganesh Mirishkar and Anil Kumar
Vuppala, 2022; Bhardwaj et al., 2021; Alumäe
et al., 2023), Tibetan (Qin et al., 2022), Pomak
(Tsoukala et al., 2023), and numerous African lan-
guages surveyed by Imam et al. (2025).

Recent benchmarking efforts further confirm
that dialectal and accented speech remains dif-
ficult even for state-of-the-art multilingual mod-
els. The ML-SUPERB 2.0 benchmark and chal-
lenge (Chen et al., 2025; Shi et al., 2024) has
evaluated ASR and language identification across
more than 200 languages, accents, and dialects,
revealing substantial performance disparities and
consistent degradation with non-standard varieties.
More recently, Omnilingual ASR (Omnilingual
ASR Team et al., 2025) has expanded multilin-
gual coverage to over 1,600 languages, highlight-
ing the growing emphasis on scale, although its
robustness to dialectal variation within individual

languages remains largely unexplored.
A complementary line of work addresses these

issues through dialect-specific data creation and
modeling. New corpora and evaluation resources
have been introduced for Arabic dialects (Kha-
lafallah et al., 2024; Nasr et al., 2023), Punjabi and
Telugu (Bhardwaj et al., 2021; Aditya Yadavalli
and Ganesh Mirishkar and Anil Kumar Vuppala,
2022), German dialects (Blaschke et al., 2025),
and low-resource varieties such as Tibetan and Po-
mak (Qin et al., 2022; Tsoukala et al., 2023), high-
lighting the central role of dedicated datasets in
dialectal ASR research.

More recent work has focused on adapting end-
to-end and self-supervised ASR models to dialec-
tal speech. Increased dialectal diversity during
fine-tuning has been shown to improve robust-
ness for Catalan (Hopton and Chodroff, 2025),
while dialect-aware modeling and adaptation of
large pretrained models have returned consistent
gains for Japanese (Imaizumi et al., 2020; Toyama
et al., 2024; Takahashi et al., 2024), Swiss German
(Sicard et al., 2023), Scottish accents (Torgbi et al.,
2025), and dialect-rich Indian languages (Alumäe
et al., 2023). Nonetheless, performance remains
sensitive to the specific variety, data availability,
and evaluation choices.

Despite this growing body of work across di-
verse language families, MG remains underrep-
resented. Existing ASR research has largely fo-
cused on SMG, with limited attention to dialec-
tal variation. While domain-specific adaptation
has been explored, for example in medical dicta-
tion (Georgilas and Stafylakis, 2025), systematic
evaluation across MG dialects remains largely un-
explored. To date, the benchmark introduced by
Vakirtzian et al. (2024), covering Aivaliot, Eastern
Cretan, Griko, and Messenian, constitutes the only
dedicated effort in this direction.

We extend this line of work by introducing
four additional varieties, including Cappadocian,
a typological outlier shaped by extensive contact
with Turkish, and providing systematic evaluation
across a broader range of ASR models.

3 Dialectal Scope of the Study

This study examines four MG varieties:
Aperathiot (spoken on the island of Naxos),
Cappadocian, Cretan, and Lesbian. According
to Trudgill (2003, 59–60), Aperathiot, as part
of the Naxos varieties, belongs to the Northern
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Figure 1: Geographic distribution of the Greek dialects
examined in this study; squares indicate data collection
sites.

Cyclades group, Cretan to the southern group,
and Lesbian to the northern group of MG dialects.
Cappadocian falls outside this classification
due to its development in isolation and under
strong Turkish influence (Karatsareas, 2011,
45). Together with SMG, these varieties form a
heterogeneous dialectal landscape (Figure 1) well
suited for evaluating ASR under conditions of
dialectal variation.

Aperathiot (Glottocode: cycl1238) is spoken
primarily in Apeiranthos, a mountainous village in
central Naxos. Linguistically, it forms a distinct di-
alectal enclave, differing markedly from other vari-
eties of Naxos across all linguistic levels (Oikono-
midis, 1952, 216, 272–273). Its origins have been
linked to historical Cretan settlement, based on lin-
guistic and cultural parallels, though this remains
debated (Xefteri, 2009). Increased mobility and
tourism in recent decades have reduced intergen-
erational transmission, heightening the urgency of
documentation and technological support.

Cappadocian (ISO 639-3: cpg; Glottocode:
capp1239) refers to a group of MG dialects histor-
ically spoken in Cappadocia (present-day Turkey).
Prolonged contact with Turkish, combined with
long-term isolation from other Greek varieties,
triggered extensive structural innovation, making
Cappadocian a typological outlier within MG. Be-
yond pervasive lexical borrowing, Turkish influ-
ence is reported in morphosyntax and clause struc-
ture, including nominal and verbal morphology,
argument marking, and constituent order. These
innovations are widely discussed in the contact-
linguistic literature (see Dawkins, 1916; Karatsar-
eas, 2011; Thomason and Kaufman, 1988, 93–94,
215–222 for discussion and examples). Following
the population exchange of the early 1920s, speak-

ers were resettled in Greece and rapidly shifted
toward SMG. Although long considered extinct,
native speakers were identified in the mid-2000s
through fieldwork by Janse and Papazachariou.
Today, only one variety survives, Mišiotika, which
is generally regarded as being heavily influenced
by Turkish (Dawkins, 1916, 209; Bompolas, 2023,
165–170). Mišiotika also exhibits phonological
features resembling northern vocalism, discussed
below in relation to Lesbian. However, these
features are assumed to have developed indepen-
dently and do not place Cappadocian within the
traditional northern-southern division of MG di-
alects (Dawkins, 1916, 192–193). Mišiotika is
spoken by only a few hundred, mostly elderly
speakers and is classified as critically endangered
(UNESCO, 2010).

Cretan (Glottocode: cret1244) is spoken across
Crete and in diaspora communities. Its devel-
opment reflects long-term geographic isolation
and successive periods of foreign rule, including
Arab, Venetian, and Ottoman domination (Panga-
los, 1955; Kontosopoulos, 2008, 28–41). Cretan
is traditionally divided into Eastern and Western
subvarieties, with a boundary that roughly coin-
cides with the administrative division between the
prefectures of Rethymno and Heraklion (Panga-
los, 1955, 143–151). The Eastern variety is gen-
erally described as more homogeneous, whereas
the Western variety exhibits greater internal diver-
sity (Kontosopoulos, 2008, 36). Unlike most MG
dialects, Cretan remains robust and widely used.
Our benchmark includes data from both subvari-
eties, extending previous resources that focused
exclusively on Eastern Cretan (Vakirtzian et al.,
2024).

Lesbian is the only northern MG dialect exam-
ined in this study (Glottocode: nort2600). It
is characterized by the so-called northern vocal-
ism, including vowel raising and deletion: un-
stressed mid vowels /e/ and /o/ are raised to [i]
and [u], respectively, while unstressed high vow-
els /i/ and /u/ are deleted. These features clearly
distinguish Lesbian from southern dialects, in-
cluding SMG (Chatzidakis, 1905). The dialect
has been shaped by prolonged contact with Italo-
Romance and Turkish, primarily affecting the lex-
icon and morphology (Ralli, 2015, 2019a,b; Alex-
elli, 2021). Population movements between Les-
bos and nearby Asia Minor (e.g., Ayvalik and
Moschonisia), followed by refugee resettlement
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after 1922, have contributed to notable intra-
dialectal variation. Unlike many MG dialects, Les-
bian remains vital and continues to function as the
primary means of everyday communication on the
island.

4 Datasets

Our benchmark consists of naturalistic speech
datasets (narratives, conversations, and everyday-
life stories) recorded from speakers of each variety,
with transcriptions manually verified by trained
linguists. Corpus statistics are reported in Table 1.

Aperathiot The Aperathiot dataset was col-
lected in 2025 in the village of Apeiranthos
and consists of narratives, conversations, and
everyday-life stories from four native speakers (1
male, 3 female), ranging from middle-aged to el-
derly. Initial transcriptions were generated using
Whisper Large-v3 and subsequently manually cor-
rected by a trained linguist who is also a native
speaker of the dialect.

Cappadocian The Cappadocian dataset consists
of conversations, narratives, and everyday life sto-
ries recorded during fieldwork conducted in 2011
by twelve native or heritage speakers (8 male,
4 female) of Mišiotika in a village in Northern
Greece. Speakers’ ages range from 19 to 94 years;
the group includes both individuals born in Misti
(Cappadocia) prior to the population exchange
and later-generation speakers born and raised in
Greece. The village where the recordings were
collected is marked with a square on the map in
Figure 1. The audio recordings were manually
segmented into utterances and transcribed by two
trained native speakers; in addition, parallel trans-
lations into SMG were provided as an auxiliary re-
source (and are not used as the reference transcrip-
tion in our ASR evaluation).

Cretan The Cretan dataset combines previously
published material with newly collected record-
ings. The previously published material con-
sists of approximately two hours of already-
processed transcribed radio broadcasts represent-
ing the Eastern Cretan variety, originally pub-
lished by Vakirtzian et al. (2024)1 and recorded
between 1998 and 2001 by Radio Mires in the
Messara region of Heraklion. To extend dialectal
coverage beyond the Eastern variety, we collected

1huggingface.co/datasets/ilsp/cretan-speech-corpus

Audio Duration
Corpus Tokens Utterances Original Processed

Aperathiot2 8,830 798 1h 24m 17s 1h 3m 27s
Cappadocian3 11,715 2,357 3h 29m 42s 1h 17m 5s
Cretan4 36,594 6,897 4h 59m 47s5 3h 56m 54s
Lesbian6 11,652 2,294 2h 29m 14s 1h 6m 12s

Total 68,791 12,346 12h 23m 0s 7h 23m 38s

Table 1: Summary Statistics of the Speech Corpora.

additional recordings in 2025 from two elderly
native speakers (1 male, 1 female) from Western
Crete, consisting of natural conversations and nar-
ratives. The villages where the new Western Cre-
tan data were recorded are marked with squares
on the map in Figure 1. The transcriptions of the
new data were generated using Whisper Large-v3
and manually corrected by trained native-speaker
linguists. All transcriptions follow the orthogra-
phy of SMG and adhere closely to the conven-
tions used by Vakirtzian et al. (2024) in the Eastern
Crete corpus to ensure comparability of subsets.

Lesbian The Lesbian dataset was collected
through fieldwork conducted in 2023–2024
and consists of narratives, conversations, and
everyday-life stories from eleven native speakers
(5 male, 6 female) originating from eight vil-
lages in northern Lesbos. Initial audio-aligned
transcriptions were generated using Whisper
Large-v3 and subsequently manually corrected
by a trained linguist who is also a native speaker
of the dialect. Transcription follows the bench-
mark policy described below (Section 4.1):
dialectal forms are rendered in the Greek al-
phabet using SMG-based grapheme–phoneme
correspondences, with systematic adaptations to
capture characteristic phonological patterns of
northern vocalism. Specifically, the raising of
/o/ (orthographic o, ω) is transcribed as oυ, and
the raising of /e/ (orthographic αι, ϵ) as ι. The
deletion of unstressed high vowels /u/ and /i/
(corresponding to the relevant Greek orthographic
representations) is marked by an apostrophe only
in word-final position; word-internal deletions are
not represented, in order to preserve compatibility
with standard orthographic conventions.

2huggingface.co/datasets/ilsp/aperathiot-speech-corpus
3huggingface.co/datasets/ilsp/cappadocian-speech-

corpus
4huggingface.co/datasets/ilsp/cretan-extended-speech-

corpus
5For Cretan, "Original" reflects the Eastern corpus as pub-

lished plus unprocessed Western recordings.
6huggingface.co/datasets/ilsp/lesbian-speech-corpus
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4.1 Transcription Policy and Benchmark
Scope

The benchmark provides dialectal transcriptions
(e.g., Kuparinen, 2025), not dialect-to-standard
renderings (e.g., Blaschke et al., 2025; Ducceschi
and Franzini, 2025; see also Dimakis et al., 2025
on dialect normalization for Greek in NLP). All
varieties are transcribed using the 24-letter Greek
alphabet and an orthography anchored in SMG
grapheme-phoneme correspondences; i.e., we em-
ploy SMG-based spelling conventions as an ortho-
graphic substrate while preserving dialectal lexi-
cal and morphophonological forms. This choice
is motivated by the fact that the dialects cov-
ered here do not have a widely adopted stan-
dardized orthography; therefore, we follow an ad-
hoc pronunciation-oriented spelling practice that
is common in modern dialectal texts for these va-
rieties, aiming for consistency across corpora and
readability for Greek-literate users. Importantly,
we do not provide a parallel normalized to SMG
reference transcription; accordingly, the bench-
mark is intended for dialectal ASR (recovering the
dialectal wording in SMG-based Greek orthogra-
phy), rather than dialect-to-standard ASR/speech-
to-standard translation.

4.2 Data Anonymization

All speech data were anonymized prior to release,
at both the audio and transcription levels. For
Aperathiot and Cretan, identifying information
was removed by muting audio segments and delet-
ing aligned transcriptions, while for Cappadocian
and Lesbian, sensitive segments were excluded
during transcription. This process was performed
manually by trained linguists to ensure speaker pri-
vacy while preserving linguistic integrity.

5 Experiments

5.1 Models

To assess the robustness of current ASR systems to
dialectal variation in MG, we evaluate a range of
widely used multilingual speech recognition mod-
els under both inference-only and fine-tuned set-
tings. Our benchmark focuses on models from the
Whisper (Radford et al., 2022) and XLS-R (Babu
et al., 2021) families, as well as Omnilingual ASR
(Omnilingual ASR Team et al., 2025), all of which
have emerged as standard reference points for low-
resource and cross-dialectal ASR.

Inference-only evaluation All dialects are eval-
uated under zero-shot (inference-only) conditions
using pretrained models without dialect-specific
adaptation. We report results for representative
models from the Whisper and XLS-R families,
as well as Omnilingual ASR, enabling compar-
ison across architectures, model sizes, and lev-
els of language-specific adaptation. Specifically,
we evaluate Whisper Large-v3, Whisper Large-v2,
Whisper-medium, XLS-R-53-greek, XLS-R-300-
greek, and Omnilingual ASR.

XLS-R is a multilingual speech encoder trained
on approximately 56k hours of audio from 53 lan-
guages. In our experiments, we use Greek-adapted
XLS-R variants, which provide stronger baselines
for MG and closely related varieties than the origi-
nal multilingual checkpoints. Whisper, in contrast,
is a large-scale multilingual sequence-to-sequence
model trained on substantially larger and more het-
erogeneous data: Whisper Large-v2 was trained
on roughly 680k hours of weakly supervised au-
dio, while the most recent Large-v3 extends train-
ing to approximately 1 million hours of weakly la-
beled audio and an additional 4 million hours of
pseudo-labeled data generated using Large-v2. Fi-
nally, Omnilingual ASR is a large-scale multilin-
gual model supporting over 1,600 languages and
is evaluated exclusively under inference-only con-
ditions.

Fine-tuning In addition to inference-only evalu-
ation, we examine the impact of dialect-specific
adaptation by fine-tuning XLS-R-53-greek and
Whisper-medium for 35 epochs. Fine-tuning is
performed separately for each dialect included in
the benchmark.

Larger Whisper variants (Large-v2 and Large-
v3) were not fine-tuned due to their high com-
putational cost and the increased risk of overfit-
ting given the limited amount of available dialec-
tal data. Omnilingual ASR was likewise evaluated
only in a zero-shot setting, as its scale and training
setup make dialect-specific fine-tuning impractical
in low-resource scenarios. Similarly, XLS-R-300-
greek was not fine-tuned, since preliminary experi-
ments showed no clear gains over the smaller XLS-
R-53-greek variant under low-resource conditions.

5.2 Preprocessing

All datasets were processed using a unified prepro-
cessing pipeline to ensure consistency across di-
alects. All preprocessing, fine-tuning, and evalu-
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ation scripts are available at https://github.com/
athena-ilsp/greek-dialects-asr. Audio record-
ings were converted to mono WAV files at a sam-
pling rate of 16 kHz. Text normalization consisted
of lowercasing the text and removing punctuation.

5.3 Segmentation
ASR models require relatively short audio seg-
ments for both training and evaluation. All record-
ings were therefore segmented into utterances
with a maximum duration of 30 seconds. For Cap-
padocian, where time-aligned transcriptions were
already available, segmentation was performed au-
tomatically using the existing annotations.

For the remaining dialects, which include
newly collected material, audio recordings were
first transcribed using Whisper, and the result-
ing timestamp information was converted into
Praat TextGrid files (Boersma and Weenink, 2001).
Next, these files were manually reviewed and cor-
rected by trained native-speaker linguists, who re-
fined both segment boundaries and transcriptions.
Non-speech material, such as long pauses, untran-
scribed portions, and, where applicable, the utter-
ances of the fieldworker, was removed. As a result,
the effective audio duration was reduced for some
datasets, as reflected in Table 1.

5.4 Dataset Construction
Following segmentation, a separate dataset was
constructed for each dialect using the resulting
audio–text pairs. Utterances exceeding 30 sec-
onds were excluded. The material was then split
into training, development, and test sets using an
80/10/10 split to enable supervised adaptation and
evaluation.

5.5 Fine-tuning
Fine-tuning experiments were carried out us-
ing XLS-R-53-greek and Whisper-medium with
model selection based on validation WER (best
checkpoint loaded at the end of training). XLS-
R-53-greek was trained on an NVIDIA GeForce
RTX 3090 GPU for up to 35 epochs with early
stopping, using a learning rate of 3 × 10−4, batch
size of 8, and gradient accumulation of 2. Whisper-
medium was trained on an NVIDIA A100 with a
learning rate of 10−5 and the same batch config-
uration; training used step-based evaluation and
checkpointing every 1000 steps up to a maximum
of 10000 update steps. Parameter-efficient fine-
tuning methods (e.g., LoRA) are left for future

work and would enable extending fine-tuning to
larger checkpoints under the same compute bud-
get.

6 Results

This section reports the performance of the evalu-
ated ASR models on Greek dialectal speech. We
first present inference-only (zero-shot) results ob-
tained with pretrained models, followed by results
after dialect-specific fine-tuning. Performance is
measured using Word Error Rate (WER) and Char-
acter Error Rate (CER), computed on normalized
text without punctuation.

6.1 Inference-only Evaluation

ASR performance under inference-only condi-
tions, measured by WER and CER, is reported
in the upper parts of Tables 2-5. Across dialects,
WER and CER exhibit distinct but complementary
patterns that reflect both the degree of dialectal di-
vergence from SMG and the ability of different
model architectures to capture subword structure
under mismatch.

For Aperathiot and Cretan, both southern di-
alects sharing core phonological and morphosyn-
tactic properties with SMG, error rates are con-
sistently lower than for the remaining varieties.
Whisper Large-v3 achieves the best zero-shot
performance in both cases (Aperathiot: WER
61.85%, CER 33.08%; Cretan: WER 70.24%,
CER 41.74%), indicating that large multilingual
sequence-to-sequence models are relatively robust
when dialectal variation remains close to the stan-
dard language.

The Omnilingual ASR model performs com-
petitively for Aperathiot, slightly outperforming
Whisper Large-v3 at both the word and character
level (WER 60.22%, CER 31.04%), but degrades
more substantially on Cretan (WER 86.31%, CER
49.45%). In contrast, the Greek-adapted XLS-
R models yield WERs exceeding 100% in both
dialects, despite somewhat lower CERs, suggest-
ing that while some subword patterns are cap-
tured, word-level reconstruction fails under zero-
shot conditions.

For Lesbian, the only northern dialect in
the benchmark, both WER and CER increase
markedly across all models. Whisper Large-
v3 again performs best (WER 80.87%, CER
57.70%), while Omnilingual ASR shows compa-
rable character-level accuracy (CER 56.07%) but
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Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 61.85% 33.08%
Large-v2 pretrained 69.68% 40.84%
Whisper-medium pretrained 70.32% 39.73%
XLS-R-53-greek pretrained 104.18% 91.89%
XLS-R-300-greek pretrained 101.08% 90.48%
Omnilingual ASR pretrained 60.22% 31.04%
XLS-R-53-greek7 epoch 34 45.64% 16.45%
Whisper-medium8 step 2000 37.41% 15.54%

Table 2: Aperathiot Model Performance Comparison.

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 96.65% 59.72%
Large-v2 pretrained 105.94% 70.41%
Whisper-medium pretrained 117.13% 91.25%
XLS-R-53-greek pretrained 109.4% 97.48%
XLS-R-300-greek pretrained 103.1% 94.03%
Omnilingual ASR pretrained 101.24% 59.72%
XLS-R-53-greek9 epoch 16 68.17% 30.66%
Whisper-medium10 step 4000 77.79% 47.80%

Table 3: Cappadocian Model Performance Compari-
son.

substantially higher WER (95.05%). The elevated
CER values across models indicate systematic dif-
ficulties in modeling vowel reduction and deletion
associated with northern vocalism, which affects
not only word segmentation but also character-
level alignment. The persistent gap between south-
ern and northern dialects thus emerges clearly in
both evaluation metrics.

Cappadocian represents the most challenging
case under inference-only evaluation. All pre-
trained models exhibit extremely high WERs, re-
flecting severe word-level mismatch. Whisper
Large-v3 attains the lowest WER (96.65%) and
a comparatively lower CER (59.72%), closely
matched at the character level by the Omnilin-
gual ASR (CER 59.72%) but with higher WER
(101.24%). Other Whisper variants and the
Greek-adapted XLS-R models perform progres-
sively worse, with CER values exceeding 70%
and in some cases approaching 95%. The diver-
gence between WER and CER for Cappadocian
is particularly informative: although most models
fail to recover correct word forms, lower CERs
for Whisper Large-v3 and Omnilingual ASR sug-

7huggingface.co/ilsp/xls-r-53-greek-aperathiot
8huggingface.co/ilsp/whisper-aperathiot-asr
9huggingface.co/ilsp/xls-r-53-greek-cappadocian

10huggingface.co/ilsp/whisper-cappadocian-asr
11huggingface.co/ilsp/xls-r-53-greek-cretan-extended
12huggingface.co/ilsp/whisper-cretan-extended-asr
13huggingface.co/ilsp/xls-r-53-greek-lesbian
14huggingface.co/ilsp/whisper-lesbian-asr

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 70.24% 41.74%
Large-v2 pretrained 78.90% 50.67%
Whisper-medium pretrained 81.69% 55.92%
XLS-R-53-greek pretrained 106.29% 94.81%
XLS-R-300-greek pretrained 102.55% 93.04%
Omnilingual ASR pretrained 86.31% 49.45%
XLS-R-53-greek11 epoch 6 55.04% 22.08%
Whisper-medium12 step 2000 37.02% 17.02%

Table 4: Cretan Model Performance Comparison.

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 80.87% 57.70%
Large-v2 pretrained 92.02% 57.70%
Whisper-medium pretrained 87.89% 60.86%
XLS-R-53-greek pretrained 107.96% 97.02%
XLS-R-300-greek pretrained 102.03% 93.6%
Omnilingual ASR pretrained 95.05% 56.07%
XLS-R-53-greek13 epoch 22 71.79% 32.97%
Whisper-medium14 step 4000 54.73% 26.70%

Table 5: Lesbian Model Performance Comparison.

gest partial preservation of phonotactic or sub-
word structure even under extreme mismatch. This
outcome is expected given that Cappadocian is
a typological outlier within the Greek dialectal
continuum: beyond prolonged contact with Turk-
ish, it has undergone extensive structural changes
across all linguistic levels, resulting in substan-
tial lexical, phonological, and morphosyntactic di-
vergence from the data used to pretrain current
ASR models.

Overall, inference-only results point to a strong
interaction between dialectal distance and error
type. Varieties closer to SMG yield lower WER
and CER, whereas increased phonological diver-
gence and contact-induced change lead to sharp
degradation, most visibly at the word level. At
the same time, systematic WER–CER gaps indi-
cate that some architectures preserve limited sub-
word structure even when word-level reconstruc-
tion fails. Interpretation of zero-shot scores must
also account for the benchmark target: our refer-
ences encode dialectal lexical and morphophono-
logical forms rendered in SMG-based orthogra-
phy (cf. Section 4.1), so performance reflects
not only acoustic mismatch but also lexical and
orthographic mismatch with decoders biased to-
ward standard-language distributions. Models ex-
posed predominantly to SMG text may therefore
normalize toward SMG-like outputs or fail to re-
produce dialect-specific spellings, inflating WER
under inference-only settings.

Taken together, these observations suggest that
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current pretrained ASR systems do not adequately
handle Greek dialectal speech—especially struc-
turally divergent varieties—without dialect-aware
adaptation, motivating the fine-tuning experiments
presented in the following section.

6.2 Fine-tuning
Dialect-specific fine-tuning leads to substantial
and consistent improvements across all varieties
(Tables 2-5, lower rows), confirming that even
limited amounts of dialectal data are sufficient to
markedly reduce both WER and CER.

For the southern dialects (i.e., Aperathiot and
Cretan), fine-tuning Whisper-medium yields the
strongest gains. In Aperathiot, WER is reduced
from 60.22% under the best inference-only setting
(Omnilingual ASR) to 37.41%, corresponding to
a 39% relative improvement, while CER drops
to 15.54%. Cretan shows the largest absolute
improvement: Whisper-medium achieves 37.02%
WER and 17.02% CER, representing a 47% rel-
ative WER reduction compared to the best zero-
shot model (Whisper Large-v3 at 70.24%). These
results indicate that dialects structurally close to
SMG benefit strongly from lightweight adaptation,
with fine-tuning substantially closing the gap be-
tween dialectal and standard speech recognition.

For Lesbian, fine-tuning also yields clear im-
provements, though performance remains lower
than for southern dialects. Whisper-medium re-
duces WER from 80.87% to 54.73% (32% relative
improvement) and CER from 57.70% to 26.70%.
The remaining gap reflects persistent phonological
divergence due to northern vocalism, which con-
tinues to challenge word-level recognition even af-
ter adaptation, despite substantial gains at the char-
acter level.

Cappadocian remains the most challenging vari-
ety after fine-tuning. The best-performing adapted
model is XLS-R-53-greek, achieving 68.17%
WER and 30.66% CER, corresponding to a 29%
relative WER reduction compared to the best zero-
shot result (Whisper Large-v3 at 96.65%). No-
tably, for Cappadocian, XLS-R-53-greek outper-
forms Whisper-medium after fine-tuning, revers-
ing the pattern observed in the other dialects. This
suggests that the wav2vec-style architecture may
be better suited to extreme out-of-distribution set-
tings when sufficient dialect-specific acoustic ev-
idence is provided, particularly at the subword
level, as reflected in the larger CER reductions.

Across all dialects, fine-tuning consistently nar-

rows the gap between WER and CER, indicat-
ing improved alignment between acoustic model-
ing and lexical prediction. However, the magni-
tude of improvement varies systematically with
dialectal distance: while adaptation largely miti-
gates mismatch for southern dialects, varieties in-
volving deep structural divergence and extensive
contact-induced change remain substantially more
difficult.

Overall, these results demonstrate that fine-
tuning is essential for robust ASR on Greek di-
alects, but also that model architecture and dialect
typology jointly shape the limits of adaptation un-
der low-resource conditions.

7 Discussion and Outlook

Across both inference-only and fine-tuned settings,
dialectal distance from SMG is a strong predictor
of ASR difficulty, with systematic differences be-
tween southern, northern, and contact-influenced
varieties. Southern dialects (Aperathiot, Cretan)
are consistently easier, while the northern Lesbian
and especially Cappadocian remain substantially
harder, even after adaptation.

A key result is the growing divergence between
WER and CER as dialectal distance increases. For
the southern dialects, both metrics are compara-
tively lower, suggesting that models recover not
only phonotactics but also a meaningful portion of
the word inventory. For Lesbian and Cappadocian,
WER rises sharply—often approaching or exceed-
ing 100% in zero-shot evaluation—while CER re-
mains noticeably lower. This is clearest in Cap-
padocian, where Whisper Large-v3 and Omnilin-
gual ASR both reach 59.72% CER but still exhibit
very high WER (96.65% and 101.24%), indicating
that subword structure is partially captured even
when word-level recognition breaks down under
severe lexical and structural mismatch.

Model comparisons further point to architec-
tural effects. Whisper Large-v3 is the strongest
zero-shot Whisper model across dialects, while
Omnilingual ASR generalizes unevenly: it slightly
outperforms Large-v3 on Aperathiot, but degrades
on Cretan, where Large-v3 is clearly better. In
contrast, both Greek-adapted XLS-R models per-
form poorly in zero-shot conditions across di-
alects, and scaling from XLS-R-53-greek to XLS-
R-300-greek yields no clear improvement, sug-
gesting that model scaling alone does not resolve
strong dialectal mismatch.
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Fine-tuning improves all varieties but with un-
even returns. Whisper-medium reaches ≈37%
WER on both Aperathiot and Cretan (about 40–
47% relative reduction), while Lesbian (54.73%)
and Cappadocian (68.17%) remain substantially
harder. Notably, Cappadocian is the only case
where fine-tuned XLS-R-53-greek outperforms
fine-tuned Whisper-medium, suggesting that CTC-
style adaptation may be more robust than seq2seq
decoding under extreme out-of-distribution con-
ditions (for similar results and discussion in
dialectal/low-resource settings, see Williams et al.,
2023; Adnan and Hassani, 2025; see also Barcov-
schi et al., 2023; Vásquez-Correa and Álvarez Mu-
niain, 2023). This suggests architectural differ-
ences in handling extreme out-of-distribution data,
a question worth exploring in future work.

Our findings align with prior Greek dialect ASR
benchmarking (Vakirtzian et al., 2024). Their zero-
shot Whisper Large-v3 result on Eastern Cretan
(58.42% WER; single speaker) is lower than ours
on combined Eastern–Western Cretan (70.24%),
plausibly reflecting greater internal variation in
Western Cretan (Kontosopoulos, 2008) without
changing the overall pattern. Similarly, our results
for the dialect of Lesbos match the high-error pro-
file reported for the closely related Aivaliot variety
(zero-shot WER > 100%), reinforcing that north-
ern vocalism and related SMG-mismatch phenom-
ena pose a systematic challenge for pretrained
ASR. Beyond ASR, similar distance-sensitive
transfer effects have been observed in morphosyn-
tactic parsing, with stronger transfer from SMG
to Cretan than to Lesbian (Bompolas et al., 2025;
Vakirtzian et al., 2025). Contact-driven divergence
remains the hardest case: Vakirtzian et al. (2024)
report WER > 100% for Griko (Italo-Romance
contact plus Latin orthography), while Cappado-
cian (contact with Turkish plus extensive struc-
tural change) is the most challenging variety in
our benchmark even after fine-tuning. Unlike
Aivaliot, where Turkish influence is largely lexi-
cal (Vakirtzian et al., 2024), Cappadocian shows
multi-level restructuring that amplifies lexical and
subword mismatch.

Overall, performance ranges from WERs near
37% for fine-tuned southern dialects to nearly
70% for Cappadocian, highlighting the need for
dialect-specific benchmarks and adaptation strate-
gies. For the most divergent varieties, where or-
thographic and lexical gaps persist, approaches
beyond straightforward fine-tuning (e.g., dialect-

aware pretraining or modeling) may be necessary,
particularly for endangered dialects where ASR
can support documentation and revitalization.

Limitations

As with most dialectal ASR studies, our results
are shaped by practical constraints related to data
availability, transcription conventions, and compu-
tational resources. The limitations outlined be-
low contextualize the reported WER and CER
scores and highlight directions in which future
work could improve reliability, comparability, and
linguistic interpretability.

Orthography and transcription variability.
None of the examined dialects has a fully stan-
dardized orthography, and transcriptions therefore
necessarily reflect local conventions and annota-
tor decisions. Although we aimed to keep tran-
scriptions as close as possible to SMG orthogra-
phy, including systematic choices for northern vo-
calism in Lesbian, residual inconsistencies remain
and may inflate both WER and CER, particularly
for varieties with larger lexical and phonological
gaps from SMG. This issue is especially salient
for Cappadocian, where extensive contact-induced
and internal restructuring places additional pres-
sure on spelling conventions, and where multi-
ple transcribers may adopt slightly different prac-
tices. Moreover, inter-annotator agreement was
not formally measured, which limits our ability to
quantify transcription consistency and disentangle
annotation-related variability from model-induced
errors.

Heterogeneous transcription pipelines. In ad-
dition to orthographic variability across dialects,
the benchmark currently includes subcollections
produced via different annotation workflows (e.g.,
direct manual transcription vs. manual correction
of ASR-bootstrapped drafts). Even when the same
transcription policy is targeted, workflow differ-
ences may yield subtle systematic effects (e.g.,
segmentation preferences or persistence of model-
like spellings). Users who wish to train on the
benchmark as a single pooled dataset should there-
fore treat transcription workflow as a potential con-
found and consider (i) training and evaluating per
dialect, (ii) adding workflow metadata as a con-
trol variable, and/or (iii) applying post-hoc nor-
malization of segmentation and tokenization con-
ventions. Extending the benchmark with parallel
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re-annotation under a single unified pipeline is an
important direction for future work.

Data size, speaker coverage, and domain differ-
ences. While the benchmark expands dialectal
coverage, the amount of processed audio remains
limited for some varieties (e.g., approximately one
hour for Aperathiot and Lesbian, and about 1h17m
for Cappadocian), and speaker diversity is uneven
across datasets. For instance, the Western Cretan
subset is based on recordings from a small num-
ber of speakers, whereas the Eastern Cretan data
originate from radio broadcasts. These factors
constrain the robustness of fine-tuning results and
may limit generalization to broader speaker pop-
ulations and communicative contexts within each
dialect.

Limited error diagnosis beyond aggregate met-
rics. Evaluation is based on aggregate WER and
CER computed over normalized text (lowercased,
punctuation removed). While this enables con-
sistent quantitative comparison, it does not re-
veal which specific dialectal phenomena, such
as phonological alternations, morphological varia-
tion, lexical borrowing, or word boundary effects,
contribute most to recognition errors. A more
detailed qualitative error analysis could provide
deeper insight into model behavior and better in-
form future adaptation strategies (see, for example,
Parsons et al., 2023; Blaschke et al., 2025).

Speaker overlap across splits. The training, de-
velopment, and test partitions are constructed at
the utterance level, which implies that the same
speakers appear in all splits. This split strategy is
common in low-resource ASR benchmarks, but it
can lead to optimistic scores because models may
partially leverage speaker-specific characteristics
observed during training. As a result, these results
primarily reflect within-speaker generalization un-
der dialectal mismatch; evaluating cross-speaker
robustness would require speaker-disjoint splits,
which we leave for future benchmark extensions
and ablation experiments.

Computational constraints. Computational re-
sources limited the range of adaptation strate-
gies explored. In particular, large models such
as Whisper Large-v2/Large-v3 and Omnilingual
ASR were evaluated only in zero-shot settings, and
fine-tuning was restricted to Whisper-medium and
XLS-R-53-greek. As a result, we did not investi-
gate more computationally demanding approaches

such as continued pretraining, larger-scale hyper-
parameter optimization, or dialect-aware model
variants, which may be necessary for highly diver-
gent varieties such as Cappadocian.

Ethical Considerations

All speech data used in this study were col-
lected with informed consent from participants
and anonymized prior to inclusion in the bench-
mark. Personal names and identifiable informa-
tion were removed at both the audio and transcrip-
tion levels through manual review by trained lin-
guists, and no sensitive personal data are released.
In the case of the Cappadocian recordings, which
were collected during earlier fieldwork, consent
for research use and subsequent reuse of the data
was obtained by the original fieldworker.

Several of the examined varieties are low-
resource or endangered (notably Cappadocian),
and the goal of this work is to support linguistic
documentation and technological inclusion rather
than deployment in real-world applications. The
reported ASR models exhibit high error rates for
several dialects, and their outputs should not be in-
terpreted as suitable for practical use or decision-
making involving speakers of these varieties.

Finally, dialectal ASR systems may reproduce
or amplify existing linguistic biases if deployed
without adequate adaptation and evaluation. We
therefore frame this benchmark as a research re-
source aimed at understanding model limitations
and guiding future work, rather than as an endorse-
ment of current systems for dialectal speech pro-
cessing.
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Abstract

Of the over 7,000 languages spoken in the
world, commercial language identification
(LID) systems only reliably identify a few
hundred in written form. Research-grade sys-
tems extend this coverage under certain cir-
cumstances, but for most languages coverage
remains patchy or nonexistent. This position
paper argues that this situation is largely self-
imposed. In particular, it arises from a persis-
tent framing of LID as decontextualized text
classification, which obscures the central role
of prior probability estimation and is reinforced
by institutional incentives that favor global,
fixed-prior models. We argue that improving
coverage for tail languages requires rethinking
LID as a routing problem and developing prin-
cipled ways to incorporate environmental cues
that make languages locally plausible.

1 Introduction

To use many Natural Language Processing (NLP)
systems, we must first specify the language. The
task of inferring this information is known as au-
tomatic language identification (LID). Following
substantial progress in the 1990s, McNamee (2005)
famously described LID for lengthy European-
language documents as “a solved problem suit-
able for undergraduate instruction.” Attention has
since shifted to closely-related varieties (Aepli
et al., 2023), rare languages (Caswell et al., 2020),
short texts (Murthy and Kumar, 2006), and code-
switching (Burchell et al., 2024).

Despite improvements on benchmarks, the prac-
tical reality for most languages has changed little
in the past 20 years. New models are occasion-
ally released for a region or family (e.g. Adebara
et al., 2022), and some attempt to reach “the next
1000 languages” (e.g. Brown, 2013; Kargaran et al.,
2023). Nonetheless, production-grade LID systems
at companies like Meta and Google still focus on
only a few hundred widely spoken languages.

This stagnation reflects two core issues. First,
in research settings, LID is typically framed as a
decontextualized inference task, in which systems
aim to map directly text to a label from a global
set. This encourages approaches that perform well
on benchmarks but fail when applied to real data.
Second, field-level incentive structures reward de-
veloping novel methods over revisiting basic tools.

We argue that recentering context will be cru-
cial for expanding the effective coverage of LID.
For “local languages” (see Bird, 2022) in particular,
success should be defined relative to local contexts
and resource constraints. This entails rethinking
the values that shape research in LID.

2 The Received Framing of LID

At its core, LID is intended to route content to
users who manage different languages. Due to dif-
ferences between the modalities of text, speech,
and sign, LID in each modality is generally ap-
proached separately, with text-based LID typically
viewed as the easiest (Jauhiainen et al., 2024). For
Rau (1974), the prototypical LID operator was a
data entry clerk filing documents in unfamiliar lan-
guages for human patrons. With the explosion of
born-digital content, the immediate recipient is now
often a computer program.1

2.1 Standard Approaches

LID is typically approached as a supervised clas-
sification problem (Jauhiainen et al., 2024). This
framing builds in two critical assumptions:

1. Labels represent a global hypothesis space.

2. Inference can be performed solely from text.

As in other classification tasks, there are two
main modeling approaches. Per-class approaches

1However, Rau’s vision still lives on in some institutions,
like libraries.
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such as Multinomial Naïve Bayes (e.g. Lui and
Baldwin, 2012) fit the data to each class indepen-
dently, and take the best fitting class as the label.2

In contrast, discriminative models like fastText
(Joulin et al., 2017; Grave et al., 2018) and CLD3
(Salcianu et al., 2023) learn decision boundaries
between all classes simultaneously.

Hierarchical architectures also garnered interest.
Many models, such as IndicLID (Madhani et al.,
2023), are region-specific and depend on external
software to ensure that they are used over the cor-
rect language set. Others, especially those based on
fastText such as OpenLID (Burchell et al., 2023)
and GlotLID (Kargaran et al., 2023), take a flat
approach and model a wide variety of languages
using one combined model. Yet others, such as
LIMIT (Agarwal et al., 2023), try to learn hierar-
chical classification schemas directly from model
errors.

2.2 Alternative Framings
The standard assumptions, and the modeling con-
straints that come with them, are not unreasonable
in many common scenarios. In particular, they pro-
duce strong results on well-written monolingual
documents in widely spoken languages (McNamee,
2005). However, their reliability deteriorates in sev-
eral scenarios. Caswell et al. (2020) and Kreutzer
et al. (2022) showed that the models that perform
the best on common benchmarks often struggle
when applied to noisy web data. Similarly, when
working with closely-related varieties, or very short
texts, it is often impossible to select just one cor-
rect label on the basis of input alone. The recent
Shared Task on Improving Language Identification
for Web Text at the 1st Workshop on Multilingual
Data Quality Signals confirmed these issues remain
relevant (Suarez et al., 2026).

In response to such issues, alternate framings
have been proposed. For example, Baimukan et al.
(2022) show that hierarchical labels are impor-
tant for fine-grained dialect classification. Bernier-
Colborne et al. (2023) and Keleg and Magdy (2023)
extend this insight, reconceptualizing the task of di-
alect identification as one of multi-label classifica-
tion. From a different angle, Dent et al. (2025) con-
tend that building web corpora for rare languages
is more of a mining task than strict classification.

Together, these reframings touch on a much
more general issue, but do not completely resolve

2Traditionally, this is called generative modeling, but as an
anonymous reviewer noted, the term has become ambiguous.

it. Namely, general-purpose LID models need a
label set fixed enough to allow training and flexible
enough to handle great variation in inference-time
granularity. In Section 3, we argue that the diver-
sity of inference-time conditions has often been
overlooked, leading to structural limitations with
significant practical and scientific costs.

3 Probability Problems

Both per-class and discriminative approaches to
LID ultimately estimate a conditional probability
distribution: given input features X , estimate the
probability P of each language ℓ, and choose the
most likely label. Bayesian framing reveal that
P (ℓ | X) actually depends on two terms, the prob-
ability of X given ℓ, and the prior probability of
ℓ itself. The decision rule can be written in the
familiar argmax form:

ℓ̂ = argmax
ℓ

P (X | ℓ)P (ℓ), (1)

or equivalently in log-space:

ℓ̂ = argmax
ℓ

[logP (X | ℓ) + logP (ℓ)] . (2)

This decomposition highlights a highly non-
trivial modeling problem. Namely, what does P (ℓ)
actually represent?

3.1 Global Frequency?
In the classic Bayesian formulation, the answer is
simple enough. P (ℓ) is the number of texts in a
given language over the number of examples in the
entire corpus. In principle, this should correspond
to a real difference in the frequency of languages,
rather than a sampling artifact. However, under
naïve frequency-based estimates, we immediately
face two related problems when dealing with mas-
sive class imbalances.

1. Rare classes become nearly undetectable.

2. Ignoring rare classes has minimal effect on
macro-performance.

To see this concretely, suppose we compare En-
glish (ℓ = en) with a rare language (ℓ = r). Let
the global priors be:

P (en) = 0.40, P (r) = 10−6.

Assume for illustration that the likelihoods of a
given text under the two languages are of compara-
ble magnitude—for example:
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P (X | en) = 10−4, P (X | r) = 10−2.

Even though the rare-language model assigns a
hundred times higher likelihood to the input text,
the posterior still overwhelmingly favors English:

P (X | en)P (en) = 10−4 · 0.40 = 4× 10−5,

P (X | r)P (r) = 10−2 · 10−6 = 10−8.

Thus,

4× 10−5 ≫ 10−8,

and the argmax will select English. The only way
the likelihood evidence can compensate for a prior
that is effectively zero is if the likelihood for more
common languages is also effectively zero (likely
due to a script mismatch). Because language r oc-
curs less than a thousandth of the time, getting it
completely wrong will barely show up as a round-
ing error in overall accuracy.

3.1.1 Attenuated Frequency?
Due to the extreme distribution of true frequen-
cies, one common mitigation strategy is to upsam-
ple rare classes and/or downsample common ones
(Burchell et al., 2023). This can help prevent a
low P (ℓ) from instantly overpowering the likeli-
hood evidence. However, even with this, there is
a double bind. On the one hand, the prior still fa-
vors classifying data without obvious hints under
a dominant class. On the other hand, the model
can rely on a few shallow features and thus lack
robustness when such features appear as noise in
real data. These two issues have led recent studies
to emphasize False Positive Rate (FPR) as a key
metric.

3.1.2 False Positives at Scale
To contextualize this issue, we revisit the example
of Caswell et al. (2020), who note that a LID clas-
sifier that upsamples r enough to achieve 99% pre-
cision and 99% recall on a balanced data, could be
expected to recover 9.9K out of 10K true positives.
However, if this is applied at web scale over 100B
documents with a 0.01% FPR, the resulting 10M
false positives would render the resulting corpus
unusable. Thus, adjusting training data ratios and

carefully choosing metrics can reduce the damage,
but they do not solve the underlying issue.

Naturally, one is tempted to ask where these false
positives come from. While the obvious answers of
high-resource and out-of-model cousins do indeed
play a role, Caswell et al. (2020) also document var-
ious forms of noise that are difficult to thoroughly
account for at training time. While a full review is
beyond the scope of this article, important classes
include emoji, misrendered PDFs, non-Unicode
fonts, chance n-gram overlaps between unrelated
languages, ‘A N T S P E A K’, and mixed-script
boilerplate. In response to this, they, as well as later
filtered crawls like Fineweb-2 (Penedo et al., 2025),
emphasize post-filtering for document-level consis-
tency and token-precision in minority languages.
Once again, this mitigates the fallout, but does not
solve the issue.

3.2 Local Priors?

Once we appreciate the magnitude of the problem
of false positives at scale, the central question is
no longer how well languages can be discriminated
in the abstract, but rather how to avoid suggesting
labels that are not even plausible candidates in a
given context. We must first remember that, even
for widely spoken languages, global frequency is
often irrelevant. For instance, English, Mandarin,
and Russian each account for a substantial share
of web text, but each is typically written in a dis-
tinct script. Observing the script instantly render
demographic dominance of the others nearly mean-
ingless, and Bayesian models like CLD2 often in-
corporate preliminary script classification for this
very reason.

In theory, similar effects should arise when in-
corporating metadata such as geography, social
networks, or user feedback. These contextual sig-
nals are useful in general, but crucial for assigning
usable prior probabilities to local languages, as
well as managing the sheer size of the label inven-
tory. In practice, however, converting context into
usable prior probabilities remains challenging. Al-
though some recent work has explored the utility
of geodata (Dunn and Edwards-Brown, 2024), cur-
rent benchmarks make it difficult to compare such
context-aware models. The challenge is not simply
that contextual information is missing; rather, the
logistical requirements are fundamentally incom-
patible with how multilingual datasets are generally
collected, labeled, and shared today.
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3.2.1 Where Do Languages Live?
Firstly, there is the question of whether tail lan-
guages are actually used enough that misclassifica-
tion is a practical, rather than theoretical, issue. Re-
cently, many languages that have traditionally been
considered “unwritten”, ranging from European va-
rieties like Luxembourgish (Wagner, 2013) to the
Zapotec languages of Mexico (Lillehaugen, 2019),
are increasingly written (and spoken) on social me-
dia platforms and messaging services. Over the last
few years, both and privacy regulation and contrac-
tual restrictions have curtailed research access, but
there is reason to believe this trend continues.

3.2.2 Dataset Difficulties
Given the limited availability of user data, pub-
lic LID datasets turn to sources that are easier to
work with, like Wikipedia, the Bible, or newswire.3

Here, providing metadata about sources, by saying
for example that the passage comes from a Saint
Lucian Bible, would often solve the task, so the
source is not given. Even the full, document-length
text would still be to easy, so the tendency is to sim-
ulate harder scenarios by decomposing data from
these sources into short, freestanding snippets, as
in FLORES-200 (NLLB_Team et al., 2022) and
GlotLID-C (Kargaran et al., 2023).

These practices can lead to a non-trivial circu-
larity problem. Creating reliable labels for lan-
guages beyond the top 100–200 demands annota-
tors with broad linguistic coverage, including fa-
miliarity with lesser-known scripts and regional
varieties, as exemplified by Kreutzer et al. (2022).
Even when such expertise can be assembled, anno-
tators typically lack access to contextual metadata
for the reasons we have just discussed. In practice,
this is mitigated by beginning with pre-compiled
corpora, which cover precisely the kinds of data for
which LID already works.

3.2.3 Model Expectations
Older per-class models like CLD2 allowed users to
provide hints like the expected language(s), URL
sources, top-level domain name, original encoding,
and embedded language tags. In contrast, newer
discriminative classifiers like fastText and CLD3
that are deeply embedded in industrial and aca-
demic preprocessing pipelines cannot easily take
local context into account. While it is possible to
restrict the output space of such models to a few

3Although even these are increasingly the subject of copy-
right challenges

candidate languages, this involves an opaque ma-
nipulation of the softmax layer that can lead to
unstable behavior.

3.2.4 Towards Context-Aware LID
In light of these operational difficulties, it is en-
tirely understandable that public benchmarks do
not focus on the relationship between the idealized
task and real-world deployments. However, this
encourages the development of models optimized
for an version of LID that simultaneously overes-
timates the difficulty posed by rare languages in
their local contexts and underestimates the impact
of noise at scale. This makes it difficult to justify
context-aware methods that target certain kinds of
confusion that mainly surface when raw data is
treated across diverse global sources. In Section 5,
we will argue that this technical misalignment is re-
inforced by powerful institutional incentives, which
further entrench the decontextualized framing of
LID. However, we first present two case studies in
Section 4 which help illustrate the problem.

4 Case Studies

As a brief demonstration, we briefly consider two
contact languages where the global prior probabil-
ity is effectively zero, resulting in exclusion from
all SOTA models. The first is Louisiana Creole
(LC), a critically endangered language used on-
line in the context of language revitalization. The
second is the now-extinct Lingua Franca, long sus-
pected to have influenced contact languages around
the world.

4.1 Language Revitalization
Following over a century of language shift to En-
glish, LC is spoken today by a few thousand people.
However, there is a revitalization movement with
a strong online presence on several social media
platforms, such as Facebook and Discord. In revi-
talization spaces, the main languages are LC and
English. Some groups tolerate discussion of poten-
tially relevant languages (Louisiana) French, Span-
ish, and other French-based Creoles, while others,
like the Louisiana Creole Virtual Classroom prefer
a strictly bilingual learning environment (Mayeux,
2024). In any case, P (LC) is much higher in dedi-
cated groups than its global rarity would suggest.

However, as the LID label set for existing models
is defined at training time, the modeling assump-
tion is that P (LC) = 0. When downstream ser-
vices like auto-translate are activated, the language
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Figure 1: Interfaces allow override, but not for LC.
(Google Translate)

is frequently misrecognized as French, which pre-
dictably leads to misunderstandings. Some plat-
forms now have options to rate translations, guide
the machine translation to a slightly closer target
(i.e. Haitian Creole) or disable auto-translation.
However, at the time of writing, there is no user-
facing option to identify a sentence as LC, reflect-
ing the absence of LC from the underlying LID
label set. As a result, users can mitigate down-
stream effects but cannot directly correct the initial
language identification.

To explore this issue, we present a sample from
Google Translate in Figure 1 that is functionally
similar to social media, but deliberately not taken
from a real group due to privacy considerations.
The input text is Mo sòr fé ègzemp-çila pou montré
kofè li marsh pa4. The language is misidentified as
Bambara and incorrectly translated as ‘I’m sure I
did example to show coffee li marsh pa’.

What is of interest here is not the mistransla-
tion, which is expected since the language is not
supported, but rather the LID interface. Previous
work by (Yang et al., 2025a) has taken the absence
of Native American languages as labels in Google
Translate (and similar industrial models) as an in-
dication that LID is a bottleneck. Yet, there is an
option for manual override. Crucially, this only
extends to fully supported languages like Haitian
Creole and French. Moreover, we are able to cre-
ate a shortlist of languages that have recently been
used, and are thus presumed to appear again. Al-
though the shortlist does not seem to bias the LID
classifier, this interface showcases that for com-
mon languages, manual override is accepted and
does not require a 7,000 language menu every time.
Once we observe this capacity for manual selection,
it becomes clearer that the question is not neces-
sarily whether languages can be recognized, but
rather whether recognition can be decoupled from
full support. We return to this issue in Sections 5.2
and 6.3.

4‘I just made this example to show why it does not work’

4.2 Retracing Language Contact

Whinnom (1956) once argued that the Mediteran-
nean Lingua Franca (LF) may have been an in-
spiration for contact varieties in Africa and Asia.
Although the general idea has been largely rejected
since the 1980s, Nolan (2023) claims LF may have
influenced the 19th-20th century French military
register known as Français Tirailleur (FT). How-
ever, it has been extremely difficult to validate even
this limited claim two main reasons. Firstly, LF
was a rarely-written low status contact language
based on — yet distinct from — prestige Romance
languages like Italian and Spanish. Secondly, it was
mostly used in North Africa and the Levant, where
local writing was typically in the Arabic script and
furthermore has not necessarily been digitized to
the same extent.

Overall, current LID systems are not optimized
for recovering historical contact varieties as hetero-
geneous as LF, and existing models do not attempt
to. Even if they did, the small extant corpus and
high lexical overlap with much better documented
Romance varieties as well as Romanized Arabic
would likely lead to confusion with these more
frequent categories.

However, we have found reports which show that
the French military served as a powerful vector for
the global transmission of LF, also known as Sabir,
following the French occupation of Algiers. In par-
ticular, the Relation historique de la campagne du
Sénégal (1861) : extrait du journal d’un capitaine
de tirailleurs algériens5 (Dubois, 1863) includes
several passages of dialogue in the contact variety
during an expedition in Senegal around the time
FT is thought to have developed. For example, Toi
courageux kif r’azaloun, toi parlar kif barougue,
toi tornar M’Boro, toi fasir meillour Lackmar.6 In
this excerpt alone, the pronouns toi ‘you’ is French,
the names of the animals are Arabic, the verbs are
Mediterranean Romance, and M’Boro is the name
of a town in Senegal.

In a decontextualized setting, this combination
would look like a code-switching nightmare. Yet,
in the context of the 19th French Armée d’Afrique
‘Army of [North] Africa’ , the main task is to dis-
tinguish LF from French and to a much lesser ex-
tent, Arabic. This is a much more tractable sub-

5Historical Relation of the Senegal Campaign (1861) : Ex-
tract from the Journal of a Captain of the Tirailleurs Algériens

6You who are courageous like a gazelle and speak like
a parrot, you go back to M’Boro, you will do better than
Lackmar.
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problem. In doing so, we identify a historically
plausible mechanism of transmission in the form
of Sabir-speaking Algerian troops transported to
West Africa and placed in daily contact with newly
conscripted Senegalese recruits. Although validat-
ing such historical connections is clearly feasible
with lightweight NLP methods, such questions re-
main relatively marginal for reasons we explore in
Section 5.

5 Why Is This Hard To Change?

Even if the limitations of decontextualized LID are
clear, several distinct incentive structures across
academia, industry, and public institutions prevent
these problems from being addressed in practice.

5.1 Academic Incentives

Within academic NLP, it is often assumed that
meaningful contributions should involve novel ar-
chitectures, training strategies, or datasets. Demon-
strating that a well-understood technique still
works is typically viewed as incremental rather
than interesting. As a result, researchers are struc-
turally disincentivized from relying on simple or
well-established methods. This pattern is reflected
in persistent under-citation of earlier foundational
work (Singh et al., 2023) and a broader tendency
to treat re-engineering as innovation, had been am-
plified by the rapid growth of the field and the
prestige hierarchy surrounding machine learning
conferences.

More specifically, Excitement has been explicitly
recognized as a key criterion for top-conference ac-
ceptance within the *ACL umbrella (Rogers et al.,
2023). This is well suited to promoting major
breakthroughs, but it also deprioritizes contribu-
tions that are merely Sound. Since LLMs are not
yet a practical or cost-effective substitute for (shal-
low) general LID systems, there is an increasing
gap between what the interests of the broader field
and what actually works for this particular task.

To be clear, this dynamic does not strictly pre-
vent work like van der Goot (2025) from being
published in main conferences. However, it does
tend to route LID papers toward Findings and es-
pecially specialized workshops. The issue is not
the quality of these venues, but their position in
the prestige hierarchy. Because such venues lack
the visibility and career incentives associated with
the main ACL-branded conferences, there is little
incentive for early-career researchers to specialize

in LID, as opposed to other, “more contemporary”
problems.

5.2 Commercial Incentives
Equally, if not more important, is the reward struc-
ture of private industry. Here, the primary issue
is not necessarily novelty or prestige. Rather, it is
that existing LID solutions work well enough for
commercially attractive languages, and improving
LID for tail languages does not clearly lead to a
viable revenue stream. Thus, even though there
have been efforts such as Caswell et al. (2020),
LID is not often treated as a pressing issue in its
own right, but rather as a routing component for
machine translation (e.g. NLLB_Team et al., 2022),
as explored in Section 4.

Furthermore, accurately identifying a language
implicitly commits a platform to a certain level of
support for that language. Once a system signals
that it can reliably recognize a language, users may
reasonably expect corresponding improvements in
areas such as content moderation, abuse detection,
policy enforcement, and ranking. However, fully
supporting even one additional language often re-
quires coordinated work across multiple teams such
as policy, annotation, trust and safety, and regional
compliance. This organizational effort can exceed
the technical effort by a significant margin.

From a business perspective, the combination of
increasing operational and compliance costs with
no clear additional revenue is particularly discour-
aging. This in turn casts a large shadow on the
data asymmetry problem, since, as noted in Sec-
tions 3.2.1 and 4.1, industry platforms often contain
precisely the high-quality, contextual data for rare
languages necessary to build and evaluate robust
LID systems.

5.3 (Absence of) Vertical Integration
In principle, progress in ASR, transcription, text
processing, and LID should be mutually reinforc-
ing. ASR systems require textual resources; text
collection is far more efficient when ASR exists;
and accurate LID is a prerequisite for building both.
This feedback loop operates naturally for many
large languages.

For local languages, however, the previously
named incentives lead to structural deadlock. Each
component waits for progress in the others, and
only the largest actors have incentive to coordi-
nate the pipeline. For example, some government
and national security agencies manage to overcome
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these issues and build vertically integrated systems,
they cannot release them. It is true that some com-
mercial endeavors like Omnilingual ASR team et al.
(2025) are starting to pay more attention to these
interdependencies, but they have yet extend them
to textual LID. Thus, even though public radio
archives and contemporary broadcasts in princi-
ple provide enough material to put many languages
into medium-resource territory (Doumbouya et al.,
2021; Havard et al., 2025), a lack of vertical integra-
tions renders many of these resources effectively
unusable for the moment.

6 What Can We Do?

In Section 3, we explored how using invariant pri-
ors poses special problems for languages that are
globally rare but locally common. In Section 4
we saw that such languages present particular chal-
lenges across social media and archives that are not
insurmountable at the local level. In Section 5, we
explored some institutional obstacles to incorporat-
ing contextual cues in LID models. Now, we pivot
from describing problems to outlining alternative
solutions for these interwoven issues.

6.1 Two Coherent Paths Forward

In introductory computer science, we are explicitly
taught to place correctness at the center of program
design. A large part of correctness concerns pre-
empting edge cases and testing them. In LID, we
recognize that most languages are edge cases, and
simply eliminate them the label space during train-
ing. This is often justified as a necessity caused
by data and/or model limitations. But is doing so
correct?

The answer depends on one’s conception of LID.
If one accepts, as we have observed, that LID typi-
cally functions to route content within a larger sys-
tem, then success consists of reliably moving con-
tent from Source A to Target B. This framing natu-
rally treats LID as an engineering problem where
solutions are evaluated relative to downstream re-
quirements. If, however, we wish to maintain that
LID remains a scientific problem, then it is impera-
tive that the determination of prior plausibility be
treated as problem in its own right.

To make the role of prior specification concrete,
we briefly sketch how local context can be incorpo-
rated into a standard per-class language identifica-
tion model without introducing new architectures
or training procedures. We define a local frame of

reference as any mechanism that restricts the hy-
pothesis space of candidate languages or modifies
their prior probabilities before observing the text
itself, based on external signals such as document
provenance, interface-level language settings, dis-
course continuity, previous inferences, or explicit
user hints. Within such a frame, language iden-
tification consists of selecting the most plausible
language relative to a locally valid prior distribu-
tion, rather than with respect to a single, globally
fixed prior over all languages.

Concretely, let us (re)consider the Naive Bayes
LID model represented in Section 3. Under a lo-
cal frame of reference, the global prior, which
implicitly encodes assumptions about worldwide
language frequency, is replaced by a context-
dependent distribution Plocal(ℓ), yielding

ℓ̂ = arg max
ℓ∈Llocal

[logP (X | ℓ) + logPlocal(ℓ)] .

In the simplest case, this local context can act
as a hard gate: languages deemed implausible in
the current setting are removed from the hypoth-
esis space, while remaining languages receive a
uniform local prior. More intricate formulations
allow for soft gating, in which locally plausible
languages are upweighted relative to a global prior,
while others retain a small but non-zero probability
mass. Importantly, both variants substitute local
priors for global ones at inference time, and do not
require retraining the underlying language models.
For coarse metadata on most languages, including
alternate names, LinguaMeta (Ritchie et al., 2024)
provides a usable starting point. More localized
data, such as placing Native Alaskan languages in
Alaska specifically, would likely help limit false
positives (cf. Yang et al., 2025b).

We recognize that discrimination between very
similar varieties remains challenging, and that
even creating likelihood models requires a certain
amount of data. This approach is fully compatible
with hierarchical and multi-label setups that lever-
age specific similarities and differences between
related languages for fine-grained classification.

6.2 Evaluation and Benchmarks
One implication of the fork outlined above is
that current evaluation practices conflate two dis-
tinct questions: whether a system can discriminate
among languages given a fixed hypothesis space,
and whether that hypothesis space is itself appro-
priate for a given use case. Under both paths, this
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conflation obscures the source of error and limits
meaningful comparison.

As mentioned in Section 6.1, if LID is treated
primarily as an engineering problem, then evalua-
tion should be aligned with deployment conditions.
Rather than optimizing for global accuracy over a
fixed label set, systems should be assessed relative
to the routing decisions they are intended to sup-
port, including downstream error tolerance, latency
constraints, and the availability of auxiliary signals.
In this setting, comparisons across platforms or do-
mains are not expected to be universal. Instead, suc-
cess is defined locally, in terms of whether content
is routed to an appropriate handler with acceptable
cost.

If, by contrast, LID is to remain a scientific task,
then evaluation must explicitly separate prior deter-
mination from text-based inference. Benchmarks
that present decontextualized text snippets implic-
itly encode an often arbitrary prior of convenience
over the label space based on the available data.
A scientifically meaningful alternative would re-
quire benchmarks in which non-linguistic signals
are exposed as inputs and evaluated in their own
right. This would allow models to be compared on
their ability to restrict the hypothesis space before
observing the text, as well as on their performance
once that restriction has been applied.

Crucially, such benchmarks need not rely on
sensitive or proprietary user data. As demon-
strated by deployed systems, coarse signals such
as interface-level language selection, document
provenance, discourse continuity, or deliberately
abstracted metadata can already produce substan-
tial reductions in uncertainty. Making these signals
explicit would not simplify the task; rather, it would
clarify which aspects of LID difficulty arise from
linguistic ambiguity and which arise from prior
misspecification.

Under either interpretation, the prevailing prac-
tice of evaluating LID systems solely on context-
free text classification conflates engineering con-
venience with scientific validity. The result is not
merely suboptimal performance for long-tail lan-
guages, but an evaluation procedure that is unable
to distinguish between failures of modeling and
failures of task definition.

6.3 Transparency and User Interaction
As observed in Section 5, institutions have various
commitments that can make it difficult or unnec-
essary to support every language uniformly. For

web platforms in particular, successful LID with-
out corresponding downstream support can lead
to complicated operational and organizational sit-
uations. However, in many spaces where tail lan-
guages are actually used, it can appear that LID is
inherently difficult, when in fact performance could
be meaningfully improved through local context
injection.

It is worth reiterating that the issue is not simply
reduced accuracy for these languages. Rather, they
are systematically eliminated from consideration al-
together, often through implicit prior assumptions.
This occurs despite the fact that mechanisms such
as manual override or constrained language selec-
tion (potentially combined with verification) are al-
ready accepted for widely supported languages. As
such, even when such compensatory mechanisms
are not implemented, making the exclusion of a
language explicit is important. Setting P (ℓ) = 0
everywhere is a strong modeling decision, and leav-
ing it implicit can lead to confusion when tested on
languages where identification is often trivial due
to script, such as Cherokee (Eggleston et al., 2025).

7 Conclusion

Despite the perception that language identification
is an easy task, the majority of the world’s lan-
guages are not still not consistently identified in
writing. Correctly identifying such languages is
a key step for reducing digital disparities across
speech communities. One of the root causes of this
gap is the difficulty of defining the local probability
of a language. To move forward, we must pay spe-
cial attention to the social contexts these languages
are used in, and reconsider institutional practices
that center novelty and modeling convenience.

Limitations

We recognize that empirical demonstrations may
have helped to make some of our arguments more
concrete. However, due to the very nature of SOTA
discriminative classifiers, directly exploring the ef-
fects of dynamic priors would have taken us beyond
the scope of this paper.

Ethical Considerations

Whether or not one agrees with our position, it
should be clear that there is a certain tension be-
tween accurate coverage of highly localized lan-
guage on one hand and privacy considerations on
the other. In this paper, we have argued that using
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metadata like especially community and discourse
structure is likely necessary to overcome techni-
cal obstacles to identifying languages that are not
covered by existing large-scale systems. This does
not imply that LID must be implemented even in
communities that express explicit concerns about
privacy and/or surveillance. However, in cases
where such considerations are a relevant factor,
they should be stated alongside other engineering
constraints.
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Abstract

Phonetic transcription is vital for speech pro-
cessing and linguistic documentation, partic-
ularly in languages like Tamil with complex
phonology and dialectal variation. Challenges
such as consonant gemination, retroflexion,
vowel length, and one-to-many grapheme-
phoneme mappings are compounded by lim-
ited data on Sri Lankan Tamil dialects. We
present a dialect-aware, rule-based transcrip-
tion tool for Tamil that supports Indian and
Jaffna Tamil, with extensions underway for
other dialects. Using a two-stage pipeline:
Tamil script to Latin, then to IPA with context-
sensitive rules, the tool handles dialect shifts.
A real-time interface enables dialect selection.
Evaluated on a 7,830-word corpus, it achieves
94.54% accuracy for Jaffna Tamil and is higher
than other tools like eSpeak NG, advancing lin-
guistic preservation and accessible speech tech-
nology for Tamil communities.

1 Introduction

Tamil is a classical South Dravidian language
(Steever, 2019) spoken by nearly 80 million peo-
ple across India, Sri Lanka, Malaysia, Singapore,
and all over the world. Tamil has a proven lit-
erary history that spans more than two millennia,
during which it passed through different phases
of evolution: Old Tamil, Middle Tamil, and Mod-
ern Tamil, resulting in a dichotomy between liter-
ary Tamil, adhered to codified grammar (Lehmann,
2019) and spoken Tamil, which can vary signifi-
cantly between regions and communities (Schiff-
man, 1998). This dialectal diversity, especially in
low-resource languages such as Sri Lankan Tamil,
presents significant challenges for linguistic docu-
mentation and computational modeling.
In the Tamil language, a single grapheme can

correspond to multiple phonemic realizations, de-
pending on its phonological context, morphologi-
cal environment, or dialectal variation. This phe-

nomenon is known as one-to-many grapheme-to-
phoneme (G2P) mapping.
Phonetic transcription, which provides a stan-

dardized representation of speech sounds, is fun-
damental in both linguistics and speech technol-
ogy. The International Phonetic Alphabet (IPA)
offers a cross-linguistic framework for transcrib-
ing phonemes (Association, 2015). However,
Tamil phonology, marked by vowel length dis-
tinctions, consonant gemination, retroflexion, and
context-sensitive plosive variation, demands tran-
scription models that are context-sensitive and
dialect-sensitive. These complexities are ampli-
fied in dialects like Sri Lankan Jaffna Tamil, which
preserve conservative features no longer promi-
nent in other Tamil dialects or varieties (Suseendi-
rarajah, 1993).
There were extensive research exists on dialect-

specific transcription in other languages such as
BanglaIPA (Hasan et al., 2026) models six re-
gional Bengali dialects using state-alignment algo-
rithms to handle phonetic variability and out-of-
vocabulary characters. TransDic (Garrido et al.,
2018) supports multiple dialects of Spanish and
Catalan by incorporating rules for primary and sec-
ondary phonetic phenomena, such as seseo and
yeísmo. Similarly, Arabic (Hawasly et al., 2025),
and American English (Károly, 2019) have been
modeled with dialect-sensitive G2P systems.
In contrast, existing tools, such as eSpeak NG

(Bernard and Titeux, 2021) Anunaadam (Virtu-
alvinodh, 2014), offer IPA transcription for Tamil
but lack support for dialectal nuances, a gap that
disproportionately affects speakers of marginal-
ized dialects. To address this gap, we present a
rule-based phonetic transcription tool for Tamil,
with particular emphasis on Sri Lankan Jaffna
Tamil—a dialect that remains largely excluded
from existing computational resources, despite be-
ing widely spoken not only in Sri Lanka but also
by diaspora communities worldwide over the past
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four decades.
Our key contributions include:

• Dialect-Specific Modeling: The first Tamil
phonetic transcription system designed by
considering dialectal variations, which cap-
tures key phonological features such as
retroflexion, intervocalic alternation, and
other allophones in vowels and consonants.
The Language Technology Group (LTG) web-
site 1 contains a dedicated “Projects” section
where the “Text to IPA transcription” tool and
the relevant code can be found.

• Linguistic Preservation: By formalizing
and digitizing features of a dialect, the tool
supports phonetic documentation and speech
technology development in low-resourced
Tamil communities.

• Scalability and Generalization: The mod-
ular rule-based architecture of the tool en-
ables adaptation to other low-resourced di-
alects of Tamil and similar phonetically rich
languages.

Currently, most of the existing speech processing
tools utilize ESpeak NG as the phonetic transcrip-
tion tool, which does not support Tamil dialec-
tal variations. By modeling Tamil’s phonological
complexity and linguistic diversity, the proposed
tool also contributes to inclusive NLP. It also sup-
ports applications in Text-to-Speech (TTS) andAu-
tomatic Speech Recognition (ASR).

2 Phonetics and Phonological Features of
Tamil

Tamil consists of a rich phonetic system character-
ized by a diverse set of vowels and consonants that
contribute to its unique sound structure. One of the
important features of the language is its clear dis-
tinction between short and long vowels, as well as
the phonemic role of consonant gemination (Kuno,
1958). The vowel inventory includes five basic
vowels (/i/, /e/, /a/, /o/, /u/), each appearing in
both short and long forms, resulting in ten con-
trastive vowel phonemes. This vowel length dis-
tinction plays a significant role in lexical differenti-
ation (Kuno, 1958). Beyond these core phonemes,
dialectal variation introduces additional phonetic
complexity. For instance, Jaffna Tamil includes a

1https://www.ltg.jfn.ac.lk/

broader set of vowel allophones, such as [E], [1],
and [@], which are not typically found in standard
varieties (Suseendirarajah, 1993), as demonstrated
in Table 1.
Consonants of the language include stops,

nasals, fricatives, and liquids, with a notable
distinction between voiced and voiceless obstru-
ents. The language’s phonological rules are highly
context-sensitive (Krishnamurthy, 1977), and con-
sonant gemination further highlights the impor-
tance of phonological context (Balasubramanian,
1984; Heselwood, 2013). Krishnamurthy (1977)
emphasizes the efficiency of Tamil’s orthographic
system, wherein a single grapheme can represent
multiple phonemic values depending on contextual
cues. This characteristic reflects Zipf’s principle of
least effort, which suggests that languages tend to
minimize articulatory and cognitive load by reduc-
ing the number of distinct symbols while preserv-
ing expressive capacity (Cherry, 1971).

3 Tamil Phonetic Transcription

Tamil phonetics and phonology form a well-
organized system that is essential for analyzing
the linguistic structure.The phonological frame-
work has several key features, including context-
dependent phonetic variations, regional dialectal
patterns, and the incorporation of lexical borrow-
ings, all of which contribute to Tamil’s distinctive
phonetic characteristics (Annamalai, 1979; Keane,
2004; Suseendirarajah, 1993). This section pro-
vides a comprehensive examination of these as-
pects.

3.1 Context-Sensitive Pronunciations

Tamil phonology is characterized by significant
context-sensitive variations, where the pronunci-
ation of consonants changes based on their posi-
tion within a word and the surrounding phonetic
environment. A distinctive characteristic of Tamil
phonology is the distribution of obstruents, par-
ticularly stops and fricatives. Voiced obstruents
generally appear in word-internal positions, most
often following nasal consonants. For instance,
sequences such as a nasal followed by a voiced
plosive, e.g., [ñć] or [ñJ] are frequently observed
within words. A few examples of context-sensitive
pronunciation in Tamil, as handled by the proposed
system, are presented in Table 2.
These variations present challenges in phonetic

transcription tools, as they necessitate sophisti-
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Phoneme Allophone Example
/a/ [E] அல்லி alli ‘water lily’ [E l l i]
/a:/ [E:] நாய் naai ‘dog’ [nE:j]
/i/ [1] நிைற nirai ‘weight’ [n 1 R a i]
/i:/ [1] நீளம் neelam ‘length’ [n 1 í a m]
/u/ [1] உப்பு uppu ‘salt’ [u p p 1]
/e/ [@] எண் en ‘number’ [@ ï]
/e:/ [@:] ஏணி e:ni ‘ladder’ [@:ïi]

Table 1: Allophonic vowel realizations in Jaffna Tamil with example IPA transcriptions.

Grapheme Allophone Example
க் [k] கல் kal ‘stone’[k E l]
க் [g] கங்ைக gangai ‘river Ganga’ [k a N g a i]
க் [x] பகல் pagal ‘day time’ [p a x E l]
ச் [tS] பச்ைச pachai ‘green’ [p E tS tS a i]
ச் [dZ] மஞ்சள் manjal ‘yellow’ [m a n dZ a l]
ச் [s] சட்டி satti ‘pot’ [s a úúi]
த் [t] தம்பி thambi ‘younger brother’ [t a m b i]
த் [d] சிந்தைன sindhanai ‘thought’ [s i n” d E n a i]
த் [D] உதவி uthavi ‘help’ [u D a v i]
ப் [p] பல் pal ‘tooth’ [p El]
ப் [b] பம்பரம் pambaram ‘spinning top’ [p a m b a r a m]
ப் [B] அபாயம் abaayam ‘danger’ [a B a: j a m]

Table 2: Some of the examples of one-to-many grapheme-to-phoneme mappings in Tamil across phonological
contexts

cated modeling that can dynamically account for
these positional and contextual changes. For in-
stance, a single orthographic representation of a
consonant might correspond to different phonetic
realizations depending on its context, making accu-
rate transcription complexwithout a context-aware
system.

3.2 Dialectal Variations
Tamil exhibits considerable regional dialect varia-
tion across India, Sri Lanka, and other geographi-
cal regions. For instance, Jaffna Tamil is conserva-
tive and has unique vowel allophones that are gen-
erally absent in Indian Tamil dialects (Suseendi-
rarajah, 1993). In contrast, urban varieties such
as Chennai Tamil demonstrate significant pho-
netic and lexical influence from languages such as
English, Hindi, Urdu, and Telugu (Smirnitskaya,
2018). These forms of variation underscore the
need for transcription systems that are sensitive to
dialectal variation across Tamil-speaking commu-
nities.

3.3 Loanword Influence
The integration of loanwords from Indo-Aryan lan-
guages such as words contain Grantha phonemes
from Sanskrit and English has introduced new
phonological elements into Tamil, altering tradi-
tional sound patterns. Even though, voiced plo-
sives such as /b/ and /d/ are rare at the beginnings

of native Tamil words, they frequently occur in bor-
rowed terms from languages like Sanskrit, Hindi,
and English (Annamalai, 1979).
Therefore, the transcription systems must ac-

commodate these non-native phonemes to accu-
rately represent the evolving phonetic inventory.
For instance, voiced fricatives such as /v/ and /z/,
which are uncommon in the indigenous Tamil lex-
icon, are often present in borrowed vocabulary.

3.4 Notational Variances in Tamil Phonology

The notational system used to represent Tamil
phonemes varies. Especially when using the Inter-
national Phonetic Alphabet (IPA) to depict these
sounds, ISO 15919 symbols are also used. The no-
tational differences highlight the complexities of
standardizing Tamil phonetic transcription, partic-
ularly when denoting dialectal variations. Some of
the examples are listed in Table 3.

4 Methodology

According to Figure 1, the proposed Tamil Pho-
netic Transcription Tool adopts a rule–based ar-
chitecture designed to preserve linguistic informa-
tion while enabling dialect–sensitive phonetic re-
alization. LLM based methods were not adopted
because of the lack of annotated dialect specific
corpora and their bias towards Indian Tamil va-
rieties. The pipeline consists of (i) Tamil–to–
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Tamil Unicode
input text

Stage 1: Tamil–to–Latin Mapping

Latinised text
(intermediate form)

Stage 2: IPA Conversion
(rule-based)

Decide dialect

Indian Tamil
rules

Sri Lankan Jaffna Tamil
rules

IPA output

Figure 1: Pipeline for dialect-aware Tamil-to-IPA transcription.

IPA ISO 15919
d t
ã t ̣
dý c
j y
í l ̣
n n”
ñ ñ
ï n ̣
ú t ̣
tý c
a: ā
e: ē
i: ī
o: ō
u: ū

Table 3: Tamil Phonemes: IPA and ISO 15919 Equiva-
lents

Latin graphememapping, followed by (ii) context–
aware IPA conversion. It differs from eSpeakNG
and Anunaadam as they do not cover dialectal vari-

ations in Tamil by adding dialect specific rule-set
for Sri Lankan Jaffna Tamil.

4.1 Stage 1: Tamil–to–Latin Mapping
(Information-Preserving Layer)

In the first stage, the tam2lat() module con-
verts the Tamil script into an intermediate Latin-
based representation. This mapping is strictly
orthography-preserving: no segments are deleted,
merged, or reinterpreted at this stage. The re-
sulting representation remains structurally aligned
with the original Tamil orthography, and all
graphemic distinctions are explicitly retained.
This conversion serves as a preprocessing step that
facilitates the application of regular expressions,
which are otherwise difficult to apply directly to
Tamil Unicode characters. In addition, this inter-
mediary representation enables easier extension of
the system to other languages in the future.
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4.2 Stage 2: IPA Conversion and Contextual
Rule Application

In the second stage, the ipa() module maps the
Latin intermediary to phonetic output through
a sequence of context–sensitive transformations.
These include intervocalic alternation of stops,
nasal–stop voicing sequences, gemination stabili-
sation, and vowel length realisation. The transfor-
mations are applied only at this stage, ensuring that
the phonemic contrasts encoded earlier are avail-
able for accurate contextual interpretation.
This stage introduces a dialect-selection mech-

anism that allows users to generate IPA transcrip-
tions for different Tamil dialects. Currently, the
system supports Indian Tamil (with Anunaadam-
compatible phonetic behavior) and Sri Lankan
Jaffna Tamil, with additional dialects being inte-
grated in future extensions.

4.3 Dialect-Specific Rule Layer

The Jaffna Tamil mode extends the baseline rules
by introducing a dedicated dialect layer imple-
mented on top of the shared core rules. This
layer contains 11 Sri Lankan Jaffna Tamil spe-
cific phonological and allophonic rules, includ-
ing intervocalic situations and additional vowel
allophones documented in dialectal descriptions
(Suseendirarajah, 1993). These rules are applied
only when the Jaffna dialect is selected; the Indian
Tamil option retains the Anunaadam–style realiza-
tion. Other dialects can be extended in this layer
by applying their dialect specific rules when their
options are selected.
The Sri Lankan Jaffna Tamil specific rules intro-

duced in the proposed system are listed in Table 4.

5 Results and Discussion

As the Indian Tamil rules are based on Anunaadam
tool, the system was evaluated for the newly added
Sri Lankan Jaffna Tamil dialect using a phonetic
lexicon consisting of 7,830 words, including inter-
vocalic situations, allophonic variations, Grantha
phonemes, and other context-sensitive phonolog-
ical contexts and the phonetic transcription accu-
racy was manually verified by a Sri Lankan na-
tive linguist. Out of them, 7403 were stated to
be precise by the linguist, resulting in the word-
level accuracy of 94.54%. A few cases in free
variation in /t:r/ and /tt/, which are not captured
in the proposed system, led to the reduction in ac-

curacy. The proposed system only results /t:r/ as
output, does not cater to other variations in such in-
stances. For example, in Sri Lankan Jaffna Tamil,
the word முற்றிலும் mur

˙
r
˙
ilum ‘all inclusive’ ex-

hibits phonetic free variation and is pronounced
either as [mut:rilum] or [muttilum]. This varia-
tion, which occurs in fluent speech without alter-
ing semantic content, reflects a broader tendency
to simplify consonant clusters, particularly the /tr/
sequence. These free variations are not captured
on the proposed tool, resulting the reduction of ac-
curacy.
A detailed analysis revealed notable phonetic

differences between Sri Lankan Jaffna Tamil and
Indian Tamil based on the provided dataset. One
key distinction lies in the use of fricative versus
plosive sounds: Indian Tamil employs the voiced
velar fricative [G], as in [aGaNga:ra], while Sri
Lankan Jaffna Tamil substitutes it with the voice-
less velar plosive [x], yielding [axaNga:ra]. This
substitution is a characteristic feature of Jaffna
Tamil pronunciation. Vowel variation is another
significant feature. Indian Tamil typically uses
the low central vowel [a], as in [aGandaiya:na],
whereas Sri Lankan Jaffna Tamil often shifts to the
mid-front vowel [E], producing forms such as ax-
Endaiya:na.
For comparative purposes, eSpeak NG was also

evaluated using the same corpus for the Sri Lankan
Jaffna dialect. Its phonetic outputs were analyzed,
enabling a direct comparison of transcription accu-
racy and dialectal adequacy between the proposed
system and an established text-to-speech frame-
work. Out of 7,830 words, 5,212 were judged to
be correctly transcribed by the linguist. Hence, the
word-level accuracy was 66.56%.

When eSpeak NG output is analysed, the
grapheme க் is realized only as the context-
sensitive variants [k] and [g]. In intervocalic posi-
tions, it is realized as [g], whereas in Sri Lankan
Jaffna Tamil, the fricative [x] occurs in intervo-
calic positions (Suseendirarajah, 1993).
In some instances, word-initial positions are

also realized as g, for example, the word ேகலி
kēli ‘teasing’ is also transcribed by eSpeak NG as
[ge:li] andகுதி kuti ‘jump’ is transcribed as [gudi].
However, in Jaffna Tamil, [g], voiced dorso-velar
plosive, occurs medially, in the sequence, and
[k] voiceless dorso-velar plosive, occurs in word-
initial position and in medial position following [R]
(Suseendirarajah, 1993).

eSpeak NG also transcribes ப் as [b] in the
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Target Environment
/ k / to [x] intervocalic, பகல் pagal ‘day time’ [p a x E l]
/p/ to [B] intervocalic,அபாயம் abaayam ‘danger’ [a B a: j a m]
/ t/ to [D] intervocalic,உதவி uthavi ‘help’ [u D a v i]
/ k / to [g] only after nasal, கங்ைக gangai ‘river Ganga’ [k a N g a i]
/a/ to [E] before alveolar consonants /r/ , /l/ , /n/,அல்லி alli ‘water lily’ [E l l i]
/a:/ to [E:] before /j/, /r:/ , நாய் naai ‘dog’ [nE:j]
/i/ to [1] before retroflex consonants and /R/, நிைற nirai ‘weight’ [n 1 R a i]
/i:/ to [1:] before retroflex consonants and /R/, நீளம் neelam ‘length’ [n 1 í a m]
/u/ to [1] if not in first syllable,உப்பு uppu ‘salt’ [u p p 1]
/e/ to [@] before retroflex consonants , /p/, /k/, /m/, /v/, /ï/ and /R/, எண் en ‘number’ [@ ï]
/e:/ to [@:] before retroflex consonants , /p/, /k/, /m/, /v/, /ï/ and /R/, ஏணி e:ni ‘ladder’ [@:ïi]

Table 4: Jaffna-Tamil specific rules with examples

word-final positions. Eg. குருைவப் kuruvaip
‘teacher.ACC’, [ ] ends with [b]. In some
instances, it results as [b] in the word’s first posi-
tion. Eg. பத்திரமாக pattiramaaka ‘carefully’ is
transcripted as [ ] through eSpeak NG.
However, in Sri Lankan Jaffna Tamil, [b], voiced
bilabial plosive occurs in the sequence of [mp],
[np], and voicing of [b] is not so heavy as in In-
dian Tamil (Suseendirarajah, 1993).

நான் naan ‘I’ is transcribed as [na:n] which
does not reflect a phonemic distinction between
the orthographic forms ந and ன orthographies.
In contrast, the proposed system distinguishes be-
tween the two (for example, [ ]). These distinc-
tions are important for second-language learners to
avoid confusion.

There are issues regarding vowel length from
eSpeak NG, in some contexts words such as
சக்தியூட்ட caktiyuutta [ ] ‘to energize’
resulted in [ ] instead of a long vowel in the tran-
scription. Whereas, the proposed system works
well in this context.

In addition to that, eSpeak NG does not cover
the phonological rules specific to the Sri Lankan
Jaffna dialect listed in Table 4, including allo-
phonic vowel variations. Even though the [k] to
[g] transformation occurs after nasals, it does not
adequately capture the Jaffna Tamil context, as in
Jaffna Tamil, [g] occurs only after nasals and not
in word-initial position.

The Anunaadam tool itself was not evaluated
for comparative purposes, as our system extends
Anunaadam to account for Sri Lankan Jaffna Tamil
dialectal phonological phenomena, making a di-
rect comparison with the tool irrelevant

6 Challenges in Tamil Phonetic
Transcription

Automating phonetic transcription for Tamil in-
volves navigating a range of linguistic complexi-
ties rooted in its phonological structure. Tamil ex-
hibits strong context sensitivity in its sound sys-
tem, where the realization of consonants and vow-
els depends heavily on their syntactic and pho-
netic environments (Krishnamurthy, 1977). For
example, ப் is [p] in பல் pal ‘teeth’ but becomes
[b] in பம்பரம் pamparam ‘spinning top’ as men-
tioned in Table 2. These phenomena are ad-
dressed through syntax-directed transcription rules
employing a one-symbol look-ahead mechanism,
thereby providing a foundation for context-aware
phonetic modeling.
Loanwords from Indo-Aryan languages, Euro-

pean and other languages came into contact due to
regional contact and the migration of Tamil dias-
pora all over the world, adding another layer of
complexity, often introducing phonemes not na-
tive to Tamil. As a result, transcription remains
an ongoing process that must continually adapt to
changing phonotactic patterns. For example [f] in
ஃேபான் ‘fōn’ from ‘phone’. Foundational frame-
works such as Caldwell’s Law (Caldwell, 1931) re-
main relevant, but modern transcription systems
must adapt to a broader spectrum of linguistic in-
puts.
Altogether, these challenges underscore the

need for transcription tools that are dialect-
sensitive, context-aware, and capable of handling
both standard and non-standard phonetic phenom-
ena. Addressing them is critical for developing in-
clusive NLP systems.

7 Conclusion

This study presents a dialect-sensitive phonetic
transcription tool for Tamil, called ThamizhiIPA-
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Trans, addressing the phonological complexity
and regional variability inherent in the language.
Unlike existing tools, which often overlook di-
alectal nuances of low-resource languages such as
Tamil, the proposed system is designed to model
features specific to individual Tamil dialects, with
a particular focus on Sri Lankan Tamil. A user-
friendly interface allows real-time input and di-
alect selection, making the system useful for re-
searchers, educators, and speech technology devel-
opers alike.
The developed system was evaluated on a lexi-

con of 7,830 words, and the outputs were assessed
by a trained linguist, yielding an overall accuracy
of 94.54%, which is substantially higher than the
widely used eSpeak NG, which achieved 66.56%
for the Sri Lankan Jaffna dialect. ThamizhiIPA-
Trans can be accessed through the Language Tech-
nology Group (LTG) website2. Future directions
include extending the system to cover additional
Tamil dialects in Sri Lanka and abroad and inte-
grating prosodic features.

Limitations

Even though the proposed system demonstrates
strong performance for Sri Lankan Tamil phonetic
transcription, certain limitations remain. Some in-
stances of free variation, speaker-specific pronun-
ciation, code-mixed forms, and style-dependent
phonetic shifts are not captured by the current rule
set — addressing these may require a data-driven
approach. The present approach models phonetic
realization primarily at the segmental level, while
prosodic phenomena such as stress, rhythm, and
intonation remain outside the scope of this work.
These limitations point to promising directions for
future extensions, but do not detract from the cen-
tral contribution of this study, namely, demonstrat-
ing that a dialect-aware, rule-based framework can
effectively model key phonological processes in
Tamil phonetic transcription.

Declaration on Generative AI

We used AI-assisted tools (e.g., ChatGPT) solely
for language refinement and carefully rechecked
and edited by the authors; all scientific contribu-
tions were carried out by the authors.

2https://www.ltg.jfn.ac.lk/

Acknowledgements

This research study was carried out under the
DigSAL project, supported by the German Aca-
demic Exchange Service (DAAD) and funded by
the Federal Ministry for Economic Cooperation
and Development (BMZ) through SDG Partner-
ships (2024-2027).

References
E. Annamalai. 1979. Linguistic Complexity of Tamil

Phonology. Madras University Press.

International Phonetic Association. 2015. Handbook
of the International Phonetic Association: A Guide
to the Use of the International Phonetic Alphabet.
Cambridge University Press.

T. Balasubramanian. 1984. Tamil Phonetic Character-
istics: A Comparative Study. Phonology Journal.

Mathieu Bernard and Hadrien Titeux. 2021. Phonem-
izer: Text to Phones Transcription for Multiple Lan-
guages in Python. Journal of Open Source Software,
6(68):3958.

Robert Caldwell. 1931. Comparative Grammar of the
Dravidian or South Indian Family of Languages.
University Press, London.

C. Cherry. 1971. On Human Communication. MIT
Press.

Juan María Garrido, Marta Codina, and Kimber Fodge.
2018. TransDic, a public domain tool for the genera-
tion of phonetic dictionaries in standard and dialectal
Spanish and Catalan. In IberSPEECH, pages 291–
295.

Jakir Hasan, Shrestha Datta, Md Saiful Islam, Shub-
hashis Roy Dipta, and Ameya Debnath. 2026.
BanglaIPA: Towards Robust Text-to-IPA Transcrip-
tion with Contextual Rewriting in Bengali. Preprint,
arXiv:2601.01778.

Majd Hawasly, HamdyMubarak, Ahmed Abdelali, and
Ahmed Ali. 2025. DialG2P: Dialectal Grapheme-to-
Phoneme. Arabic as a Case Study. In Proceedings
of The Third Arabic Natural Language Processing
Conference, pages 466–471.

BarryHeselwood. 2013. Phonetic Transcription in The-
ory and Practice. Edinburgh University Press.

LászlóKároly. 2019. An integrated dialect analysis tool
using phonetics and acoustics. Lingua, 221:37–48.

Elinor Keane. 2004. Illustrations of the IPA: Tamil.
Journal of the International Phonetic Association,
34(1):111–116.

E.V. Krishnamurthy. 1977. Automatic Phonetic Tran-
scription of Tamil in Roman Script. Proceedings of
the Indian Academy of Sciences, 86(6):503–512.

240



SusumuKuno. 1958. Phonemic Structure of Colloquial
Tamil. Journal of Linguistic Studies.

Thomas Lehmann. 2019. Old tamil. In The Dravidian
languages, pages 81–103. Routledge.

Harold F Schiffman. 1998. Standardization or re-
standardization: The case for “standard” spoken
Tamil. Language in Society, 27(3):359–385.

Anna Aleksandrovna Smirnitskaya. 2018. Diglos-
sia and Tamil varieties in Chennai. Acta
Linguistica Petropolitana. Труды института
лингвистических исследований, 14(3):318–334.

Sanford B Steever. 2019. Introduction to the Dravidian
languages. In The Dravidian languages, pages 1–44.
Routledge.

S. Suseendirarajah. 1993. Jaffna Tamil (1) Phonology
and Morphology. University of Jaffna Publication.

Virtualvinodh. 2014. Anunaadam. GitHub repository.
https://github.com/virtualvinodh/anunaadam.

241



Proceedings of the Thirteenth Workshop on NLP for Similar Languages, Varieties and Dialects, pages 242–249
March 29, 2026. ©2026 Association for Computational Linguistics

Regional Variation in the Performance of ASR Models on Croatian and
Serbian

Tanja Samardžić
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Abstract

Regional variation was a limiting factor for
automatic speech recognition (ASR) before
large language models. With the new technol-
ogy, speech processing becomes more general,
which opens the question of how to use data in
similar languages such as Croatian and Serbian.
In this paper, we analyse model performance
in the currently available train-test scenarios
with the goal of better understanding the mu-
tual interference of these two languages. Our
findings suggest that better performing models
are not very sensitive to the regional variation.
Models trained from scratch in one of the lan-
guages can give good results on both of them,
while fine-tuning large pre-trained multilingual
models on smaller data sets does not give the
expected results.

1 Introduction

For a long time, automatic speech recognition
(ASR) was only possible in very limited domains
targetting a particular speaker and a particular topic.
This lack of generalisation was famously captured
in the comedy sketch Voice Activated Elevator1 by
the BBC Scotland Burnistoun show first aired in
2009. The sketch shows two persons trying to ac-
tivate a lift by pronouncing the number 11. Since
the system does not react, they guess that the prob-
lem is their Scottish accent and try to mimic other
accents (“American”, “English”) with no success.
The sketch captures not only the limitations of the
ASR technology at that time but also important
societal implications of these limitations.

Regional variation in the ASR performance is
certainly present in all languages, but it has not
been extensively studied as this kind of research is
particularly demanding in terms of resources (both
data and computing) and study design (represen-
tative sampling), while it is hard to isolate factors
that determine the performance.

1https://www.bbc.co.uk/programmes/p00hbfjw

Figure 1: Geographical locations of the four Mak na
konac data parts. HR1: Croatian, Zagreb, Northern vari-
ety spoken in the administrative centre. HR2: Croatian,
Split, Southern variety spoken in a major city. SR1:
Serbian, Belgrade, Northern variety spoken in the ad-
ministrative centre. SR2: Serbian, Niš, Southern variety
spoken in a major city.

New ASR technology that employs large mod-
els trained on large amounts of data (thousands of
hours of transcribed audio) seems to have reached
the level of generalisation that makes multi-purpose
ASR viable. In particular, the multilingual model
Whisper (Radford et al., 2023) has become a uni-
versal reference, able to process various languages,
including Croatian and Serbian, without any ad-
ditional training. Since this model is released as
open-weights, it can also be fine-tuned and thus,
in theory, more precisely adapted for a particular
language and variety.

The possibility of fine-tuning an already well-
performing model to reduce its error rate on a given
variety is clearly tempting, but the success is not
guaranteed. The main problem is a mismatch be-
tween the size of the model and the size of the
data available for any single variety, this even if
we leave aside the problem of computing resources
needed to employ a large model.

The goal of our study is to start an exploration
towards a better understanding of what happens in
various train-test scenarios involving similar but
distinct languages and their variants. We focus
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on the case of Croatian and Serbian as two lan-
guages that both belong to the same macro lan-
guage, BCMS (for Bosnian, Croatian, Montenegrin
and Serbian). The crucial question for macrolan-
guages is whether the data in one variety can be
used to train or improve ASR models in all vari-
eties. Through several recent projects, Croatian
and Serbian have been equipped with the neces-
sary resources to start investigating this problem,
making them an interesting case study potentially
relevant to many other similar languages.

2 Related Work

Regional variation is, to some degree, addressed in
in the case of Arabic and Swiss German, which are
both famous for their regional diversity.

While Modern Standard Arabic (MSA) has been
the main focus of research in the case of Arabic
(Dhouib et al., 2022), dialect variation is starting to
attract more attention in recent studies (Mubarak
et al., 2021; Alharbi et al., 2024; Al-Fetyani et al.,
2021; Al Ali and Aldarmaki, 2024; Djanibekov
et al., 2025). What emerges from these studies
is considerable variation in the ASR performance
across dialects. While dialect-specific fine-tuning
can help, this applies only if there is enough data
(over 800 hours of transcribed speech). Also the
impact of data availability does not seem to be
straightforward. For instance, the performances
tend to be better on the Syrian variety than on the
Saudi or Egyptian one although the latter two are
far better represented in the available data and mod-
els (Djanibekov et al., 2025).

Interesting dialectal patterns can be seen in the
studies on Swiss German too: ASR performances
are the worst for the Wallis variant while they are
the best for the Grisons variant. This same out-
come was achieved by two independent studies
that evaluated very different ASR systems trained
on different data sets. The first evaluation (Nig-
matulina et al., 2020) was performed in 2020 with
a Swiss-German Kaldi (Povey et al., 2011) recipe
trained on the ArhciMob corpus (Samardžić et al.,
2016; Scherrer et al., 2019). The second evaluation
was performed in 2022 (Schraner et al., 2022) with
a multilingually pre-trained XLS-R model (Babu
et al., 2021) fine-tuned on other Swiss German data,
including SDS-200 (Plüss et al., 2022) and a Swiss
local parliaments corpus (Plüss et al., 2021), and
tested on the STT4SG-350 data set (Plüss et al.,
2023). Both of these variants are geographically

Data
part

Source Language Region Size

HR1 Radio
Student

Croatian Zagreb 5h

HR2 TV Croatian Split 5h
Dalmacija

SR1 Peščanik Serbian Belgrade 5h

SR2 Južne
vesti

Serbian Niš 5h

Table 1: Summary of the data key features.

peripheral, but one of them seems to be easier for
ASR models than the other.

Until recently, the performance of speech-to-
text models on Croatian and Serbian was rarely
reported. A Kaldi recipe for Serbian (Popović et al.,
2015) showed a large performance drop on the out-
of-domain test set. In the past few years, however,
considerable progress has been made in data de-
velopment (Ljubešić et al., 2024a,c,b; Rupnik and
Ljubešić, 2022a), which enabled model training
and testing initially on Croatian (Ljubešić et al.,
2022) and more recently on Serbian (Sagić, 2023).
These data sets contain over 3000 hours of automat-
ically aligned transcribed audio for Croatian and
almost 1000 hours for Serbian.

The project Mak na konac (Samardžić et al.,
2024) resulted in a new test set consisting of 20
hours of speech sampled from four media sources
and manually transcribed. This data set targets
specifically regional variation which makes it espe-
cially suitable for our analysis.

3 Data

The Mak na konac data set (MNK) (Samardžić
et al., 2024) is composed of four parts of equal size
(5 hours of audio each), two representing Croatian
(HR) and two Serbian (SR) varieties. As shown in
Figure 1, each data part represents one region. In
addition to the administrative centres (Zagreb and
Belgrade), both language varieties are represented
with a Southern variety (Split and Niš). All data
sources listed in Table 1 are interview-type TV
or radio programmes featuring one host and one
guest speaker, with the exception of Radio Student
hosted by two presenters.

This is a multi-reference data set, where each
segment of speech is aligned with multiple text ref-
erence options created to cover known variability
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Model Pre-training Training / Fine-tuning
WhisperV Multilingual None
WhisperS WhisperV Serbian, around 70h: Flores ASR (multilingual Eastern

Europe without Croatian) + Serbian Common Voice +
JuzneVesti-SR

WhisperSJV WhisperV Serbian, around 120h: Flores ASR (multilingual Eastern
Europe without Croatian) + Serbian Common Voice +
Serbian “Juzne vesti” Serbian Common Voice + Unknown
Serbian

Transducer None Croatian, 1816 hours, ParlaSpeech.v1
CTC None Croatian, 1816 hours, ParlaSpeech.v1
W2V2XLSR Multilingual only audio: BABEL, Multilin-

gual LibriSpeech, CommonVoice (no Croat-
ian), VoxPopuli (no Serbian)

Croatian, 300 hours, ParlaSpeech.v1

W2V2Slavic Multilingual only audio: VoxPopuli (no Ser-
bian)

Croatian, 300 hours, ParlaSpeech.v1

Table 2: Summary of key features of the models tested in the MNK project.

in speech transcription. In some options, elements
of speech (repetition, fillers) are included in the ref-
erence transcript, while they are excluded in others.
Further options are created by a different treatment
of numbers and abbreviations. As an example, Ta-
ble 4 shows how such a reference would look like
in English. Taking the best score out of all options
when evaluating models has the effect of neutral-
ising irrelevant variation and enables comparing
models trained on different data. This is especially
important when comparing solutions based on off-
the-shelf models because the user has no control
over the selection of pre-training data.

The audio part of the MNK test data is available
online on Hugging Face.2 The multi-reference tran-
script is not publicly available, to prevent model
contamination, but researchers can obtain an evalu-
ation report on a submitted output of a model.

4 Models

We analyse the performance of seven freely avail-
able models:

• WhisperV: multilingual Whisper large-v3,
which is pre-trained on 1 million hours of
weakly labelled data and 4 million hours of
pseudo-labelled data, produced with its prede-
cessor, Whisper-large-v2. It is capable of auto-
matically determining the language of the in-
put speech as well as translating input speech
into a variety of languages. In this setting, the
model is applied on the Mak na konac data in
a zero-shot fashion.

• WhisperS and WhisperSJV: two variants of
2https://huggingface.co/datasets/classla/mak_

na_konac/viewer/default/SR1?row=4

the WhisperV model fine-tuned on transcribed
Serbian audio. The first variant is fine-
tuned on Mozilla Common Voice 13 and
Google Fleurs and the ASR training data set
for Serbian JuzneVesti-SR v1.0 (Rupnik and
Ljubešić, 2022b). The second variant has 50+
hours of unspecified Serbian data added to
the training set. Both of these models can be
considered fine-tuned towards Serbian since
Common Voice did not contain Croatian at
the time of fine-tuning.

• Transducer and CTC are parts of NVIDIA’s
NeMo toolkit. The main difference between
the two variants is that Transducer takes previ-
ously generated letter as input at the next step,
while CTC does not (it combines the acoustic
and the language model in a more traditional
way). In both of these settings, the models that
were trained from scratch on Croatian parlia-
mentary data set ParlaSpeech-HR (Ljubešić
et al., 2022).

• W2V2XLSR and W2V2Slavic are models
based on the wav2vec2 architecture. This
means that they are first trained on large quan-
tities of unlabelled audio alone then continued
training on labelled data. The former is pre-
trained on multilingual partially labelled text
and speech datasets (XLS-R), while for the lat-
ter, the VoxPopuli Slavic labelled data (Wang
et al., 2021) are used. For our study, it is im-
portant to note that the VoxPopuli data set is
part of both settings and that it contains only
Croatian without Serbian. Both of these mod-
els are finally fine-tuned on a subset of the
Croatian ParlaSpeech-HR data set.

244



Segment ID Whisper Whisper Whisper Transducer CTC W2V2 W2V2
V S SJV XLSR Slavic

170918_13_14 r1 [0.286, [0.429, [0.429, [0.571, [0.571, [1.000, [0.857,
r2 0.143, 0.286, 0.286, 0.429, 0.429, 0.857, 0.857,
r3 0.125, 0.500, 0.250, 0.375, 0.375, 0.750, 0.714,
r4 0.000] 0.375] 0.125] 0.250] 0.250] 0.625] 0.500]

170918_14_15 r1 [0.429, [0.286, [0.714, [0.857, [0.857, [0.857, [0.857,
r2 0.400] 0.400] 0.300] 0.300] 0.300] 0.300] 0.300]

170918_15_16 r1 [0.111, [0.000, [0.556, [0.667, [0.556, [0.556, [0.556,
r2 0.091] 0.182] 0.455] 0.364] 0.455] 0.364] 0.455]

170918_16_17 r1 [0.100, [0.100, [0.100, [0.300, [0.400, [0.100, [0.300,
r2 0.100] 0.100] 0.100] 0.300] 0.400] 0.100] 0.300]

170918_17_18 r1 [0.222, [0.111, [0.222, [0.556, [0.667, [0.444, [0.444,
r2 0.455, 0.364, 0.455, 0.455, 0.545, 0.636, 0.545,
r3 0.111, 0.000, 0.111, 0.444, 0.556, 0.333, 0.333,
r4 0.364, 0.273, 0.364, 0.364, 0.455, 0.545, 0.455,
r5 0.100, 0.200, 0.100, 0.400, 0.500, 0.300, 0.300,
r6 0.333, 0.417, 0.333, 0.333, 0.417, 0.500, 0.417,
r7 0.000, 0.100, 0.000, 0.300, 0.400, 0.200, 0.200,
r8 0.250] 0.333] 0.250] 0.250] 0.333] 0.417] 0.333]

Table 3: The first five entries in an evaluation report. Each entry contains multiple WER scores (one for each
reference option r1–rn) for one audio segment. The best scores are in bold. The full evaluation report for all data
parts contains around 11’000 of such entries.

r1 We’re gonna meet on the 20th of December.
r2 We’re gonna meet on the twentieth of December.
r3 We are going to meet on the 20th twentieth of De-

cember.
r4 We are going to meet on the twentieth of December.

Table 4: An English illustration of a multi-reference
data set. Some versions (r1, r2) are more literal and
some (r3, r4) more standard. In some versions (r1, r3)
the number is written as a digit, while in others (r2, r4)
they are spelled out.

These models can be divided into three groups
depending on whether they are pre-trained and used
in zero-shot testing (WhisperV), pre-trained and
fine-tuned for a specific variant (WhisperS, Whis-
perSJV, W2V2Slavic and W2V2XLSR to some de-
gree) or trained from scratch (Transducer and CTC).
The latter option allows more control over the train-
ing data and fitting the models more closely to the
target, but these models are smaller and might not
capture all the nuances that can be accommodated
by the pre-trained models that are bigger. On the
other hand, the bigger models require much more
data to be trained, which is why they cannot be
trained for any single language (except English)
specifically.

A few notes are due on fine-tuning. The only
model that is not specifically fine-tuned for any
Croatian or Serbian target data is WhisperV, al-

though it is obvious that some Croatian and Serbian
data are included in its, highly multilingual, train-
ing set given mid-tier performance on these lan-
guages. Two models (WhisperS and WhisperSJV)
are said to be fine-tuned towards Serbian, but some
of the fine-tuning data might have already been in-
cluded in the pre-trained model as well. The other
models are trained on Croatian data (recordings
of the Parliament sessions). Transducer and CTC
are trained from scratch on Croatian data, while
W2V2XLSR and W2V2Slavic are fine-tuned on
a portion of the the same Croatian data. The lat-
ter two models are pre-trained on multilingual and
Slavic data respectively. A summary of the models’
key features is given in Table 2

The models are initially tested in the Mak na
konac project (Samardžić et al., 2024), which has
also provided the multi-reference gold standard.
The full evaluation reports created in the original
evaluation are large tables that contain meta-data
and CER (character error rate) scores in addition to
the WER (word error rate) scores shown in Table 3.
For the current study, we use only some parts of
these reports, the WER scores. We extract the
best WER score for each model for a given audio
segment and calculate the average best score for
each model and each data part. This allows us to
observe regional variation in best WER scores per
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model.
Our analysis is performed on the evaluation re-

ports for the seven models listed in Table 2 sepa-
rately for the four data parts described in Table 1.
The first five lines of one of the analysed evalua-
tion reports is shown in Table 3. For each audio
segment (ID in the first column) and each tested
model, we obtain an array of WER scores (here
rounded up to three decimal places). For example,
the model WhisperV obtains eight scores on the
segment 170918_17_18 depending on the overlap
between the model output and each reference op-
tion. The number of scores per audio segment and
per model can go over 70 depending on the pres-
ence of numbers and abbreviations, but also on the
length of the utterance.

5 Results and Discussion

Figure 2 shows the average best WER score for
each model and each data part.

5.1 Zero-Shot Whisper Wins, for Now

It turns out that, somewhat surprisingly, the best
performing model overall is WhisperV, followed
by the two models trained on Croatian (Transducer
and CTC), while the worst performance is obtained
with the two W2V2 models fine-tuned on Croatian.
It seems that the currently available data for both
Croatian and Serbian do not reach the level that is
needed to see the benefit of training and fine-tuning
specific to the target variety, as it could be seen in
Arabic. This might change very soon but, for now,
zero-shot use of pre-trained Whisper gives the best
results on both Croatian and Serbian.

5.2 Regional Patterns

The only settings that show regional variation are
the two versions of Whisper fine-tuned on Serbian
(WhisperS and WhisperSJV). In these cases, fine-
tuning does not improve the results for Serbian
compared to the zero-shot setting, but it does spoil
the performance on Croatian. We also note that
one part of the data used for fine-tuning comes
from the same source as the SR2 data part. Al-
though there is no data overlap, one would expect
to see more benefits of fine-tuning on the same data
source. In reality, the difference in favour of the
zero-shot setting increases on SR2 compared to
SR1, which remains puzzling. It looks like fine-
tuning resulted in overfitting to the specific data set
used for fine-tuning, so the model became more

sensitive to any variation.3 Nevertheless, the drop
in the performance is bigger on Croatian.

5.3 Training From Scratch Better Than
Fine-Tuning

The only case where zero-shot Whisper does not
give the best performance are the two models
trained from scratch on Croatian (Transducer and
CTC) and tested on HR2. This said, these mod-
els show much more variation across data parts
with a considerable performance drop on the other
Croatian part (HR1), even bigger than on the two
Serbian parts. Still, their performance remains su-
perior to all fine-tuned settings on Croatian and bet-
ter than the two W2V2 models on both languages.
These results suggest that training from scratch is
a better way for reaching good performance on a
target variant at the expense of some generalisa-
tion. Fine-tuning large models on smaller data sets
seems to result in strong overfitting preventing im-
provements even on similar data and reducing the
transfer across variants.

5.4 Style Variation Rather Than Regional

Another outcome that is unexpected is overall bet-
ter performance on Southern variants (HR2 and
SR2) than on the ones spoken in the two adminis-
trative centres (HR1 and SR1). Given the biases
in the population size and overall media presences
in favour of the central variants, one would expect
that they are better represented in the data available
for training and fine-tuning models, which, in turn,
should lead to better results. Still the pattern is
the opposite. The difference is more pronounced
in the case of Croatian (HR1 vs. HR2) than in
the case of Serbian (SR1 vs. SR2). The data part
that seems the hardest for all the models is HR1,
while HR2 seems the easiest for all models except
the two Whisper variants fine-tuned on Serbian
(WhisperS and WhisperSJV). All models trained
and fine-tuned on Croatian data perform worse on
HR1 than on the two Serbian parts.

This naturally raises the question of what makes
HR1 harder than HR2 for all the models regardless
of the training/fine-tuning settings. The fact that the
source of the data is a radio programme with two
hosts and a rather informal conversational setting
might be a part of the answer as this might intro-
duce more dynamics in the interactions and more

3Note also that the performance reported on the Hugging
Face repository (Sagić, 2023) is much better than what we ob-
serve, which might also be interpreted as a sign of overfitting.
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Figure 2: Average best WER scores on the four parts of the MNK data set. The dark bars on the top (error) show the
WER, the light bars in the bottom show the complement (1-WER), which can be seen as word accuracy.

small speaker overlaps. Modern ASR models are
rather robust to such overlaps, but they still might
be impacted. Other explanations might be obtained
from the metadata (e.g. the speakers’ demograph-
ics) and data analysis (e.g. lexical diversity), which
remain outside of the scope of our current analysis.

One feature that can be extracted from our data
is the level of variability of the WER scores. If we
count the number of distinct WER scores assigned
to the models, this can show how variable reference
transcripts were in each data part. For example, the
total number of scores assigned to WhisperV in
Table 3 is 18 and the number of distinct scores is
14. Table 5 shows the counts of distinct scores for
all data parts. Indeed, model performance seems
correlated with the level of variability in the data:
the number is the highest in HR1, followed by SR1,
then SR2 and HR2. We see the same ranking in
the overall model performance. This means that at
least some differences in the model performance
can be explained by the presence of elements of
speech, numbers and abbreviations in the data sets,
which can be associated with styles of speech rather
than geographical regions.

6 Conclusion and Future Work

In this paper, we have studied different scenarios of
training and fine-tuning speech-to-text models on
Croatian and Serbian with the goal of understand-
ing whether the two variants need to be separated
to achieve better overall results.

Our findings suggest that regional variation does
play a major role in model’s performance in the
currently available data and model settings. Com-

Model HR1 HR2 SR1 SR2
WhisperV 380 250 323 250
WhisperS 406 257 315 249
WhisperSJV 427 281 331 268
Transducer 397 266 331 280
CTC 412 272 362 282
W2V2XLS-R 429 273 349 303
W2V2Slavic 436 264 336 302
Average (rounded) 412 266 335 276

Table 5: The number of distinct WER scores per model
and data part.

posing a large data set that contains both Croatian
and Serbian seems to be the best way to achieve
good scores on both languages. With additional
Serbian data added to the Croatian set, training
from scratch might give better scores than zero-
shot use and fine-tuning multilingual pre-trained
models.

The performance of fine-tuned models in the
settings analysed in our study was clearly worse
than the other two options (training from scratch
and zero-shot testing). While this is a consistent
pattern in our findings, the potential of fine-tuning
a large pre-trained model is still to be clarified in
future work. For this, we will need to evaluate
models trained from scratch and fine-tuned on the
same amount of data.

Limitations

To study the impact of regional variation on the
performance of ASR models on Croatian and Ser-
bian, we used a balanced data set representing four
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variants. However, the model training and fine-
tuning settings could not be controlled due to lim-
ited resources. As a consequence, our settings are
not fully comparable. On one hand, we do not
have results of the Whisper model fine-tuned on
Croatian to compare it with the one fine-tuned on
Serbian. On the other hand, we have no results
showing what happens if we train from scratch on
Serbian or on a combination of Croatian and Ser-
bian. Finally, W2V2 models are fine-tuned only
on Croatian. Observing all the settings in a fully
comparable way would make our conclusions more
sound, but the partial observations that were possi-
ble by reusing existing information already show
interesting patterns that can be helpful for design-
ing fully comparable settings in future studies.

Another limitation of our study is leaving aside
the question of model response time, which is an
important issue in speech processing. Most of the
models that we analysed are likely to respond too
slowly for a practical application. With the avail-
able data, we could not analyse this aspect in detail,
but we could show that models trained from scratch
can outperform large pre-trained models, which is
an interesting point for future research taking into
account practical aspects such as response time as
well.

Finally, our study is performed on data and mod-
els that were available at the time of the original
evaluation. In the meantime, new data sets were
published increasing significantly the size of avail-
able data for both Croatian and Serbian. Also a few
new models are emerging as good candidates for
studies such as ours. We believe that, despite this
limitation, our insights can inform future studies
regarding the factors to be tested with new data and
models.
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Nikola Ljubešić, Danijel Koržinek, and Peter Rupnik.
2024a. Parliamentary spoken corpus of Croatian
ParlaSpeech-HR 2.0. Slovenian language resource
repository CLARIN.SI.
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dataset for serbian JuzneVesti-SR v1.0. Slovenian
language resource repository CLARIN.SI.

Peter Rupnik and Nikola Ljubešić. 2022b. ASR training
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Abstract
This study compares the syllable structures of
nine Arabic varieties from Wiktionary, using
a computational syllabifier. It further investi-
gates methods for learning syllable boundaries
in unsyllabified words transcribed in the In-
ternational Phonetic Alphabet (IPA). The syl-
labification algorithm is evaluated under three
conditions: (i) Default, employing fixed rules;
(ii) Joint, learning onsets and codas across
all varieties collectively; and (iii) Per-variety,
learning onsets and codas specific to each vari-
ety. Results indicate that the default configura-
tion yields the highest accuracy, ranging from
97.05% to 100%. The per-variety approach
achieves 90.64% to 100% accuracy, while the
joint approach ranges from 84.63% to 94.74%.
A cross-variety analysis using Jensen-Shannon
divergence reveals three principal groupings:
Egyptian, Hejazi, and Modern Standard Ara-
bic are closely related; Levantine and Gulf vari-
eties constitute a second cluster; and Juba Ara-
bic, Maltese, and Moroccan emerge as outliers.
A cleaned dataset encompassing all nine vari-
eties is also provided.

1 Introduction
One of the fundamental elements of phonology
is the syllable (Goldsmith, 2011), abstract con-
stituents of the mental representation of sound
structure (Al-Ani and May, 1973). While they
are not always detectable from the audio signal,
they have been invaluable for the study of phono-
logical processes such as word-stress assignment
(Broselow, 2017).

Syllables play a prominent role in early language
acquisition. Infants as young as four days old per-
ceive syllables and can discriminate words based
on syllable length (Jusczyk and Derrah, 1987;
Bijeljac-Babic et al., 1993). Syllables for the ba-
sic units for word segmentation, where errors over-
whelmingly line up with syllable boundaries (Pe-
ters, 1983). Given this, syllables are commonly

Word da.ras.ha # dar.ras # drUs # dars

Structure Cv.CvC.Cv # CvC.CvC # CCVC # CvCC

Onset d r h d r dr d
Nucleus a a a a a U a
Coda ∅ s ∅ r s s rs

Table 1: Syllabified examples, in Levantine Arabic, de-
composed into onset, nucleus, and coda, with markers
for syllable boundary ., and word boundary #. The syl-
lable structure is represented with C for consonants, v
for short vowels, and V for long vowels. The glosses for
the words are <؇ዝངََدر> ‘he studied it [f.sg]’, س> <درَّ֟ ‘he
taught’, <دروس> ‘lessons’, and <درَس> ‘lesson’, respec-
tively.

assumed as the basic unit in the developmental
literature on word segmentation, both experimen-
tal Saffran et al. (1996) and computational (Lig-
nos, 2011; Fourtassi et al., 2013). Syllable-based
models for word segmentation have been shown to
outperform phoneme-based models (Schrimpf and
Jarosz, 2014).

Syllables have also played a similarly important
role in word segmentation as an NLP task, forming
the basic unit of segmentation in languages with
scripts that lack explicit word spacing (Htay and
Murthy, 2008; Chormai et al., 2020). In down-
stream applications, syllable boundaries have been
shown to improve the performance of morphologi-
cal analyzers (Khalifa et al., 2025) and to improve
the generalization ability of a Chinese LLM in
the presence of phonological ambiguities by intro-
ducing subtasks, such as converting orthography
to a syllabified form written in IPA and handling
tone. In addition, they use LLMs to generate syn-
thetic data containing syllable and tone informa-
tion. They show that using these subtasks and syn-
thetic data for training their model yields perfor-
mance gains (Ma et al., 2025).

However, what counts as an acceptable syllable
is not identical across all languages, or even di-
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alects of the same language. In this paper, we study
syllable structure across Arabic varieties, which di-
verge considerably in what they accept as a syl-
lable. For example, in Egyptian, it is rare to see
syllable structures such as CCvC in loanwords as
in <ᆇᅒފ٭ިن> [kum.sjon] ‘commission’. Moroccan
has triple consonant CCC onset clusters, for exam-
ple, <اݿٺأ؇د> [stʕa:d] to call for ‘help’. Maltese
has single vowels as independent syllables, for ex-
ample, <emozzjona> [ɛ.mɔt.tsjɔ:.na] ‘to move’.

Previous studies have examined empirical data
on Arabic syllable structure. Hamdi et al. (2005)
analyzed the syllable structures of Moroccan,
Tunisian, and Lebanese varieties, showing that the
frequency of syllable types differs across varieties.
For example, Lebanese tends to favor syllables
with long vowels, such as CV and CVC, while Mo-
roccan prefers syllable structures with more conso-
nants, like CCvC and CCvCC. Our analysis will
include additional varieties and quantify their sim-
ilarities based on syllable distributions.

Unsurprisingly given the importance of sylla-
bles for linguists and developmental researchers,
There is a long history of research on automatic
syllabification, though this has primarily focused
on English. Marchand et al. (2007) compares dif-
ferent algorithms, including Fisher (1996)’s rule-
based approach based on Kahn’s procedure (Kahn,
2015), as well as several data-driven methods:
syllabification by analogy, a look-up procedure,
and exemplar generalization. Their results show
that data-driven approaches outperform rule-based
ones. Wu and Yarowsky (2021) explores multi-
lingual syllabification and stress prediction, using
phonemic representations in IPA transcriptions.

In this paper, we automatically extract syllables
from a range of Arabic varieties using Kodner
(2016)’s SIMPLESYLLABIFY, aa simple, language-
independent syllabifier (see Section 3) that can
run on both orthographic and phonemic represen-
tations. This paper makes the following contribu-
tions to the study of Arabic syllable structure:

1. We introduce a new IPA dataset derived from
Wiktionary as a “silver standard” for Arabic
syllabification (Section 4).

2. We use this dataset to evaluate the perfor-
mance of SIMPLESYLLABIFY (Section 5).

3. We use it to perform a cross-variety compar-
ison of syllable inventories (Section 6). We
use targeted error analysis (Section 7) to sep-
arate algorithmic errors from data artifacts.

2 Linguistic Background

This section provides the linguistic background
needed to follow the paper. Our work does not
make claims about which linguistic theory is cor-
rect; we simply state the theoretical assumption
used in this analysis. For terminological conve-
nience, we use the terms variety and varieties to
mean all of the following: Arabic dialects, Mod-
ern Standard Arabic (MSA), Juba, and Maltese.

In the following discussion, forms in square
brackets ([ ]) represent transcriptions of surface
forms (SF) using the International Phonetic Alpha-
bet (IPA), while those between slashes (/ /) rep-
resent underlying representations (UR). Arbitrary
consonants are represented with C, and short and
long vowels with v and V, respectively. Specific
short and long vowels are also represented in lower
and upper case, for example, short [a] and long
[A]. This is sufficient granularity for the present
study of Arabic. Breaks between syllables are in-
dicated with a period (.), and word boundaries are
indicated by ‘#’. For example, in South Levan-
tine, <درسّ> /darras/ ‘he taught’ has a geminate:
[dar.ras] (CvC.CvC), while <درس> /dars/ ‘les-
son’ has a complex cluster: [dars] (CvCC).

2.1 Syllables
In this paper, we divide syllables into three con-
stituents, the onset, the nucleus, and the coda
(Hayes, 2009). The nucleus is the core of the sylla-
ble, and usually takes the form of a vowel or a vo-
calic consonant. The onset is the segment preced-
ing the nucleus, and the coda is the segment follow-
ing the nucleus. Table 1 demonstrates examples of
this definition, it showcases different shapes of syl-
lables in different contexts.

2.2 Arabic Varieties
Arabic is often treated as a single language. How-
ever, it is actually a collection of regional vari-
eties that differ in many linguistic dimensions, in-
cluding their syllable inventories and phonologi-
cal patterns. These regional varieties are the na-
tive varieties of Arabic speakers across the Arabic-
speaking world and coexist alongside MSA. MSA
is considered the “prestige” variety, as it is used in
formal settings, while the regional spoken variety
is used day to day. This special phenomenon of a
single community using two dialects or varieties is
described in the literature as diglossia (Ferguson,
1959).
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In this paper, we analyze the following vari-
eties: Egyptian (EGY), Gulf (GUL), Hejazi (HEJ),
Juba (JUB), Maltese (MAL), Moroccan (MOR),
North Levantine (NLE), South Levantine (SLE),
and MSA. MSA is the standard written form across
the Arabic-speaking world. The Egyptian Ara-
bic variety is notable for its prominence in media
across the Arab world, its wide intelligibility, and it
is spoken by 119 million people. Moroccan Arabic,
a Maghrebi variety, is spoken by 40 million people
and is influenced by contact with Tamazight. He-
jazi Arabic, spoken in western Saudi Arabia, and
Gulf Arabic, spoken in the states bordering the Per-
sian Gulf, are Arabian Peninsula varieties, each
with about 11 million speakers. Levantine encom-
passes about 60 million speakers and is divided
between South Levantine (Jordanian/Palestinian)
and North Levantine (Lebanese/Syrian) (Eberhard
et al., 2025).

The remaining two varieties are less frequently
featured in comparative studies. Located in the pe-
ripheries of the Arabic-speaking world, they have
been subject to extensive contact with non-Semitic
languages. Juba Arabic is an Arabic-based creole
spoken by 250,000 people in South Sudan. Mal-
tese, which around 500,000 people speak in Malta
(Rosner and Borg, 2022), is an official EU working
language descended from medieval Siculo-Arabic.
It is a relative of modern North African varieties
but with substantial influence from Romance lan-
guages (Brincat, 2005). It is notable as one of
the few Semitic languages to be written in a Latin
script. Taken together, its orthography and insti-
tutional status make it atypical relative to Arabic
regular diglossia.

2.3 Syllable Structure Variation
Due to diglossia between local varieties and MSA,
data for any local variety is relatively scarce.
Diglossia presents a research challenge for both
NLP and linguistics. In NLP, Arabic regional
varieties are low-resource, making it challenging
to work with limited data. However, their sylla-
ble structures vary in predictable ways, providing
ground for cross-variety transfer techniques. From
a linguistic perspective, this is an ideal setting for
quantitatively comparing features of linguistic va-
riety, such as syllable structures.

Since Arabic varieties are closely related yet dif-
fer in the syllable structures that they employ, they
constitute a useful comparison set in the phonolog-
ical study of syllables. We illustrate some of the

differences here. All Arabic varieties in this paper,
allow at least the following syllable structures: CV,
and CVC, except for Juba Arabic, which lacks long
vowels. For a complete literature summary, see Ta-
ble 4.

JUB additionally permits CCv (Manfredi and
Petrollino, 2013). Onsets are mandatory in Arabic,
so underlyingly vowel-initial syllables are realized
with a glottal stop [ʔ] (Broselow, 2017). This is
generally true in MAL as well, making V marginal
as a phonotactic template (Galea and Ussishkin,
2018).

While CC and CCC are possible onsets in MOR
in analyses such as (Kiparsky, 2003), there is still
debate about how to analyze syllables in MOR.
For example, Shaw et al. (2009) use articulatory
measures to argue for syllables consisting only of
simplex-onsets. Thus, /skru/ ‘his ploughshares’
surfaces as [s.kru] “C.CCv” instead of [skru]
“CCCv”. MOR has been shown to have complex-
onset varieties such as CCv/CCvC, CCCv, and CC-
CvC in the surface form (Hamdi et al., 2005).

SLE and NLE allow for CCvC and CCVC struc-
tures (Hamdi et al., 2005). Moreover, GLF allows
complex-onset CCV. Standard Maltese permits syl-
lables of the form (C)(C)(C)V(V)(C)(C), so we
find a range of complex onsets and codas in the
language (Galea and Ussishkin, 2018).

Finally, Arabic varieties impose various restric-
tions on syllable types depending on word position.
Some Levantine varieties allow CC onsets only
in word-initial position; EGY allows CVC, CvCC
only in word-final position (Broselow, 2017). De-
spite not using syllable position in the syllabifica-
tion, the high accuracy in our data (Table 3) sug-
gests that position-conditioned syllables are either
rare in the data or are handled correctly by the de-
fault setting.

Table 4 illustrates how syllable-type invento-
ries can differ across varieties. Examples of the
differences are: the availability of complex on-
sets (e.g., CCvC/CCVC), the distribution of super-
heavy syllables in word-final position, permissible
onsets, and edge-sensitive restrictions on heavy co-
das. These are precisely the values that matter for
the syllabification algorithm. Examples of these
cases are explained in further detail in Section 3

3 Syllabification Method

To obtain the actual syllabification, we used the
SIMPLESYLLABIFY syllabification script by Kod-
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ner (2016)1 which identifies syllable nuclei and
then inserts syllable boundaries according to the
Maximum Onset Principle (Kahn, 2015), a widely
understood generalization from phonology (Gold-
smith, 2011). The SIMPLESYLLABIFY is intended to
run on orthographic representations, but, as there
are no standard orthographies for Arabic varieties,
standard Arabic orthography usually omits short
vowels, and IPA has wide acceptance among lin-
guists, we use IPA-like transcriptions from Wik-
tionary, as described in Section 4.1.

The script requires a list of characters that rep-
resent syllable nuclei (usually vowels, but possi-
bly characters representing syllabic sonorants).2
Given this set of characters, the script proceeds by
identifying all of the syllable nuclei in a word. It
then considers each consonant cluster to the left of
a nucleus as a potential onset. Maximum Onset
Principle states that the largest string of onset con-
sonants in this cluster that can licitly be incorpo-
rated into the onset should be, and the remainder
is incorporated into the previous syllable’s coda.
All word-initial consonants are added to the initial
syllable’s onset, and all word-final consonants are
added to the final syllable’s coda.

Since what counts as a licit onset differs from
one variety to another, the script defaults to split-
ting consonant clusters in half, assigning half (plus
one in the case of odd-sized clusters) into the on-
set, with the remainder added to the previous sylla-
ble’s coda. For example, vCCCCV is syllabified as
vCC.CCV and vCCCV are syllabified as vC.CCV.

Alternatively, the script can learn a language-
specific set of licit onsets from word-initial on-
sets in the dataset. However, this may hurt perfor-
mance if the training set is small, leading to under-
learning, or if the variety allows word-initial on-
sets that are banned word-medially. Unfortunately,
these are both problems in our case, and learning
from word-initial onsets dramatically lowers per-
formance (See Table 3). A third option is for the
user to provide an explicit list of valid onsets. How-
ever, specifying variety-specific onsets up-front un-
dermines the spirit of our experiments. Since syl-
labification performance is over 96% for all vari-
eties and above 99% for the majority, we find that

1https://github.com/jkodner05/syllabify
2The following set of symbols were treated as vowels for

the purposes of identifying nuclei: ʊ, a, ɜ, u, e, æ, o, ɑ, i, ɪ,
ə, ɔ, ɐ, ɘ, ä, ɛ, ʉ, õ, œ, ɨ, ɒ, ʌ, Ʊ, A, U, E, Æ, O, Ɑ, I, Ɪ,
Ə, Ɔ, Ɐ, Ä, Ɛ, Ʉ, Õ, Œ, Ɨ, Ʌ. Lowercase symbols are the IPA
vowels used in Wiktionary. We used the upper case symbols
for our normalization of long vowels.

the default splitting approach is sufficient for our
purposes.

It is theoretically possible to learn per-variety
syllabification algorithms that account for variety-
specific inventories of licit onsets and codas, the
sonority of different consonants, and whether the
variety allows rising or lowering sonority in on-
sets or codas. In practice, this is difficult to de-
rive from Wiktionary data because it is limited and
noisy. This is why we use a general deterministic
algorithm.

4 Data
4.1 Wiktionary
Wiktionary3 is a free, collaborative online lexi-
con that provides structured entries for many lan-
guages, often including IPA transcriptions, audio,
and glosses (Meyer and Gurevych, 2012). It has
data for 22 Arabic varieties. From these, we se-
lected the varieties for which there were at least 100
entries with syllabified IPA transcriptions: Egyp-
tian (EGY, 584 words), Gulf (GUL, 636 words),
Hejazi (HEJ, 2,919 words), Juba (JUB, 189 words),
Maltese (MAL, 17,609 words), Moroccan (MOR,
1,955 words), Modern Standard Arabic (MSA,
16,718 words), North Levantine (NLE, 575 words),
and South Levantine (SLE, 5,059 words).4 We ex-
tracted our datasets from a Wiktionary dump (Ylö-
nen, 2022) and processed them into per-variety
word lists.

4.1.1 Preprocessing
While Wiktionary is overall a reliable source, it
is crowdsourced, and thus the data may be noisy
(Sakunkoo and Sakunkoo, 2025). We noticed that
IPA conventions vary across contributors, which
we address with preprocessing. We remove dupli-
cates and any entries with transcriptions that con-
tain only one or two characters, since they are triv-
ial to syllabify. We further standardize transcrip-
tions as follows: Long vowels are capitalized in or-
der to represent them as a single character, for ex-
ample, <ೞಾႤ၍> [ka:.tib] ‘writer’, will be [kA.tib].
Geminates are represented by repeating the same
character, for example, <܋ٺصّ> [kat:ab] ‘he made
x write’, will be represented as [kat.tab]. Finally,
we represent the sibilant affricate segments “ts”,
“dʒ”, and “tʃ” as single consonants “T”, “D”, “S”

3https://www.wiktionary.org/
4We omit Algerian, Andalusian, Baharna, Chadian,

Cypriot, Hassaniya, Iraqi, Libyan, North Mesopotamian,
Omani, Sudanese, Tunisian, and Yemeni.
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respectively. This decision is supported by the fact
that affricates are contour segments, which means
that they have two phonetic qualities, but can be
treated as a single segment phonologically (Hayes,
2009).

When an entry provides multiple IPA transcrip-
tions, we retain each distinct transcription as a sep-
arate surface form for that variety, for example,
<۰َّ৖َ৑ިިُ܋ <ނُ [ʃu.kU.lA.ta] or [ʃu.ku.lA.ta] ‘choco-
late’. For the cases where one segment is presented
as optional in a single transcription, we always in-
clude the optional segment, as in the following ex-
ample, where <اᆙᆊݠ> /(I)smar/ ‘dark’ is treated as
[Is.mar].

Stress marks are removed. All superscripts such
as ‘ˤ’ and subscripts such as ‘ ̪’ are removed as well,
since these correspond to annotations or to phono-
logical distinctions which do not affect Arabic syl-
labification (Association, 1999), for example, the
tie bar ‘‿’ and pharyngeal diacritics ‘ˤ’ in <Մ៰Ղا <آل۰
/ʔA.ja.tu‿lˤ.lˤAh/ ‘sign of God’. We remove [ ]
and / /, since they do not represent segments.

4.2 “Bronze”, “Silver”, and “Gold” Standard
We compare five tiers of postprocessing from the
raw Wiktionary data to quantify (i) how well the
rule-based syllabifier matches crowdsourced data
and (ii) how much of the observed mismatch is due
to data labeling errors instead of syllabifier errors.
Wiktionary is raw data with the website’s sylla-
ble annotations preserved as-is. Predicted is the
output of the syllabifier applied to Wiktionary IPA
with original syllabification information discarded.
Bronze excludes the three easy-to-identify misla-
beling errors. The data excluded is described in
the following subsection and reported in Table 2.

Silver retains Bronze entries and automatically
corrects mislabeling as described below. Gold re-
tains entries where Predicted matches Wiktionary,
and manually corrects mislabeling by a native
speaker.

4.2.1 Bronze Data
To generate the Bronze data, we remove the follow-
ing labeling errors in the Wiktionary data. The first
is Under-Segmentation (US) errors, where tran-
scriptions clearly have an insufficient number of
syllable boundaries 𝑁syll compared to number of
vowels 𝑁vowel. Since there should be a boundary
somewhere between every pair of vowels, we can
exclude words where (𝑁syll<𝑁vowel − 1) (Hayes,
2009). An annotation like [ka.taba] can be ex-

cluded because it has a structure CvCvCv with
three vowels, but only one boundary.

The second type is Geminate (G) errors,
which occur when transcriptions contain gemi-
nate sounds in onsets rather than splitting them
into a preceding coda and a following onset, as
they should be treated in Arabic (Farwaneh, 2009).
For example, [ka.ttab] can be excluded, since it
should be annotated as [kat.tab]. The third type
is the Single Consonant (C) errors, which occur
when syllables are annotated without a nucleus (v
or V). For example, [k.at.tab] and [ka.t.tab] are
excluded on these grounds.

4.2.2 Silver Data
To generate the Silver data, we first include any
words where the predicted syllables match the ref-
erence. For items with mismatches, we apply tar-
geted heuristics to recover reliable, predictable er-
rors. For the single-consonant syllable error, we
reattach the single-C syllable in the reference. If it
is word-initial, it is attached to the subsequent sylla-
ble [k.at.tab] → [kat.tab]; if it is word medial, it
will be attached to the previous syllable [ka.t.tab]
→ [kat.tab].

Geminate errors are corrected by splitting the
geminate and attaching it to the previous syllable
if it is word-medial [ka.ttab] → [kat.tab]. For
under-segmentation errors, we look for words that
do not contain triple-consonant sequences (CCC)
in their structure, as these are generally more prone
to error. If the word does not contain CCC, then we
apply our syllabification to it.

4.3 Gold
The author-annotators checked a random sample of
100 words in three varieties (SLE, NLE, EGY). In
these samples, we found almost no issues: 0 for
EGY, 1 for NLE, and 1 for SLE. We could not man-
ually correct additional varieties because we lacked
native speakers. We use this Gold tier to check
that the Silver automatically fixed data matches the
manually labeled data. The number of mismatched
data points between Gold and Silver is 2 for EGY,
5 for NLE, and 50 for SLE.

5 Evaluation

The evaluation is conducted on the bronze, silver,
and gold datasets. These datasets are described in
Section 4.2. Data points listed in Table 2 are ex-
cluded from the evaluation of bronze only.
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Variety US US+G G C US+C G+C
EGY 186 32 3 2 2 0
GUL 184 39 13 0 0 0
HEJ 296 25 0 22 0 0
JUB 74 1 0 1 0 0
MAL 177 9 1 1,288 11 3
MOR 58 2 0 2 0 0
MSA 112 7 0 3 0 0
NLE 106 16 0 11 0 1
SLE 97 13 1 1 0 0

Table 2: Counts of excluded words from bronze by error
type. Some words exhibited two error types simultane-
ously. US under-segmentation error. G geminate error.
C single consonant error.

We provide two evaluation metrics: accuracy,
computed as the percentage of words whose pre-
dicted syllabification matches the annotated refer-
ence syllabification exactly, and average edit dis-
tance between the predicted and reference syllabifi-
cations. For example, if the reference word is <kit-
ten> [kɪ.tən] and the predicted is [kɪtən], then the
edit distance is one (insertion of the syllable bound-
ary marker); if the output is [kɪt.ən], the edit dis-
tance is 2 (deletion of the incorrect boundary and
insertion of the correct one).

From the results summarized in Table 3, we see
that across all tiers, the Default setting achieves al-
most perfect accuracy (97–100%) for every variety,
while Joint achieves the lowest accuracy (84–97%).
The Per-variety setting is usually similar to Default,
but it underperforms for MAL and MOR. Since the
Bronze and Silver tiers are automatically derived,
performance on these sets could potentially be in-
flated in principle, so they should be compared
with Gold, where the same ranking (Default/Per-
variety much greater than Joint) remains.

6 Analysis

We examine the distribution of syllable structures
across the different varieties. The goal is to see
how syllable structure differs among them. To run
the analysis, we generate syllable-shape distribu-
tions for five tiers: Predicted (syllabifier output),
Wiktionary (raw), Bronze, Silver, and Gold.

We summarize the distribution of the syllables
in Table 4. While the distributions captured from
the predictions and from the silver annotations are
very similar, they are not identical. To better under-
stand the difference between them, we use Jensen-
Shannon divergence (JSD), which quantifies the
difference between probability distributions, and
has been widely used in the analysis of symbolic

Data Default Joint Per-variety
Tier Variety # Words % Acc SED % Acc SED % Acc SED
B EGY 359 99.44 2.0 90.81 2.3 99.44 2.0
B GUL 398 100.00 0.0 94.74 2.1 100.00 0.0
B HEJ 2,574 99.65 2.2 91.46 2.0 99.22 2.1
B JUB 104 100.00 0.0 93.27 2.0 98.08 2.0
B MAL 16,119 99.15 2.0 84.63 2.0 90.64 2.0
B MOR 1,893 99.74 2.0 85.63 2.0 93.03 2.0
B MSA 16,595 99.96 1.7 87.87 2.1 99.27 2.0
B NLE 441 97.05 1.9 89.34 2.0 97.05 1.9
B SLE 4,947 98.99 2.0 88.56 2.1 98.24 2.0
S EGY 584 99.66 2.0 94.35 2.3 99.66 2.0
S GUL 636 99.84 2.0 96.54 2.1 99.84 2.0
S HEJ 2,919 99.45 2.1 92.22 2.0 99.08 2.0
S JUB 189 100.00 0.0 96.30 2.0 98.94 2.0
S MAL 17,609 98.98 1.9 85.01 2.1 90.89 2.0
S MOR 1,955 99.64 2.0 85.98 2.0 93.15 2.0
S MSA 16,718 99.73 1.1 87.73 2.1 99.05 1.8
S NLE 575 97.04 1.9 90.78 2.0 97.04 1.9
S SLE 5,059 97.98 1.5 87.78 2.0 97.25 1.6
G EGY 584 100.00 0.0 94.52 2.3 100.00 0.0
G NLE 575 97.74 1.9 91.48 2.0 97.74 1.9
G SLE 5,059 98.10 2.0 87.94 2.1 97.43 2.0

Table 3: Variety-level evaluation across three settings
and three tiers (B=Bronze, S=Silver, G=Gold). Default,
Joint (pooled onsets + codas), and Per-variety (variety-
specific onsets + codas) report word-level exact-match
accuracy and mean edit distance (SED). Gold is avail-
able only for EGY, NLE, and SLE.

sequences (Grosse et al., 2002). JSD is related
to the Kullback-Leibler divergence (KLD), so it
shares the same mathematical properties, but it dif-
fers from KLD in two essential ways: it is symmet-
rical and smooth, unlike KLD (Fuglede and Top-
soe, 2004).

6.1 Data Quality Validation
The primary pattern to highlight in Table 5 is that
the Gold results validate the automatic correction
stage for the three manually checked varieties. The
Silver distributions for SLE, NLE, and EGY are in-
distinguishable from their corresponding Gold dis-
tributions, whereas the Wiktionary distributions
differ significantly from Gold for varieties such as
EGY and NLE.

Silver is a proxy for Gold These patterns indi-
cate that a large portion of the mislabeled data in
Wiktionary is automatically repairable, and that
the Silver tier is a good proxy for the Gold tier.
These results motivate the use of Silver for the fol-
lowing cross-variety analyses.

Cross-variety Differences We observe notable
differences between the varieties, for example, in
their relative proportions of Cv and CvC. MSA
and JUB prefer the former, whereas MOR, NLE,
and SLE favor the latter. The rest do not seem to
have a clear preference between Cv or CvC. We
also see that some syllable structures are nearly ab-
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Varieties Cv CvC CVC CV CvCC CCvC CCVC CCV vC CCv CVCC v Other
EGY L. ✓ ✓ F ✓ F X X X X X - X 0.4

P. 37.6 36.4 12.8 6.8 5.8 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.4
B. 30.7 34.3 19.4 4.7 10.1 0.3 0.3 0.0 0.0 0.0 0.0 0.0 0.3
S. 37.5 36.5 12.7 6.8 5.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.7
G. 37.6 36.4 12.8 6.8 5.8 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.4

GUL L. ✓ ✓ ✓ ✓ F I I I X ✓ - X 0.4
P. 33.9 34.3 13.6 10.1 3.1 0.7 1.9 0.9 0.0 0.5 0.4 0.3 0.4
B. 34.6 30.3 16.7 8.4 4.9 0.4 3.0 0.5 0.0 0.3 0.7 0.0 0.1
S. 33.9 34.2 13.6 10.0 3.1 0.7 1.8 0.9 0.0 0.5 0.4 0.3 0.5

HEJ L. ✓ ✓ ✓ ✓ F * * * X * F X 0.8
P. 34.5 37.9 13.5 10.0 3.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.8
B. 32.9 38.8 14.2 9.6 3.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.8
S. 34.5 37.8 13.5 10.0 3.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9

JUB L. ✓ ✓ X X X * X X * F X ✓ 0.2
P. 61.7 29.1 0.0 0.0 0.5 0.0 0.0 0.0 2.6 1.0 0.0 5.0 0.2
B. 60.9 35.0 0.0 0.0 0.5 0.0 0.0 0.0 2.3 0.9 0.0 0.0 0.5
S. 61.7 29.1 0.0 0.0 0.5 0.0 0.0 0.0 2.6 1.0 0.0 5.0 0.2

MAL L. ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 2.2
P. 30.4 30.7 8.0 6.6 2.7 3.6 1.3 2.1 7.4 3.3 0.0 1.8 2.2
B. 30.7 31.5 8.2 6.5 3.0 3.6 1.4 1.9 8.1 3.4 0.0 0.0 1.8
S. 30.5 30.4 8.0 6.6 2.8 3.6 1.3 2.0 7.4 3.2 0.0 1.8 2.4

MOR L. ✓ ✓ * * ✓ ✓ * * X ✓ X X 0.3
P. 19.9 33.6 15.2 10.2 4.7 5.6 4.2 4.5 0.0 1.3 0.4 0.0 0.3
B. 19.8 33.5 15.2 10.1 5.0 5.7 4.4 4.3 0.0 1.3 0.4 0.0 0.3
S. 20.0 33.5 15.3 10.2 4.8 5.5 4.2 4.6 0.0 1.3 0.4 0.0 0.3

MSA L. ✓ ✓ ✓ ✓ ✓ X X X X - ✓ X 0.5
P. 38.5 30.7 12.4 13.5 4.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.5
B. 38.6 30.7 12.4 13.5 4.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4
S. 38.6 30.7 12.4 13.5 4.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.5

NLE L. ✓ ✓ ✓ ✓ ✓ * I * X - ✓ X 0.9
P. 28.3 33.5 12.6 11.9 4.5 2.5 2.4 2.5 0.0 0.5 0.5 0.0 0.9
B. 24.1 33.4 15.6 11.8 6.9 2.0 2.7 1.6 0.0 0.0 0.7 0.0 1.2
S. 28.3 32.5 12.9 12.0 5.1 2.5 2.0 2.4 0.0 0.4 0.5 0.0 1.5
G. 28.2 32.7 12.9 12.1 5.3 2.4 1.9 2.4 0.0 0.6 0.5 0.0 1.1

SLE L. ✓ ✓ ✓ ✓ ✓ * * * X * - X 0.1
P. 30.8 45.3 8.7 8.4 2.9 2.1 0.8 0.8 0.0 0.3 0.0 0.0 0.1
B. 31.1 45.1 8.9 8.5 3.4 1.4 0.7 0.7 0.0 0.0 0.0 0.0 0.2
S. 31.0 44.9 8.8 8.4 3.4 1.4 0.7 0.7 0.0 0.0 0.0 0.0 0.7
G. 30.9 45.1 8.8 8.4 3.8 1.4 0.7 0.7 0.0 0.0 0.0 0.0 0.2

Table 4: Distribution of syllable shapes reported in linguistics literature (L.), extracted from syllabifier predictions
(P.) and dataset tiers (B./S./G.) for each variety. Other sums all remaining rare types of syllable shapes. ‘F’ means
word-final, ‘I’ means word-initial, ‘*’ marginal could be for certain conditions such as sonority or certain segments
or loanwords, X means it is illicit by the literature, ✓means it exists based on the literature, and ‘-’ means the
literature does not mention it. Egyptian syllables (McCarthy, 1979; Aquil, 2013), Gulf (Qafisheh, 1977; Al-Qenaie
et al., 2011), Hejazi (Alzaidi et al., 2019; Bokhari, 2020), Juba (Miller, 2006), Maltese (Galea and Ussishkin, 2018),
for Moroccan (Boudlal, 2001; Benhallam, 1989; Shaw et al., 2009; Heath, 2020), MSA (Halpern, 2009; Ryding,
2005), North Levantine (Kelly, 2021), and South Levantine (Rakhieh, 2009).

sent in some varieties; for example, CCV, and CCv
syllables are prominent only in MOR, and MAL,
and CVC and CV syllables are absent from JUB.
The results are consistent with prior descriptions of
these varieties. MAL, MOR, NLE, and SLE show
more complex (CC) onsets than other varieties.

Tier Differences For each tier in Table 5, we
compute the distribution of syllable shapes. Then
we measure pairwise similarity using JSD. Low
JSD values mean distributions are more similar.

From Table 5 we see that Wiktionary’s distribu-
tion can differ substantially from the predicted dis-
tribution. This disagreement is variety-dependent,
ranging from near-zero (e.g., MSA) to large val-
ues (e.g., EGY, JUB, GUL). This range in val-

ues suggests that Wiktionary’s syllabification is
broadly consistent with the syllabifier’s predictions
for some varieties, whereas others’ are not. These
differences may be due to annotation practice (e.g.,
treatment of glides, epenthetic glottal stops, or
geminates) or to systematic entry noise.

The other pattern we noticed is that Predicted
is very close to Silver (≈0) for all varieties. The
result means that the Silver tier is distributionally
almost identical to the syllabifier’s output, indicat-
ing that the automatic fixes are correcting Wik-
tionary’s inconsistencies without changing the syl-
labifier’s overall syllable structure profile, where
we see a nontrivial Bronze–Silver difference in
EGY, GUL, JUB, MAL, and NLE.
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Lang W-P W-B W-S W-G P-B P-S P-G B-S B-G S-G

EGY 0.096 0.090 0.093 0.096 0.010 0.001 0.000 0.012 0.010 0.001
GUL 0.077 0.078 0.076 — 0.006 0.000 — 0.006 — —
HEJ 0.015 0.014 0.013 — 0.000 0.000 — 0.000 — —
JUB 0.084 0.104 0.084 — 0.021 0.000 — 0.021 — —
MAL 0.001 0.009 0.001 — 0.008 0.000 — 0.008 — —
MOR 0.006 0.006 0.005 — 0.000 0.000 — 0.000 — —
MSA 0.000 0.000 0.000 — 0.000 0.000 — 0.000 — —
NLE 0.047 0.039 0.039 0.043 0.006 0.001 0.001 0.005 0.005 0.000
SLE 0.005 0.002 0.000 0.002 0.002 0.003 0.002 0.001 0.000 0.001

Table 5: JSD across dataset tiers (rounded to 3 decimals). P=Predicted (syllabifier output), W=Wiktionary (raw),
B=Bronze (matches+exclude known mislabels), S=Silver (matches+automatic fixes), G=Gold (matches+manual
fixes; available only for SLE, NLE, EGY). Metric. Each entry is the Jensen–Shannon divergence (JSD) between
syllable distributions.

EGY GUL HEJ JUB MAL MOR MSA NLE SLE Mean

EGY — 0.020 0.004 0.128 0.081 0.074 0.008 0.036 0.017 0.046
GUL 0.020 — 0.017 0.144 0.054 0.034 0.019 0.011 0.013 0.039
HEJ 0.004 0.017 — 0.140 0.081 0.069 0.005 0.032 0.015 0.045
JUB 0.128 0.144 0.140 — 0.126 0.233 0.142 0.185 0.140 0.155
MAL 0.081 0.054 0.081 0.126 — 0.063 0.084 0.054 0.061 0.076
MOR 0.074 0.034 0.069 0.233 0.063 — 0.074 0.015 0.045 0.076
MSA 0.008 0.019 0.005 0.142 0.084 0.074 — 0.033 0.023 0.049
NLE 0.036 0.011 0.032 0.185 0.054 0.015 0.033 — 0.019 0.048
SLE 0.017 0.013 0.015 0.140 0.061 0.045 0.023 0.019 — 0.042

Table 6: Cross-variety distance matrix (Silver): JSD over syllable distributions. Entries are Jensen–Shannon diver-
gences (JSD) between varieties’ Silver tier syllable distributions. The Mean column reports each variety’s mean
JSD to the other varieties (excluding self).

6.2 Cross-variety Analysis
Table 6 reports Jensen–Shannon divergence (JSD)
values of the syllable distributions of Silver-tier va-
rieties. JSD is a symmetric measure of distribu-
tional dissimilarity, with lower values indicating
greater similarity between distributions.

Variety Clusters The general conclusion from
the data is that the distances are mostly minimal
outside of JUB, MAL, and MOR. The results can
be split into three clusters. The first one includes
HEJ-EGY, HEJ-MSA, and EGY-MSA. The second
cluster of varieties includes GUL, NLE, and SLE;
these three varieties are closely related. The last
cluster, with its most significant divergence, in-
cludes JUB, MAL, and MOR; these varieties are
the furthest from the others.

Centrality (mean column) The Mean column
provides an overview of each variety’s centrality.
GUL is identified as the most central variety (Mean
0.039), whereas JUB is the most distant from the
mean (0.155), followed by MAL and MOR both
(0.076). JUB exhibits the lowest similarity to all

other varieties. MAL is the second least similar
to most varieties, except in the cases of JUB and
MOR, where NLE is the second least similar to
JUB, and MSA is the second least similar to MOR.

These results align with the linguistic literature,
as the following varieties are generally considered
distinct from other Arabic varieties. For exam-
ple, JUB is creole; Italian and other Romance
languages heavily influence MAL, and Tamazight
heavily influences MOR and has a very unique con-
sonant cluster compared to other varieties.

7 Error Analysis

SIMPLESYLLABIFY’s errors are primarily of one
type, which is the consistent division of word-
internal CCC clusters into C.CC. As discussed in
Section 3, this is the default behavior of the algo-
rithm when no set of licit onsets is learned or pre-
specified. Nevertheless, performance is very high,
indicating that this is rarely a problem. For ex-
ample, in NLE <ߓߵّگ؇ن> [birt.ʔAn] ‘oranges’ was
predicted as [bir.tʔAn] and in Moroccan, <أرًأ۰>
[ʔarb.ʕa] ‘four’ was predicted as [ʔar.bʕa].
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To further refine the syllabifications, we could
employ a more complex syllabification algorithm
grounded in additional phonology that uses sonor-
ity hierarchies, in addition to the Maximum On-
set Principle, to adjudicate between syllabifica-
tions without explicitly specifying how a variety
should split consonant clusters (Clements, 1990).
However, sonority hierarchies can also vary cross-
linguistically, meaning that segments tend to be ar-
ranged according to the Sonority Sequencing Prin-
ciple, generally with rising sonority in onsets and
falling sonority in codas. A simple Sonority Scale
from most sonorous to least: vowel < glide < liquid
< nasal < obstruent (fricative, stop) (Selkirk, 1984;
Clements, 1990).

Second type of error is when there is a glide
followed by a consonant, such as in <۰ਊಱدو>
[du.wajb.ba] ‘a small animal’, the syllabifier gen-
erates [du.waj.bba]. The third error type occurs
when there are diphthongs, which are two different
vowels that share the same syllable nucleus; for ex-
ample, the reference for JUB has <kweys> [kweis]
‘good’, and the predicted is [kwe.is]. While SIM-
PLESYLLABIFY has the means to capture these syl-
lables, it requires additional language-specific pa-
rameters to be specified.

8 Conclusion and Future Work

We study the problem of syllabification of multi-
ple Arabic varieties from their unsyllabified sur-
face forms written in IPA. We use Maltese, Egyp-
tian, South Levantine, North Levantine, Moroccan,
Hejazi, Gulf, and Modern Standard Arabic to eval-
uate the syllabification algorithm on a wide geo-
graphic range and the Arabic continuum. We com-
pare the algorithm’s results to the syllable struc-
tures described in the literature. Our method shows
that applying a non-probabilistic rule-based algo-
rithm is highly successful at syllabifying all Arabic
varieties. Then we compare results from using a
single syllabifier across all varieties versus one per
variety, showing that a general syllabification al-
gorithm performs better for these Arabic varieties.
Another thing is how practical this syllabification
algorithm is for cleaning data by comparing where
it diverges. This allows us to understand the sylla-
ble structures in these varieties better.

Future work may involve extending this analy-
sis to a broader range of languages to determine
whether the results are consistent with those of the
current study. Another avenue for exploration is

incorporating sonority ranking into the syllabifier
to assess potential improvements in performance.
Sonority ranking could be learned using a Bottom-
Up Factor Inference Algorithm (BUFIA) (Chan-
dlee et al., 2019), a grammar inference algorithm
that infers the most general set of forbidden con-
straints from positive data. Additionally, methods
for learning onsets and codas directly from data,
without relying on a sonority hierarchy, warrant in-
vestigation.

The identification of different Arabic varieties
can be investigated based on their syllable struc-
tures and distributions. Furthermore, incorporat-
ing this information into neural networks may facil-
itate data generation for low-resource varieties by
augmenting Modern Standard Arabic data, thereby
enabling transfer learning.
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Limitations

One of the main limitations of this distributional
analysis is that we are looking at the frequency of
syllable structures across types rather than the ac-
tual token frequency. For example, it can be that
the types with CV are less used in real life than
those with a different syllable structure because
many of the Arabic varieties delete certain short
vowels in open syllables. Unfortunately, this is not
something we can solve for now, as there is no real
frequency for tokens for Arabic varieties for this
type of data.
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Abstract

Being modeled as a single-label classification
task for a long time, recent work has argued
that Arabic Dialect Identification (ADI) should
be framed as a multi-label classification task.
However, ADI remains constrained by the avail-
ability of single-label datasets, with no large-
scale multi-label resources available for train-
ing. By analyzing models trained on single-
label ADI data, we show that the main diffi-
culty in repurposing such datasets for Multi-
Label Arabic Dialect Identification (MLADI)
lies in the selection of negative samples, as
many sentences treated as negative could be ac-
ceptable in multiple dialects. To address these
issues, we construct a multi-label dataset by
generating automatic multi-label annotations
using GPT-4o and binary dialect acceptability
classifiers, with aggregation guided by the Ara-
bic Level of Dialectness (ALDi). Afterward,
we train a BERT-based multi-label classifier us-
ing curriculum learning strategies aligned with
dialectal complexity and label cardinality. On
the MLADI leaderboard, our best-performing
LAHJATBERT model achieves a macro F1 of
0.69, compared to 0.55 for the strongest pre-
viously reported system. Code and data are
available at https://mohamedalaa9.github.
io/lahjatbert/.

1 Introduction

Arabic has a wide range of diverse dialects spoken
across the Arab World. While Modern Standard
Arabic (MSA) is used in official communication,
education, and media, everyday conversations typi-
cally happen in local dialects (Habash, 2010). Di-
alects vary between countries, and can even vary
within same-country cities and local communities,
creating a complex linguistic landscape (Zaidan
and Callison-Burch, 2014; Althobaiti, 2020).

Arabic Dialect Identification (ADI) is the task
that aims to identify the dialect of a sentence. ADI

∗ Equal contribution.

Dialects Sentence

Jordan, Palestine èQÖÏ @ð èñÊmÌ'@ ¨ 	�ªK. I. 	Jk. É 	¢	� A 	J �® 	®�K @
(We agreed to stick by each other
through thick and thin.)

Algeria, Egypt, Jordan,
Palestine, Sudan, Syria,
Tunisia, Yemen

Õ» AªÓ ú
G. A�k ñJ.�k@
(Make sure to count me in with you.)

Algeria, Palestine, Su-
dan, Yemen

éÒ��. 	­Ë


@ ø
 ñ�

�� 	áK
 	P AK
 ½�JÒ��.
(Your smile, oh beautiful one, is
worth a thousand other smiles.)

All Arabic Dialects ½J
Ë @
 Ñêk@ðP


@ �IJ.ë 	X 	áÖÏ é 	Jm.Ì'@ ÑêÊË @

(O Allah, grant Paradise to those
whose souls have returned to You.)

Table 1: Examples illustrating dialect overlap in Arabic,
sampled from the manually annotated NADI2024 Sub-
task 1 development set. Note: the dataset has labels for
eight country-level dialects only.

has been modeled as a single-label classification
problem, with systems trained and evaluated on
resources such as AOC (Zaidan and Callison-Burch,
2011), MADAR (Bouamor et al., 2019), QADI (Ab-
delali et al., 2021), and NADI benchmarks (Abdul-
Mageed et al., 2020, 2021b, 2022, 2023). However,
as illustrated in Table 1, a single utterance may si-
multaneously sound natural to speakers from mul-
tiple countries, making it inherently multi-dialectal
and difficult for traditional single-label classifica-
tion methods to produce accurate results (Keleg
and Magdy, 2023; Olsen et al., 2023). Even moder-
ately long sentences can be acceptable in multiple
dialects (Keleg et al., 2025).

To better capture this phenomenon, the field has
begun transitioning to Multi-Label Arabic Dialect
Identification (MLADI), which allows an utterance
to be tagged as acceptable in multiple dialects.1

This transition has been driven by the evolution of
the NADI shared tasks, a recurring benchmark se-

1Multi-label Dialect Identification is being explored for
other languages such as French and Spanish (Bernier-colborne
et al., 2023; Zampieri et al., 2024; Lopetegui et al., 2025).
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ries for Arabic Dialect Identification. While earlier
editions of NADI (2020–2023) framed ADI as a
single-label classification problem, assigning each
sentence to a single country-level dialect (Abdul-
Mageed et al., 2020, 2021b, 2023), the NADI2024
shared task introduced multi-label annotations to
explicitly account for dialectal overlap (Abdul-
Mageed et al., 2024). However, in NADI2024,
multi-label annotations are provided only for the
development and test sets, while the training data
remains single-labeled, creating a mismatch be-
tween the nature of the task and the structure of
the training data. As a result, MLADI introduces
a weakly-supervised classification problem, where
models must learn to predict multiple dialects based
on datasets that provide only one ground-truth label
per instance.

In this work, we examine the mismatch be-
tween the multi-label nature of Arabic dialect us-
age and the single-label structure of existing ADI
datasets by analyzing the behavior of binary dialect-
specific acceptability classifiers trained on single-
label NADI datasets (Abdul-Mageed et al., 2020,
2021b, 2023). Using the classifiers’ training dy-
namics (Swayamdipta et al., 2020), we show that
a substantial portion of samples treated as nega-
tive supervision is in fact judged acceptable by na-
tive speakers. This observation highlights the diffi-
culty of accurately selecting negative samples when
repurposing single-label, geo-located datasets for
multi-label dialect identification and motivates ex-
plicit multi-label supervision.

Building on these insights, we construct a multi-
label training set by aggregating pseudo-labels
from two heterogeneous sources: GPT-4o and a
set of 18 binary dialect acceptability classifiers.
Using this dataset, we train a BERT-based multi-
label classifier, which we refer to as LAHJATBERT.
We train it under three settings: without curriculum
learning, with an ALDi-aware curriculum, and with
a label-cardinality-based curriculum (Bengio et al.,
2009). The two curriculum strategies progressively
expose the model to sentences of increasing dialec-
tal ambiguity, allowing it to learn from simpler
instances before confronting harder ones.

Our contributions are threefold:

1. We provide an in-depth analysis of the limita-
tions of reusing single-label ADI datasets for
multi-label dialect acceptability.

2. We construct a pseudo-labeled multi-label
dataset for MLADI by combining the predic-

tions of GPT-4o and binary dialect classifiers.2

3. We introduce LAHJATBERT, a family of multi-
label BERT-based models trained on the con-
structed dataset, and investigate curriculum-
based training variants aligned with the multi-
label structure of MLADI. The best-performing
variant achieves 69.04% macro-F1 on the
MLADI leaderboard (Keleg et al., 2025), sur-
passing the top NADI2024 system and outper-
forming larger multilingual and Arabic-specific
language models.

2 MLADI Task’s Setup and Previous
Attempts
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Figure 1: Number of samples in each dialect after com-
bining the NADI 2020, 2021, 2023 datasets. Samples
with automatically estimated Arabic Level of Dialect-
ness (ALDi; Keleg et al., 2023) ≤ 0.11 are expected
to be in MSA. The majority of the MSA samples are
expected to be acceptable in all dialects.

The MLADI dataset only provides a develop-
ment set of 120 samples and a test set of 1000
samples. Each sample of the development set is
manually labeled by annotators from 8 countries,
while the test set has 11 country-level acceptability
labels. To build multi-label ADI systems, the task
requires using the following three single-labeled
NADI datasets: NADI 2020 (Abdul-Mageed et al.,
2020), NADI 2021 (Abdul-Mageed et al., 2021b),
and NADI 2023 (Abdul-Mageed et al., 2023). All
these datasets provide tweets annotated with their
estimated geo-location country label covering 18
countries: Algeria, Bahrain, Egypt, Iraq, Jordan,

2Following the NADI shared-task license, we release only
tweet IDs and derived labels, not the underlying tweet text.
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Kuwait, Lebanon, Libya, Morocco, Oman, Pales-
tine, Qatar, Saudi Arabia, Sudan, Syria, Tunisia,
the UAE, and Yemen. Since these datasets rely on
the user geo-location rather than manual linguistic
annotation, posts authored by users whose geo-
location differs from their country of origin can be
mislabeled (Abdul-Mageed et al., 2024). NADI
2023 contains 1,000 tweets for each of 18 Ara-
bic country-level dialects. By contrast, NADI 2020
and NADI 2021 are more imbalanced, with dialects
such as Bahraini and Qatari underrepresented rel-
ative to more frequent varieties like Egyptian and
Iraqi. The combined distribution of samples across
dialects is shown in Figure 1.

Previous MLADI Attempts. Kanjirangat et al.
(2024) used a nearest-neighbour approach to pre-
dict multiple labels for each sample, by encoding
the training data samples and the test set into the
same embedding space. Karoui et al. (2024) tack-
led the weak supervision problem by applying a
similarity-based label expansion strategy. Their
method, SIMMT, heuristically assigns additional
labels to each sample based on vocabulary sim-
ilarity between dialects, followed by multi-label
fine-tuning of transformer models. This approach
demonstrated that moving from single-label to
multi-label supervision can improve performance
on the MLADI task. Our work replaces heuristic
label expansion with a pseudo-labeling framework
that integrates complementary signals from multi-
ple models to produce multi-label annotations. This
yields a richer supervision signal than surface-level
similarity measures.

3 Difficulties of Using Existing Datasets
for Dialect Acceptability Classification

An intuitive idea to build multi-label ADI systems
is to repurpose single-label ADI datasets for train-
ing multiple independent binary classifiers, each
of which assesses the acceptability of a sentence
in a specific dialect. For a specific country-level
dialect (Cntry), one might take samples geolocated
to Cntry as positive (i.e., acceptable) samples for
the country’s classifier, and samples geolocated to
other countries as negatives. Previous attempts
have shown that this technique does not achieve
the best classification performance (Karoui et al.,
2024; Kanjirangat et al., 2024). However, they
have not analyzed the reasons for the failure of this
technique, which we investigate here.

3.1 Other Countries’ Samples Are Not
Always Negative Samples

Definition For a dialect acceptability model, the
negative class represents sentences with any lin-
guistic feature (e.g., a morpheme or a lexical item)
that is not acceptable in the considered dialect.
The positive class represents the remaining sen-
tences acceptable in this dialect or in MSA.

The majority of the samples geo-located to the
considered dialect are expected to be positive sam-
ples. The fact that some of these samples could
also be acceptable in other dialects does not impact
their categorization as positive samples, according
to the aforementioned definition. To the contrary,
considering samples geo-located to other dialects
as negative samples is problematic. More specifi-
cally, a subset of these samples is expected to also
be acceptable in the dialect considered. Conse-
quently, this subset of negative sentences should be
reassigned to the positive class. We next show how
model training dynamics could guide the identifi-
cation of wrongly assigned negative samples.3

3.2 Training Dynamics and Multi-label
Samples

Swayamdipta et al. (2020) used three metrics
tracked during the model training process to cate-
gorize each sample’s difficulty to be learned. For
a training sample xi with a label yi, the confidence
that the model assigns to the target yi is tracked at
the end of each training epoch (or every number
‘N’ of training batches). The mean and standard de-
viation of the tracked confidence scores assigned to
the sample’s target label are termed the Confidence
and Variability metrics, respectively. Correctness
represents the percentage of epochs (or N batches)
for which the model assigns a higher probability to
the sample’s target label than all the other labels.
Based on these metrics, the training dataset is split
into three main categories—(1) easy to learn sam-
ples: high-Confidence and low-Variability, (2) am-
biguous samples: moderate-Confidence and high-
Variability, and (3) hard to learn: low-Confidence
and low-Variability.

Intuition A dialect acceptability classifier would
struggle to learn negative samples that are also ac-
ceptable in the considered dialect, as these samples

3Abdul-Mageed et al. (2024) found that NADI’s geo-
location method has a moderate to high accuracy of ensuring
a sentence’s acceptability in a specific country-level dialect.
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Figure 2: The training dynamics for 6 binary acceptability classifiers, characterized by the mean confidence in the
label across different steps/stages of the model training (y-axis), and the standard deviation of these confidence
values (x-axis). Each pair shows the training dynamics’ metrics for the non-MSA positive (left) and negative (right)
samples of a single classifier, with the respective number of samples shown above each subplot. Note: Sample’s
correctness ranges are : 0 : ]0, 0.2[ : [0.2, 0.4[ : [0.4, 0.6[ : [0.6, 0.8[ : [0.8, 1[ : 1

should belong to the positive class. These samples
are expected to be ambiguous or even hard to learn.

Methodology We train 18 dialect acceptability
classifiers, one for each country represented in the
NADI datasets. For each country’s classifier, sam-
ples of the NADI datasets geo-located to this coun-
try, and MSA samples (ones with ALDi < 0.11)
are considered as positive (acceptable) samples,
with the remaining samples considered as nega-
tive (unacceptable) samples. Confidence scores
are tracked every 300 steps (≈ 1

5 th of an epoch)
for 5 epochs. However, the first epoch’s confi-
dence scores are ignored, as the model’s training
dynamics could be unstable during the early learn-
ing stages (Swayamdipta et al., 2020).

Findings Figure 2 shows the training dynamics
for six different acceptability classifiers, for the
positive (non-MSA) samples and the negative sam-
ples. First, a few samples (<50) for each set have
a correctness value of 0. Moreover, the larger the
imbalance between the number of positive and neg-
ative samples becomes, the smaller the percentage
of negative samples with non-perfect correctness is.

For instance, 7.2% (n=3,046) of Egypt’s negative
samples have non-perfect correctness scores com-
pared to only 1.9% (n=920) for Sudan. These neg-
ative samples with non-perfect correctness scores
are potentially wrongly assigned samples.

3.3 Usability of Training Dynamics in
Flagging Wrongly Assigned Samples

To understand the effectiveness of training dynam-
ics in identifying wrongly assigned samples, we
engaged native speakers to manually evaluate the
acceptability of sentences with varying correct-
ness scores. Specifically, we recruited one anno-
tator from the following countries: Egypt (EG),
Iraq (IQ), Algeria (DZ), Tunisia (TN), Jordan (JO),
and Sudan (SD).4

For each country, we sample 10 examples from
each of the seven correctness ranges: 0, ]0, 0.2[,
[0.2, 0.4[, [0.4, 0.6], [0.6, 0.8[, [0.8, 1[, 1. In
total, 140 samples are annotated for each dialect
(70 of which are positive and the remaining 70
are negative), unless one of the bins had fewer

4Notably, the six recruited annotators previously partici-
pated in the annotation of NADI 2024’s evaluation sets.
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than 10 samples. The annotators follow the same
guidelines of NADI 2024’s first subtask (Abdul-
Mageed et al., 2024), whereby they answer: Is it
possible that the tweet is authored by someone
who speaks one of your country’s dialects? Op-
tions: Yes, Not Sure/Maybe, or No.

Results Inspecting the number of acceptable sam-
ples in each bin in Table 2, a large number of nega-
tive samples with correctness < 1 are rated as ac-
ceptable, indicating the effectiveness of using non-
perfect correctness scores to flag wrongly assigned
negative samples. Conversely, a majority of the
positive samples are rated as acceptable for the dif-
ferent correctness bins, even for correctness scores
that are less than 0.6, which could be attributed to
the class imbalance toward negative samples.

Label Correctness
0 ]0,0.2[ [0.2,0.4[ [0.4,0.6[ [0.6,0.8[ [0.8,1[ 1

E
G +ve 2 6 6 6 7 9 10

-ve 10 10 10 9 8 4 2

IQ

+ve 4 2 1 6 4 5 7
-ve 9 6/8 10 9 7 5 2

D
Z +ve 3 4 5 5 8 7 9

-ve 9 5/5 8 9 9 8 4

T
N +ve 1 3 1 0 1 5 7

-ve 2/2 4/4 8/9 7 5 4 1

JO

+ve 3 7 6 5 8 10 9
-ve 2/2 5/5 10 10 9 9 2

SD

+ve 5/8 1/2 6 7 10 8 10
-ve 5/5 3/3 8/8 7 8 10 1

Table 2: The number of acceptable samples for the dif-
ferent correctness bins. For each row, each bin contains
10 total samples, except for a few bins marked by the
acceptable/total format. Note: Values marked in blue
indicate that >50% of the bin’s samples are acceptable,
while values marked in red indicate that <50% of the
bin’s samples are acceptable. The high-correctness bins
of the positive class are expected to have a large number
of acceptable samples. Conversely, the high-correctness
bins of the negative class are expected to have a small
number of acceptable samples, which is not the case.
Country codes follow the ISO 3166-1 alpha-2 standard.

Moving Forward Our analysis shows that a large
proportion of negative samples with non-perfect
correctness scores should be reassigned to the pos-
itive class. However, manual annotation is still
required to assess these automatically flagged sam-
ples. Moreover, the class imbalance seems to have
an impact on the model’s dynamics. Future work
could consider using a human and model in the

loop setup (Vidgen et al., 2021). More specifically,
the initial model’s training dynamics are used to
automatically identify ambiguous samples, which
are then manually reassigned to the correct class.
Afterward, another model is trained from scratch
on the dataset after reassignment, with the new
model’s dynamics used to automatically identify
new ambiguous samples.

4 Multi-Label ADI Dataset Creation

It seems inevitable that building multi-label ADI
models requires the presence of multi-label ADI
training datasets, especially to reduce the num-
ber of false negatives for each dialect (i.e., sam-
ples wrongly assumed unacceptable in that dialect).
However, building large enough multi-label ADI
datasets is expensive, since annotating just 1,120
samples by speakers of 9 countries could cost
as much as $1,700 (Abdul-Mageed et al., 2024).
Hence, we propose two pseudo-labeling methods
for building multi-label ADI datasets:

(1) Binary Dialect Classifiers. We again build
18 independent acceptability classifiers, one per
country-level dialect dia, each predicting whether a
sentence x is acceptable in dialect dia. These clas-
sifiers are trained only on the balanced NADI 2023
dataset to avoid skewed pseudo-labels. For a sen-
tence xi, we generate 18 acceptability pseudo-
labels using the 18 classifiers as:
ŷBIN
xi

= (Acceptdia1(xi), . . . , Acceptdia18(xi)) .
Here, we notably rely on the Arabic Level of

Dialectness (ALDi; Keleg et al., 2023) score as a
global signal characterizing the degree of dialect-
ness of each sentence (ai = ALDi(xi) ∈ [0, 1]).
Keleg et al. (2025) showed that ALDi moderately
correlates with the number of dialects in which a
sentence is acceptable. The higher the ALDi score
of a sentence, the less the number of dialects in
which the sentence is acceptable.

For the positive samples of dia’s acceptability
classifier Acceptdia(xi), we consider all sentences
from the NADI datasets that are geolocated to dia,
in addition to MSA sentences with ai < 0.11,
which are broadly acceptable across dialects, ir-
respective of their geolocation. Since treating all
sentences geolocated to other regions as negative
examples leads to systematic errors (as shown in
Section 3), we prioritize the precision of select-
ing true negative samples. To this end, we only
select sentences that are (1) geolocated to non-
neighbouring dialect regions, (2) with high dialect-
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Pseudo-Labeling Method Pmacro Rmacro F1macro Acc.

(1) Binary Dialect Classifiers 78.2 51.4 60.4 76.2
(2) GPT-4o Pseudo-Labels 73.5 66.3 67.8 77.4

Hybrid ALDi-Based Labels (§4.2) 77.5 62.8 68.5 79.3

Table 3: Macro-averaged Precision, Recall, F1, and Ac-
curacy of the two methods in addition to the aggregation
method (§4.2) on the NADI2024 development set.

ness (ai > 0.77), where linguistic overlap with
dialect dia is less likely.5

(2) GPT-Based Multi-Label Annotation. For
each sentence, we obtain multi-label annotations
from GPT-4o by prompting the model to indepen-
dently assess the acceptability of the sentence in
each of the 18 dialects. This yields a binary rele-
vance vector ŷGPT

i ∈ {0, 1}18. The full prompting
template is provided in Appendix E.

4.1 Quality of Supervision Signals

To evaluate the two labeling methods, we use
the development set of the NADI2024 shared task
(Abdul-Mageed et al., 2024), which has 120 sen-
tences annotated for 8 country-level dialects. This
provides a useful benchmark for evaluating the per-
formance of the two methods, as shown in Table 3.

Our conservative way of selecting the samples
for the binary classifiers results in a high macro
precision of 78.2 and a moderate macro recall of
51.4. In contrast, GPT-4o achieves substantially
higher recall and a better overall F1 score. This
hints that GPT-4o is more willing to assign multiple
dialect labels, particularly in cases where dialectal
overlap is present.

4.2 Pseudo-Labels Aggregation

To better understand the results in Table 3, we an-
alyze performance across ALDi ranges in Table 4.
For MSA samples ([0, 0.11)), both GPT-4o and
the Binary Classifiers achieve perfect precision.
For highly dialectal samples ([0.77, 1]), the Binary
Classifiers attain higher precision, indicating more
reliable negative supervision when strong dialectal
cues are present.

In contrast, GPT-4o consistently achieves higher
recall and F1 in the intermediate ALDi ranges
([0.11, 0.77]), where dialectal overlap is more com-
mon. This behavior is consistent with the conserva-
tive construction of the Binary Classifiers, whose

5See Appendices B,C and D for more implementation
details.
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Figure 3: Number of samples for each label cardinality
according to the three pseudo-labeling methods.

negative samples are restricted to highly dialectal
cases (ai > 0.77), improving precision at the ex-
tremes but limiting coverage in the mid-range.

ALDi Bin Supervision Source Pmacro Rmacro F1macro

[0, 0.11) (1) Binary Classifiers 100.00 94.64 97.12
(n=7) (2) GPT-4o 100.00 90.48 94.84

[0.11, 0.44) (1) Binary Classifiers 76.99 46.81 55.99
(n=16) (2) GPT-4o 84.72 61.36 69.72

[0.44, 0.77) (1) Binary Classifiers 63.28 36.72 44.38
(n=48) (2) GPT-4o 63.86 56.94 57.15

[0.77, 1.0] (1) Binary Classifiers 77.60 51.38 59.03
(n=49) (2) GPT-4o 62.36 68.14 62.62

Table 4: Performance of the two pseudo-labeling meth-
ods on subsets of the NADI2024 development set.

Consequently, we aggregate the predictions of
the two pseudo-labeling methods by using the Bi-
nary Classifiers at the ALDi extremes (ai < 0.11
or ai > 0.77) and GPT-4o in the intermediate range
(0.11 ≤ ai ≤ 0.77). This aggregation combines
the strengths of both methods and achieves the best
macro F1 and accuracy on the evaluation set (last
row of Table 3), reflecting an improved precision–
recall trade-off.

5 Multi-Label Dialect Classification
Models

Using the pseudo-labeled multi-label ADI dataset
described in Section 4, we fine-tune MAR-
BERT (Abdul-Mageed et al., 2021a) as a multi-
label classifier over the 18 Arabic dialects (country-
level ADI). We refer to the resulting family of mod-
els fine-tuned under different settings, as LAHJAT-
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BERT. We train using binary cross-entropy with
logits loss, treating each label independently. Dur-
ing fine-tuning, we freeze the bottom 8 transformer
layers of MARBERT and update only the top 4
layers and the classification head. We do not fully
fine-tune all MARBERT layers since fine-tuning
only a fraction of the final layers recovers most
downstream effectiveness (Lee et al., 2019). Also,
we discard zero-cardinality samples (i.e., instances
for which the pseudo-labeling step assigns no di-
alect), since keeping them would treat the samples
as negative for all 18 dialects and inject system-
atic noise. We report the complete training and
inference hyperparameters in Appendix A.

An analysis of the dataset (Figure 3) reveals a
strong skew in the cardinality distribution: most
samples contain only one or two active dialects.
This bias might encourage the model to predict
low-cardinality outputs, substantially reducing re-
call for sentences acceptable in multiple dialects.
To mitigate the dataset’s inherent low-cardinality
bias, we adopt two strategies for curriculum learn-
ing (CL). In both strategies, the complexity of the
training examples is increased in a controlled man-
ner during the model training process, to achieve
better model generalization (Bengio et al., 2009).
The exact ordering of both the cardinality buckets
and the ALDi buckets is motivated in Appendix F.

5.1 Cardinality-Based Curriculum Learning

In this strategy, the samples’ label cardinality is
used as a proxy for their respective complexi-
ties. For a sentence xi with a pseudo-labeled
target vector yi ∈ {0, 1}18, the label cardinality
c(xi) = ∥yi∥0 represents the number of dialects
in which the sentence is acceptable. This strategy
is proposed to mitigate the skewness of the training
dataset samples toward lower cardinalities.

We partition the training set into cardinality
buckets Bc, where Bc contains samples with label
cardinality c. We then define a curriculum order-
ing over these buckets using the mean loss of each
cardinality. Let π(e) denote the cardinality index
of the bucket selected at curriculum stage e. At
stage e, the model is trained on (1) all examples
from Bπ(e), and (2) an equal number of randomly
sampled examples from each previously introduced
bucket Bπ(1), . . . , Bπ(e−1).

The model first trains exclusively on the bucket
introduced at the first curriculum stage. In the
next stage, the bucket selected next is introduced

together with an equal number of samples drawn
from each previously introduced bucket. This pro-
gression continues until the full cardinality range
in the dataset is incorporated. The overall training
schedule is illustrated in Figure 4, which visualizes
how buckets are gradually introduced while main-
taining balanced exposure across earlier stages.

Epoch 1 Epoch 2 Epoch 3 Epoch 4 Epoch 5
Training Epoch

0

250

500

750

1000

1250

1500

1750

2000

N
um

be
r 

of
 T

ra
in

in
g 

Sa
m

pl
es

ALL
(n =1000) n

(800) n
(600) n

(400) n
(250)

ALL
(n =800)

n
(600)

n
(400)

n
(250)

ALL
(n =600)

n
(400)

n
(250)

ALL
(n =400)

n
(250)

ALL
(n =250)

Bucket 1
Bucket 2
Bucket 3
Bucket 4
Bucket 5

Figure 4: Illustration of the cardinality-based curricu-
lum schedule, showing the progressive introduction of
higher difficulty cardinality samples. The numerical val-
ues are illustrative and do not reflect the actual dataset.

5.2 ALDi-Based Curriculum Learning

ALDi provides another intuitive proxy for the sam-
ples’ complexities. Samples with intermediate
ALDi scores are expected to be harder than MSA
samples with low scores and high-score samples
that show clear cues of a specific dialect.

We divide the continuous ALDi range into four
contiguous intervals: I1 = [0, 0.11), I2 =
[0.11, 0.44), I3 = [0.44, 0.77), I4 = [0.77, 1].
For each interval Ik, we construct a bucket Bk that
contains all training examples whose ALDi score
falls in that range: Bk = {xi | a(xi) ∈ Ik}; where
a(xi) ∈ [0, 1] denotes sentence xi’s ALDi score.

We define a curriculum ordering over the ALDi
buckets based on average training loss. Let π(e)
denote the index of the ALDi bucket selected at
epoch e, with buckets ordered from lowest to high-
est loss. At epoch e, the model is trained on (1) all
examples from the current bucket Bπ(e), and (2) a
random subset of examples from each previously
introduced bucket Bπ(1), . . . , Bπ(e−1), following
the same sampling strategy as the cardinality-based
CL.

6 Results

We evaluate our multi-label dataset construction
and training strategies on the NADI2024 develop-
ment set, which provides multi-label annotations
for 8 country-level dialects. Since our training

267



and supervision span 18 dialects, we report met-
rics only on the overlapping label set.

6.1 Multi-Label Model Performance
We evaluate how a single multi-label classifier can
learn from different supervision signals by train-
ing the same model architecture on each dataset
without curriculum learning. This setup isolates
the effect of the supervision labels themselves.

As shown in Table 5 (Block II), the model trained
on GPT-4o labels achieves higher macro Recall
but lower Precision, indicating a tendency to over-
predict dialect labels. In contrast, training on the
hybrid labels yields higher Precision and Accuracy
while maintaining comparable macro F1. This be-
havior is consistent with the design of the hybrid
labels, which combines the conservative behavior
of the binary classifiers at ALDi extremes with the
richer GPT-based labels in the ALDi mid-range.

Model Pmacro Rmacro F1macro Acc.

(I) Baseline

NADI 2024 Baseline 71.2 30.9 39.7 69.3

(II) Multi-Label Model Performance

Trained on GPT-4o labels 69.6 65.7 66.2 75.5
Trained on hybrid labels 73.7 63.7 67.4 77.5

(III) Curriculum Learning on Hybrid Dataset

Hybrid + Cardinality-Based CL 69.0 80.6 72.7 77.5
Hybrid + ALDi-Based CL 71.4 71.3 70.3 78.2

Table 5: Macro-averaged Precision, Recall, F1, and
Accuracy on the NADI2024 development set. Results are
grouped into (i) multi-label model performance without
CL, and (ii) the effect of CL.

6.2 Impact of Curriculum Learning
We next examine the effect of curriculum learning
by comparing curriculum-based training with the
baseline setting without a curriculum. As shown in
Table 5 (Block III), both curriculum learning strate-
gies improve macro F1 relative to training without
curriculum learning, while consistently increasing
recall and reducing precision.

In our setup, the curriculum order is derived
from a loss-based criterion (Appendix §F), where
examples introduced at the latest stages tend to be
more ambiguous, corresponding to intermediate
label cardinalities and intermediate ALDi scores.

One possible interpretation of the observed recall
increase is that exposure at the latest curriculum
stages to higher-loss, more ambiguous examples
encourages the model to activate a larger set of

labels per instance. These examples are charac-
terized by intermediate ALDi scores and multiple
valid dialect labels per instance. This broader label
coverage may help recover more relevant dialect
labels, leading to higher recall. At the same time,
predicting more labels per instance can make the
model less conservative, which is reflected in the
accompanying reduction in precision.

This interaction also helps explain why curricu-
lum learning is most effective when applied to the
hybrid supervision. Since the hybrid annotations
exhibit higher precision than GPT-4o labels alone,
they help limit the precision loss associated with
increased recall.

6.3 Generalization on the MLADI Test Set
We evaluate whether the improvements on the de-
velopment set generalize to the MLADI test set.
Table 6 reports the performance of the three LAH-
JATBERT variants compared with the NADI 2024
baseline and previously reported systems.

The NADI 2024 baseline is a single-label dialect
identification model, but it is converted into a multi-
label predictor at test time. For each sentence, it
computes a softmax distribution over the 18 di-
alect classes, then selects the most likely dialects
until their cumulative probability reaches a fixed
value (we use the Top-90% setting, i.e., P=0.9),
and returns those dialects as the predicted label set
(Abdul-Mageed et al., 2024).

All LAHJATBERT variants outperform the
shared-task baseline and prior approaches in terms
of macro F1, indicating that the gains obtained
from the constructed supervision and training
strategies extend beyond the development setting.
Among the LAHJATBERT variants, the ALDi-
based curriculum achieves the highest macro F1,
while the cardinality-based curriculum yields the
highest recall, mirroring the precision-recall trade-
offs observed on the development set.6

Model Pmacro Rmacro F1macro Acc.

LAHJATBERT (no curriculum) 69.0 69.7 68.0 79.1
LAHJATBERT + Cardinality CL 59.3 81.0 66.6 73.9
LAHJATBERT + ALDi CL 65.0 76.4 69.0 78.2

Aya-32B (Dang et al., 2024) 49.5 64.5 54.5 65.6
Elyadata (Karoui et al., 2024) 50.2 56.9 52.4 67.0
NADI 2024 Baseline 64.8 39.9 47.0 72.3

Table 6: Macro-averaged Precision, Recall, F1, and Ac-
curacy on the MLADI test set (Keleg et al., 2025), which
contains 1,000 sentences annotated for 11 dialects.

6We analyze the models’ predictions in the Appendix (§G).
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7 Conclusion and Future Work

This work examines the limitations of reusing
single-label Arabic dialect identification (ADI)
datasets for multi-label ADI (MLADI). We specifi-
cally highlight that the difficulty of building binary
dialect acceptability classifiers lies in the selection
of negative samples. While training dynamics can
help in automatically flagging wrongly-assigned
negative samples, manual verification is still re-
quired to assess the acceptability of these flagged
samples. Using single-label ADI data, we construct
a pseudo-labeled multi-label dataset by aggregating
predictions from GPT-4o and binary dialect accept-
ability classifiers, and introduce LAHJATBERT,
a family of BERT-based multi-label models that
outperform existing MLADI systems.

Future work could incorporate targeted human
annotation for samples identified as ambiguous by
the analysis, enabling iterative refinement of multi-
label supervision. Finally, our CL approach sub-
stantially improves recall. Future work could ex-
amine whether similar gains extend to other multi-
label tasks beyond dialect identification.

Limitations

Our evaluation is limited by the label coverage of
available benchmarks. Although our training and
supervision signals span 18 dialects, the NADI2024
development set provides multi-label annotations
for only 8 country-level dialects, so development
metrics are computed only on the overlapping label
subset. Likewise, the test set covers only 11 di-
alects, restricting conclusions about generalization
to the full 18-dialect label space.

A second limitation originates from the fact that
NADI relies on user geo-location as a proxy for di-
alect rather than direct linguistic annotation, which
can be noisy when posting location and actual di-
alect do not align.

Ethics and Broader Impact

This work uses anonymized Arabic tweets from
the publicly released NADI shared-task datasets,
collected via the Twitter API under the platform’s
terms. Following NADI licensing restrictions, we
release only tweet IDs and our automatically gen-
erated multi-label annotations (not the underlying
tweet text), along with code and trained models to
enable reproducibility. The research is methodolog-
ical, and while dialect identification can support

beneficial language technologies and sociolinguis-
tic analysis, it also carries risks of misuse (e.g.,
profiling or surveillance), which we explicitly do
not endorse and is outside the scope of this work.
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A Experimental Details

We provide the full training and inference hyper-
parameters for the multi-label setup described in
section 5. We fine-tune a BERT-based model for
multi-label country-level Arabic dialect identifica-
tion with 18 binary labels, where the classifica-
tion head outputs one logit per country. Training
minimizes binary cross-entropy with logits, which
implements a combination of sigmoid and binary
cross-entropy and treats each label independently.
We split the data into 90% training and 10% val-
idation with a fixed random seed of 42. During
fine-tuning, we freeze the bottom 8 transformer
layers of MARBERT and update only the top 4
layers and the classification head. We set both the
hidden-state and attention dropout probabilities to
0.3. We train for 3 epochs with a batch size of 24
for both training and evaluation, evaluating once
per epoch. The best checkpoint is selected based on
validation micro F1. At inference time, we apply
a sigmoid to the logits and use a threshold of 0.3
to obtain binary label assignments. We chose this
value by maximizing validation micro F1 on the
held-out split, the default threshold of 0.5 yields
lower validation macro F1, so we use 0.3 for all
reported results.

B ALDi Threshold Selection

We adopt two ALDi thresholds, ai = 0.11 and
ai = 0.77, to distinguish sentences with minimal
dialectal evidence from those with strong dialectal

evidence. These thresholds are grounded in the
annotation scheme and definition of the Arabic
Level of Dialectness (ALDi) score introduced by
Keleg et al. (2023).

ALDi Annotation Scheme. Following the ALDi
annotation protocol described by Keleg et al.
(2023), each sentence is annotated by three native
Arabic speakers. Annotators assign one of four
ordinal labels reflecting the degree of dialectness:
MSA (0), Little (13 ), Mixed (23 ), and Most (1). The
ALDi score for a sentence is defined as the mean of
the three annotations. Consequently, ALDi values
lie in [0, 1] and take discrete steps of 1

9 .

Derivation of the Thresholds. Under this defini-
tion, the smallest non-zero ALDi value is

0 + 0 + 1
3

3
= 1

9 ≈ 0.11,

which corresponds to the weakest possible evi-
dence of dialectal content, where two annotators
label the sentence as MSA and one assigns a Little
dialect label. Conversely, an ALDi score of

1 + 1 + 1
3

3
= 7

9 ≈ 0.77

corresponds to strong dialectal evidence, where
two annotators assign the highest dialectness label
(Most) and the third assigns at least Little. These
two values therefore mark natural boundaries be-
tween minimal dialectal signal (ai < 0.11), strong
dialectal signal (ai > 0.77), and an intermediate
range characterized by mixed or graded annotator
judgments.

ALDi Score Distribution. ALDi scores are con-
centrated near the MSA (ai < 0.11) and highly
dialectal (ai > 0.77) ranges, with fewer samples
in the mid-range (0.11 ≤ ai ≤ 0.77), as shown in
Figure B1.

C Non-Neighbouring Dialect Regions

When constructing negative samples for the binary
dialect classifiers (section 4), we restrict negatives
to sentences geolocated in non-neighbouring coun-
tries. Neighbouring countries are defined as those
sharing a land border with the target country, and
negative samples are drawn exclusively from non-
bordering countries.

By restricting negative samples to non-bordering
countries, we avoid cases where sentences may
be linguistically compatible with the target dialect,
resulting in more reliable negative supervision.
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Figure B1: Distribution of ALDi scores in the dataset.
Vertical dashed lines indicate the thresholds distin-
guishing MSA text (ai < 0.11), low–medium dialect-
ness (0.11–0.44), medium dialectness (0.44–0.77), and
highly dialectal text (ai > 0.77).

D Dataset Diagnostics

This appendix presents diagnostics of the con-
structed multi-label dataset, focusing on how la-
bel cardinality varies with the Arabic Level of Di-
alectness (ALDi) score for the supervision sources
considered in this work.

D.1 Label Cardinality Across ALDi Ranges

Figure D2 shows the distribution of label cardi-
nality across ALDi categories for each labeling
method, as well as for the aggregated dataset.

Binary Dialect Classifiers. The binary classi-
fiers exhibit a strong dependence on the ALDi
score. For sentences with low ALDi values (MSA
text), they frequently activate many dialect labels,
resulting in high cardinality. For sentences with
high ALDi values (strongly dialectal text), they
tend to activate very few labels. In the intermediate
ALDi ranges (0.11 ≤ ai ≤ 0.77), where explicit
negative supervision is absent, classifier outputs
concentrate at either high or low cardinalities, and
intermediate label counts are rarely observed.

GPT-4o. GPT-4o displays a smoother relation-
ship between ALDi and label cardinality. While
cardinality generally decreases as ALDi increases,
GPT-4o assigns moderate numbers of labels more
frequently in the Low–Med and Medium ALDi
ranges. This pattern is consistent with graded rep-
resentations of dialectal overlap and contrasts with
the polarized outputs of the binary classifiers in the
same ALDi regions.

Aggregation Effects. The aggregated dataset
(right panel of Figure D2) combines these two be-
haviors. At low and high ALDi values, where bi-
nary classifier predictions are stable, the aggregated
cardinality closely matches their outputs. In the in-
termediate ALDi ranges, where binary classifier
predictions are concentrated at extreme cardinal-
ities, the aggregation relies on GPT-4o, resulting
in intermediate label counts and a smoother depen-
dence of cardinality on ALDi.

D.2 Overall Label Cardinality Distribution

Figure 3 shows the overall distribution of label
cardinality for the supervision sources used in this
work, independent of ALDi conditioning.

E Prompt Template for GPT-Based
Annotation

Instruction: You are a native Arabic speaker and
highly qualified linguist with expert-level understand-
ing of regional Arabic dialects.
Given the sentence provided, evaluate its dialectal
characteristics independently for each of the follow-
ing dialects: Iraq, Egypt, Morocco, Libya, UAE,
Saudi Arabia, Bahrain, Syria, Lebanon, Oman, Pales-
tine, Algeria, Jordan, Tunisia, Kuwait, Yemen, Sudan,
and Qatar.
Return findings in JSON format:

{
"Iraq": 0/1,
"Egypt": 0/1,
...
"Qatar": 0/1

}
Input sentence: {tweet}

Figure E3: GPT-based annotation prompt template.

F Curriculum Learning Ordering

To obtain a principled ordering for both the
cardinality-based curriculum learning and the
ALDi-based curriculum learning, we first train
a baseline MARBERT model on the aggregated
multi-label dataset without any curriculum learning.
After fine-tuning, we freeze this baseline model and
run inference on the full training set, recording the
per-example loss.

We then aggregate these losses in two ways: (i)
by label cardinality, computing the mean loss for
each cardinality value, and (ii) by ALDi bin, also
computing the mean loss but for each ALDi inter-
val. The resulting mean-loss profiles are visualized
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Figure D2: Cardinality across ALDi categories for the three labeling methods. Due to instabilities, we rely on
GPT-4o for ambiguous cases and on the binary classifiers when the dialectness is clearly low (MSA) or high. This
leads to more consistent and linguistically plausible multi-label patterns.

in Figure F4 (mean loss per cardinality) and Fig-
ure F5 (mean loss per ALDi bin).

We treat the mean loss of a bucket as a proxy
for its difficulty, and order the stages from lower-
loss (easier) buckets to higher-loss (harder) buckets.
This difficulty-based ordering directly determines
the progression of stages in both the cardinality-
based and ALDi-based curriculum learning sched-
ules described in section 5.
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Figure F4: Sorted mean loss per cardinality, to measure
the difficulty for the baseline model in predicting differ-
ent cardinalities.
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Figure F5: Sorted mean loss per ALDi bin, to measure
the difficulty for the baseline model in predicting differ-
ent cardinalities.

G Model’s Predictions on MADAR’s
Samples

To analyze the behavior of the three newly intro-
duced models, we study their predictions on 200
sentences from the MADAR-26 corpus (Salameh
et al., 2018), for each of the 6 anchor dialects iden-
tified by the corpus creators. Additionally, we con-
trast their predictions to two baseline models: a
single-label DI model DID-Country, and the multi-
label DI NADI2024 shared task’s baseline.

Comparing our three LAHJATBERT models to
the NADI2024 baseline, it is clear that the baseline
is more susceptible to predicting the sentence to
be acceptable in countries from different regions
than our newly introduced model. For instance,
out of the 200 sentences in Rabat’s dialect (spo-
ken in Morocco), the baseline model unintuitively
predicts that 190 of them are acceptable in Egypt,
in comparison to less than 20 of them predicted to
be acceptable by the three LAHJATBERT models.
Hence, assuming that the labels within the top-p
(p=90%) of a single-label DI model as acceptable
dialects for the input sentence is not an optimal
strategy for multi-label dialect identification.

For the three LAHJATBERT models, the
Cardinality-based one seems to frequently predict
labels from other regions, which explains its lower
precision yet higher recall than the two other mod-
els. The ALDi-based model seem to be achieving
the best compromise between the precision and
the recall, as indicated by the fact it achieves the
highest overall macro-F1 score.
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Dialect DID-Country NADI2024 Baseline LAHJATBERT LAHJATBERT + LAHJATBERT +
(Salameh et al., 2018) (Abdul-Mageed et al., 2024) ALDi CL Cardinality CL

BEI
(200)

LB 129, SY 32, JO 15,
PS 12, EG 4, SA 3, IQ 2,

OM 2, MA 1

LB 200, SY 200, JO 199,
PS 199, EG 180, IQ 174,
TN 160, SD 127, BH 86,
MA 78, KW 68, DZ 57,
SA 56, QA 53, LY 41,
OM 36, YE 25, AE 19

SY 165, LB 149, PS 131,
JO 121, IQ 36, SA 35,
AE 34, KW 32, BH 31,
OM 31, QA 29, YE 27,
EG 23, LY 18, SD 17,
TN 10, DZ 9, MA 9

SY 174, LB 146, PS 135,
JO 129, OM 35, SA 33,
AE 33, IQ 31, KW 31,
BH 30, QA 30, YE 26,
EG 25, SD 19, LY 18,

TN 9, DZ 8, MA 7

SY 188, LB 184, PS 181,
JO 173, SA 45, AE 44,
BH 42, OM 42, KW 41,
QA 41, YE 41, IQ 35,
EG 31, SD 23, LY 22,

MA 9, TN 9, DZ 7

CAI
(200)

EG 147, SA 12, SY 12,
SD 9, JO 7, DZ 5, LY 4,
TN 4, MA 3, YE 3, IQ 2,
PS 2, QA 2, KW 1, LB 1,

BH 1, OM 1, AE 1

EG 200, YE 193, SA 192,
SD 192, PS 188, JO 187,
LY 182, LB 178, SY 167,

MA 159, OM 142, TN 130,
IQ 73, KW 54, QA 51,

AE 40, DZ 20

EG 190, PS 131, SD 115,
LB 54, SA 54, JO 52,

SY 52, LY 51, KW 46,
IQ 44, BH 44, QA 44,
AE 43, OM 42, YE 42,
TN 14, MA 12, DZ 10

EG 188, PS 152, SD 132,
LY 49, SA 49, JO 46,
LB 45, IQ 44, SY 44,

KW 43, BH 41, OM 41,
QA 41, AE 41, YE 41,
TN 11, MA 9, DZ 8

PS 193, EG 189, SD 165,
SA 135, LB 103, JO 99,
SY 93, QA 83, OM 81,
AE 80, BH 79, YE 79,
KW 74, LY 73, IQ 60,
TN 14, MA 12, DZ 10

DOH
(200)

QA 144, SA 17, IQ 7,
JO 5, SY 5, OM 4, MA 3,
SD 3, TN 3, PS 3, LY 2,

EG 2, YE 2

SA 200, QA 199, OM 198,
LY 194, JO 191, SY 181,
IQ 163, SD 156, YE 137,
AE 122, MA 112, KW 86,

LB 80, TN 77, PS 76,
BH 64, EG 59, DZ 14

SA 173, KW 154,
BH 142, AE 136,
QA 133, OM 128,

IQ 115, YE 111, PS 93,
JO 91, SY 91, LB 89,
SD 55, LY 54, EG 52,
MA 24, TN 24, DZ 21

SA 179, KW 165,
BH 151, QA 147,
AE 142, OM 134,

YE 117, IQ 111, PS 105,
LB 102, JO 100, SY 100,

EG 53, SD 49, LY 46,
MA 17, TN 17, DZ 14

SA 197, BH 194,
QA 193, KW 190,
AE 190, OM 175,

YE 149, IQ 132, PS 115,
JO 111, LB 96, SY 96,
SD 53, EG 50, LY 46,
MA 14, TN 13, DZ 11

RAB
(200)

MA 176, DZ 6, TN 4,
JO 3, LY 3, SA 3, PS 2,

OM 1, SY 1, QA 1

MA 198, DZ 196, LY 194,
EG 190, QA 188, LB 180,
AE 165, SA 159, SY 154,
SD 151, TN 151, PS 147,
KW 143, BH 125, IQ 70,

JO 41, OM 32, YE 11

DZ 172, MA 171, TN 84,
LY 27, EG 16, PS 15,
IQ 13, SY 13, JO 11,

LB 11, SA 11, OM 10,
AE 10, KW 9, BH 8,
QA 8, YE 8, SD 7

DZ 181, MA 175, TN 68,
LY 23, PS 14, EG 10,

IQ 8, SY 8, JO 7, SA 7,
LB 6, AE 6, QA 6, KW 5,
BH 5, OM 5, YE 4, SD 1

MA 178, DZ 174,
TN 130, LY 52, PS 32,
SY 30, JO 29, LB 27,

AE 25, KW 24, OM 24,
SA 24, QA 24, YE 24,
IQ 21, BH 20, EG 19,

SD 16

TUN
(200)

TN 167, DZ 6, SA 5,
JO 4, IQ 3, OM 3, PS 3,

LY 2, MA 2, SY 2, QA 2,
YE 1

LY 198, TN 197, LB 192,
IQ 191, DZ 190, EG 189,

MA 183, OM 181, SD 180,
QA 160, YE 150, KW 104,

PS 99, AE 60, SY 42,
SA 40, JO 28, BH 14

TN 159, LY 149,
DZ 143, MA 94, IQ 24,
SY 24, PS 24, LB 23,
JO 21, EG 19, KW 17,
SA 17, AE 16, YE 15,
BH 14, OM 14, SD 14,

QA 14

TN 163, DZ 155,
LY 153, MA 57, PS 28,

IQ 25, JO 23, LB 23,
SY 23, EG 21, KW 20,
SA 20, AE 20, OM 19,
YE 18, BH 17, QA 16,

SD 15

LY 170, TN 162,
DZ 159, MA 103, PS 48,

SY 44, JO 42, LB 41,
IQ 35, SA 33, KW 32,
OM 31, AE 31, QA 30,
YE 30, BH 29, EG 28,

SD 21

MSA
(200)

OM 162, SA 162,
SD 152, LY 151, SY 151,
DZ 150, IQ 149, JO 149,

EG 149, PS 148,
KW 147, LB 147,
BH 147, MA 147,
QA 147, TN 147,
AE 147, YE 147

OM 200, SA 200, SD 200,
IQ 195, YE 189, JO 165,
AE 151, QA 145, LY 144,
EG 143, DZ 111, KW 100,

BH 91, TN 75, MA 57,
SY 56, PS 30, LB 22

IQ 196, JO 195, LB 195,
PS 195, SA 194, SY 194,

AE 194, KW 193,
LY 193, EG 193,
OM 192, YE 192,
BH 191, SD 191,
QA 190, TN 188,
MA 187, DZ 183

IQ 198, EG 198, LY 197,
PS 197, SA 197, JO 196,

KW 196, LB 196,
SD 196, SY 196, AE 196,

YE 196, BH 195,
OM 195, QA 195,
MA 189, TN 189,

DZ 188

IQ 200, JO 200,
KW 200, BH 200,
OM 200, PS 200,
QA 200, SA 200,
AE 200, YE 200,

LB 199, SY 199, LY 197,
SD 197, EG 196,
MA 190, TN 190,

DZ 188

Table G1: The number of times a country label is predicted by the model for the 200 sentences of the six anchor
dialects of the MADAR CORPUS-26 corpus (Salameh et al., 2018): Beirut (BEI), Cairo (CAI), Doha (DOH),
Rabat (RAB), Tunis (TUN), and MSA. Each dialect’s representative country is in bold, and the country’s same-region
countries are underlined, following the regional grouping of Baimukan et al. (2022). Note #1: the DID-country
model is a single-label DI model trained on the MADAR corpus. Its province-level predictions are mapped into
country-level ones, with MSA predictions mapped to all the 18 country-level dialects we consider. Note #2: Country
abbreviations - AE: UAE, BH: Bahrain, DZ: Algeria, EG: Egypt, IQ: Iraq, JO: Jordan, KW: Kuwait, LB: Lebanon,
LY: Libya, MA: Morocco, OM: Oman, PS: Palestine, QA: Qatar, SA: Saudi Arabia, SD: Sudan, SY: Syria, TN:
Tunisia, YE: Yemen.
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Abstract

Language identification (LID) is an essen-
tial step in building high-quality multilingual
datasets from web data. Existing LID tools
(such as OpenLID or GlotLID) often struggle to
identify closely related languages and to distin-
guish valid natural language from noise, which
contaminates language-specific subsets, espe-
cially for low-resource languages. In this work
we extend the OpenLID classifier by adding
more training data, merging problematic lan-
guage variant clusters, and introducing a spe-
cial label for marking noise. We call this ex-
tended system OpenLID-v3 and evaluate it
against GlotLID on multiple benchmarks. Dur-
ing development, we focus on three groups
of closely related languages (Bosnian, Croa-
tian, and Serbian; Romance varieties of North-
ern Italy and Southern France; and Scandina-
vian languages) and contribute new evaluation
datasets where existing ones are inadequate.
We find that ensemble approaches improve pre-
cision but also substantially reduce coverage
for low-resource languages.

1 Introduction

Growing interest in large-scale LLM pre-training
data for languages other than English puts a spot-
light on robust and broad-coverage language iden-
tification (LID). Common pre-training datasets
are typically distilled from massive collections
of web documents, which are characterized by
immense diversity in, for example, genres and
domains, degrees of (in)formality, juxtaposition
of language and non-language content, presence
of machine-generated content, code switching,
and other sources of variation. For instance,
the two largest and linguistically broadest pre-
training datasets, FineWeb 2 (Penedo et al., 2025)
and HPLT 3.0 (Oepen et al., 2025), apply LID
as a document-level classification task. Specifi-
cally, FineWeb builds on the third-party GlotLID
classifier (Kargaran et al., 2023), which supports

some 2,000 distinct languages, whereas HPLT has
developed a custom classifier dubbed OpenLID
(Burchell et al., 2023) covering around 200 lan-
guages; see Section 2 for further background. In
this work, we seek to shed more light on LID per-
formance and challenges in the realm of noisy web
documents, with a particular emphasis on selected
groups of closely related languages.

The contributions of this paper are as follows:

• We train a new version of the fully open-
source OpenLID system for our experiments
and publicly release it as OpenLID-v3.1 This
version covers 194 languages plus ‘not-a-
language’ class.

• We evaluate OpenLID-v3 on mainstream LID
benchmarks such as FLORES+ and UDHR
and show that they are not sufficient for evalu-
ating the quality of similar LID.2 In addition,
we employ several existing benchmarks for
similar languages and create new ones for the
BCMS macrolanguage, and for Norwegian
Bokmål and Nynorsk.

• We also report negative results on our efforts
with two-step coarse-to-fine classification ap-
proach, to be found in Appendix F.

2 Related Work

Accurate language identification (LID) is essen-
tial for building high-quality multilingual datasets,
since documents or segments assigned to an in-
correct language can severely contaminate the
language-specific subsets, especially for low-
resource languages.

1https://github.com/hplt-project/openlid
2https://github.com/hplt-project/

openlid-v3-evaluation
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2.1 LID Tools and Methods

Numerous LID systems have been developed over
the years, including langid.py (Lui and Bald-
win, 2012), Google’s Compact Language Detec-
tor 2 (CLD2) and its neural network successor
CLD3, the HeLI method (Jauhiainen et al., 2016),
LanideNN (Kocmi and Bojar, 2017), or AfroLID
(Adebara et al., 2022).

In recent years, classifiers based on the fastText
model (Joulin et al., 2017) have become the de
facto standard in large-scale corpus processing due
to their efficiency and strong performance across
many languages. FastText calculates a hidden rep-
resentation of a text by summing the embeddings
of words and character n-grams from this text. This
representation is passed through a linear layer for
classification. This approach takes both word- and
character-level features into account, making it es-
pecially efficient for languages with rich morphol-
ogy.

In this work, we focus on two fastText-based sys-
tems: GlotLID (Kargaran et al., 2023) and Open-
LID (Burchell et al., 2023), both designed for mul-
tilingual scenarios and widely adopted in massive-
scale data curation pipelines such as FineWeb
(Penedo et al., 2024, 2025) or HPLT (de Gibert
et al., 2024; Burchell et al., 2025; Oepen et al.,
2025). OpenLID and GlotLID differ primarily in
their language coverage and training data selection.
GlotLID focuses on maximizing the language cov-
erage and supports over 2,000 languages, though it
incorporates training data from sources with more
restrictive licenses. This extensive coverage results
in a larger model size, but makes it suitable for use
cases involving low-resource languages. In con-
trast, OpenLID prioritizes fully open-source train-
ing data with permissive licenses. The original ver-
sion (v1) covering 201 languages was later updated
(v2) to a reduced coverage of 189 languages. The
reduction excluded three problematic languages
and consolidated certain language varieties under
their macrolanguage labels for compatibility with
the FLORES+ benchmark.

2.2 Broad-Coverage Evaluation Benchmarks

The most widely adopted multilingual language
identification benchmarks are FLORES+ and
UDHR. FLORES+3 is a parallel corpus based on
FLORES-200 (NLLB Team et al., 2022), originally

3https://huggingface.co/datasets/
openlanguagedata/flores_plus

developed for machine translation evaluation. It
features two disjoint publicly available data splits,
‘dev’ and ‘devtest’, and currently covers 225 lan-
guage varieties. In our experiments, we use the
former for validation and the latter for evaluation.
The UDHR dataset consists of translations of the
Universal Declaration of Human Rights across 418
languages,4 which provides formal, declarative text
in a single domain. The UDHR dataset features a
test split only.

Additionally, FastSpell (Bañón et al., 2024) pro-
vides a benchmark specifically designed to discrim-
inate between closely related languages in web
documents, which addresses some of the limita-
tions that stem from using relatively clean parallel
corpora.

Finally, Oepen et al. (2025) present a manual
inspection effort conducted in the context of HPLT
3.0 data collection.5 In that work, human annota-
tors checked the prediction of OpenLID-v2 for web
documents. They could label documents as con-
taining unnatural language, porn, web artifacts, and
incorrect LID. While the data hasn’t been annotated
for the correct language, it is possible to construct
a LID evaluation dataset from the subset of cor-
rectly identified samples. Statistics of this resulting
dataset, dubbed HPLT-LID, and evaluation results
on it are to be found in the Appendix A. We also
performed re-annotation of incorrectly classified
examples for some languages.

2.3 Discriminating Between Similar
Languages

The VarDial workshop has a long tradition of
shared tasks that focus on language identification
in challenging settings, such as the discrimina-
tion of closely related languages (e.g. Zampieri
et al., 2014; Gaman et al., 2020; Aepli et al., 2023;
Chifu et al., 2024). For example, shared tasks have
focused on the Bosnian-Croatian-Montenegrin-
Serbian macrolanguage or on regional languages
of Italy. We leverage datasets made available in
this context for a more fine-grained analysis of
OpenLID-v3 (see Section 4).

2.4 Evaluation Metrics

Caswell et al. (2020) argue that the commonly used
metric precision (and its derivative, F1-score) are

4We use the udhr-lid version of the dataset available at
https://huggingface.co/datasets/cis-lmu/udhr-lid

5https://github.com/hplt-project/release3_
inspection/tree/main/annot_round1
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misleading when evaluating models on the stan-
dard LID datasets, as the models face incomparably
larger language imbalance in the real web crawls
compared to any reasonable labeled dataset. For
example, their baseline model achieving a median
F1-score of 98% on benchmark data produced a set
of monolingual corpora with a median precision of
5% only when evaluated manually on real data. On
the other hand, recall and false positive rate (FPR)
are not susceptible to class imbalance, and thus are
recommended for model comparison.

Since most of our benchmarks are single-label,
we report FPR, precision, recall and F1-score for
them. For multilabel benchmarks, which are avail-
able for some related languages, where short sam-
ples may be valid in more than one language, we
also report loose (is subset) and exact match met-
rics (cf. Fedorova et al., 2025).6 These metrics (we
refer to them as multilabel classification metrics
throughout the paper) are still less strict than our
default ones, because they do not depend on the
exact number of false positives or negatives in a set
of predicted labels.

3 OpenLID-v3

This work is motivated by our experience with
OpenLID-v2 in the context of its application to
a large-scale web dataset HPLT 3.0, and the re-
sults of its manual inspection (Oepen et al., 2025).
We identified a number of issues with OpenLID-
v2, which led us to provide an updated version,
OpenLID-v3, with a slightly different language
inventory. We focus on improving OpenLID-v2
(rather than GlotLID, for example) because of the
permissive license of all its training data. The iden-
tified issues are as follows:

• Support for the Latin language, which was
present in OpenLID-v1, but removed in v2.

• OpenLID-v2 contains only Serbian in Cyrillic
script, while Latin script is also widely used in
Serbian non-governmental public and private
communication. As a result, OpenLID-v2 er-
roneously classifies Serbian in Latin script as
Bosnian or Croatian; according to the manual
inspection, half of HPLT 3.0 Bosnian turned
out to be Serbian written in Latin script.

• Since OpenLID-v2’s class inventory is limited
to 200 languages, any text that is not natural

6https://github.com/ltgoslo/slide

language (e.g., code, broken encoding – we
label these instances as not-a-language, us-
ing zxx_Zxxx throughout the paper) or a nat-
ural language outside of the 200 the model
was trained for (we refer to such instances as
other), are still predicted to belong to one of
the existing classes. In HPLT 3.0, the problem
of not-a-language classes was overcome by
rule-based filtering after LID, and the problem
of the other class was solved by thresholding
the predictions by 0.5 softmax scores. How-
ever, some classes can still accumulate a large
number of not-a-language and other docu-
ments. We call this the trash bin phenomenon;
in HPLT 3.0, Ligurian was found to be such a
‘trash bin’ language (Oepen et al., 2025).

• Some highly similar languages showed high
confusion when tested on the FLORES+
development split and UDHR (Arabic di-
alects, Persian languages, Bambara and Dyula,
Dzongkha and Tibetan, and other languages
listed in Table 10).

Finally, the amount of identified data for certain lan-
guages in the HPLT dataset is very small compared
to its number of speakers, e.g. Bengali and Tamil.
See Table 10 for the full list of such languages.

When developing OpenLID-v3, we approached
these issues in the following ways:

• We merged 8 Arabic dialects into one Ara-
bic macrolanguage: ara_Arab; and two Per-
sian varieties: pes_Arab and prs_Arab into
the Farsi macrolanguage fas_Arab. This fol-
lows the OpenLID-v1 approach. Likewise, we
merged Bambara and Dyula, which are mutu-
ally intelligible (Amuzu and Singler, 2014).

• We introduced the not-a-language class
zxx_Zxxx, using the GlotLID training data
labeled as und_* and zxx_*.

• We extended the training data for several lan-
guages, including Latin, and Serbian writ-
ten in Latin script. We relied on the subsets
of the GlotLID training data which were re-
ported by its authors to not be noisy. We
also removed one possibly noisy OpenLID-
v2 training subset and added the most re-
cent Wikipedia dumps, where adding GlotLID
training data showed insufficient improve-
ments during validation. The affected lan-
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Figure 1: Model comparison on three LID benchmarks,
FPR (lower is better) vs. recall (higher is better). For
the full set of metrics see Table 9. FLORES+ refers
to the devtest split, and FastSpell refers to our version,
which excludes Nynorsk.

guages and data sources used are summarized
in Table 10 in the Appendix.

• We also experimented with ensembling
OpenLID-v3 and GlotLID by top-1 and top-3
agreement. Top-3 agreement worsened the
results, which is expected for a single-label
model, where only one class gets a relatively
high softmax score, and all other classes are a
long tail of small numbers.

The list of language labels supported by
OpenLID-v3 is given in Table 15 in Appendix G.

3.1 Results

Figure 1 compares the results of our OpenLID-v3
model with the previous version (OpenLID-v2) as
well as with GlotLID, focusing on the popular LID
benchmarks: FLORES+, UDHR, and FastSpell.
Following HPLT 3.0, we experimented wth apply-
ing the same softmax thresholding of 0.5 to all
three models.

OpenLID-v3 is on par with both OpenLID-v2
and GlotLID; the difference with and without
thresholding softmax scores is not large among
models, but the results are slightly better for
OpenLID-v3 with thresholding, and for GlotLID
without. This different behavior may be explained
by the fact that GlotLID’s ‘trash bins’ fall outside
of the classes we evaluate on. In our further ex-
periments, we use OpenLID-v3 with thresholding,
and GlotLID without, unless otherwise specified,
including the ensembling approach.

Top-1 ensembling resulted in the lowest FPR
across all datasets. Based on our experiments, this

approach was used to produce HPLT 4.0 datasets.7

4 Case Studies on Related languages

Results of both OpenLID and GlotLID are high
on multilingual benchmarks. However, lower pre-
cision for similar languages may be hidden when
averaging their scores with those of languages that
are easy to distinguish. For this reason, we per-
form additional evaluation for groups of closely
related languages. We choose three groups of such
languages, within those with updated training data,
based on benchmark availability and our language
expertise.

4.1 Bosnian, Croatian, Montenegrin and
Serbian

Bosnian, Croatian and Serbian are, along with Mon-
tenegrin, South Slavic languages spoken in the
West Balkans; part of a group of historically and ge-
ographically close languages that are, for the most
part, mutually intelligible to speakers of any one of
them. They differ by variations in vocabulary and
grammatical features – most notably, the orthogra-
phy of the Slavic jat (ě) (Mešanović-Meša, 2011;
Karavdić, 2017). Montenegrin is only present in
GlotLID class inventory; for this reason, we do not
focus on it. The analysis of its GlotLID predictions
is to be found in Appendix C.

Test data. We use three datasets for the BCMS
language group.8 First, BCMS Twitter user dataset
(Ljubešić and Rupnik, 2022b), also featured in the
BENCHić BCMS benchmark (Rupnik et al., 2023).
We use the version with multi-label annotations
(Miletić and Miletić, 2024), comprising roughly
123 instances (in the test set), where each instance
corresponds to one user and contains many texts
written by that user. Second, we use the BCS por-
tion of ParlaSent (Mochtak et al., 2023), com-
prising roughly 18,000 sentences from transcrip-
tions of parliamentary debates, annotated with the
speaker’s country of origin. Third, we make use
of the HPLT-LID data. Since Serbian in Latin
script was absent in OpenLID-v2, pre-annotation
was only performed for Bosnian and Croatian. In
total, 804 sentences were pre-annotated (402 pre-
dicted to be Bosnian and 402 predicted to be Croa-
tian). Out of them, 114 Bosnian samples and 13
Croatian were pre-annotated to be false positives.

7https://hplt-project.org/datasets/v4.0
8Exact scores on these benchmarks are to be found in the

Appendix C.
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Model Bosnian Croatian Serbian Latin
FPR Prec. Rec. FPR Prec. Rec. FPR Prec. Rec.

Twitter users n=21 n=22 n=94

OpenLID-v3 0.23 37.21 76.19 0.026 80.00 54.54 0 100.00 30.85
OpenLID-v2 0.8 16.96 90.48 0.017 84.62 50.00 0 0 0
GlotLID 0.42 16.95 47.62 0.26 36.17 77.27 0.12 82.14 24.49
Ensemble 0 0 0 0 0 0 0 0 0

ParlaSent n=153 n=1,387 n=1,060

OpenLID-v3 0.22 11.59 47.71 0.13 87.49 79.16 0.019 95.00 53.77
OpenLID-v2 0.44 0.08 57.51 0.26 78.05 80.25 0 0 0
GlotLID 0.26 9.59 43.79 0.242 81.02 90.48 0.006 97.10 31.60
Ensemble 0.14 13.15 34.64 0.11 89.25 77.21 0.003 98.38 28.77

HPLT-LID (reannotated) n=5 n=7 n=110

OpenLID-v3 0.15 5.26 40.00 0.03 42.86 85.71 0 100.00 50.00
OpenLID-v2 0.9 1.85 40.00 0.09 21.43 42.86 0 0 0
GlotLID 0.4 0.01 0.2 0.05 31.58 85.71 0 100.00 3.64
Ensemble 0.146 2.70 20.00 0.03 46.15 85.71 0 100.00 3.64

Table 1: Performance comparison across three benchmark datasets showing false positive rate (FPR), precision
(Prec.), and recall (Rec.) for Bosnian, Croatian, and Serbian in Latin script. OpenLID-v3 uses softmax threshold
0.5. Ensemble represents top-1 agreement between OpenLID-v3 and GlotLID. Best values per metric and language
are in bold.

We performed re-annotation of these false posi-
tive samples to their correct labels; the majority of
them was found to be Serbian. The annotation was
done by a native speaker of Croatian with linguis-
tic background. One sample was detected to be
valid both in Croatian and Serbian and annotated as
multilabel; we excluded it from metric calculation.

4.1.1 Quantitative Evaluation
Table 1 presents FPR, precision and recall per lan-
guage on Twitter user, ParlaSent and reannotated
BCS part of HPLT-LID.

None of the models scored high on all three
datasets. As HPLT 4.0 developers, we were mostly
interested in results on Twitter, since its texts were
the closest to the noisy web data, containing hyper-
links, emodjis etc. OpenLID-v3 turned out to be the
best for Bosnian and Serbian on it; slightly higher
precision of Croatian obtained from OpenLID-
v2 comes at cost of lack of Serbian class label,
which is not what we aim at. Importantly, GlotLID
and OpenLID-v3 always disagree on Twitter data,
which emphasizes that ensembling should be done
cautiously for particular language groups. For the
future work on improving predictions for the Twit-
ter dataset, there is strong need for multilabel train-
ing data, silver approach from (Fedorova et al.,
2025) might be helpful for future work.

Scores on ParlaSent were the highest, especially

Model Loose Exact bos hrv srp
Acc. Acc. F1 F1 F1

OpenLID-v3 46.34 40.65 57.14 72.73 49.15
GlotLID 40.65 33.33 28.17 55.74 40.00

Table 2: Loose accuracy, exact match accuracy and
loose F1s per languages on multilabel BCS test data
(Twitter). Ensemble@1 never agrees (always other, all
metrics zero).

in precision of Serbian, which proves it to be the
‘easiest’ dataset.

Results of evaluation on reannotated HPLT-LID
were similar to those on Twitter: OpenLID-v3 per-
formed the best, and there were a high disagree-
ment between it and GlotLID. However, the confu-
sion of Bosnian and Serbian was still high.

Table 2 shows multilabel classification metrics
on Twitter data. By these metrics, OpenLID-v3 is
a clear winner over GlotLID.

4.1.2 Common Errors
We performed manual analysis of BCS predictions
from all models and observed the following seven
most frequent error patterns:

NE confusion Named entities are a common
source of confusion. The presence of a different
country name (e.g. Serbian news article about Croa-
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(gold/predicted label) b/h b/s b/x h/b h/s h/x s/b s/h s/x % of total

NE confusion 12.0 - 2.0 4.0 - 2.0 10.0 6.0 8.0 6.1
lexical overlap 34.0 - 20.0 26.0 - 2.0 44.0 12.0 6.0 20.5
historic forms - - - 36.0 - 2.0 - - - 5.8
da confusion - 66.6 4.0 - 100.0 - - - - 1.7
ungrammatical syntax 10.0 - 32.0 10.0 - 64.0 6.0 14.0 28.0 22.5
total ambiguity 26.0 - 12.0 6.0 - 20.0 - 34.0 26.0 19.9
mislabeled minority rep - 33.3 4.0 2.0 - - - - - 1.2
(other/unknown) 18.0 - 4.0 16.0 - 10.0 40.0 34.0 32.0 22.2

Table 3: V3-ensemble evaluation on ParlaSent; percentage of error occurrences, per sample of 50 mislabeled
documents for each mismatched pair of labels. Exceptions are b/s, b/x, and h/s, which have a total of 2, 40, and 3
datapoints each, respectively. The bottom row, other, is a catch-all for unambiguous documents with clear language
markers, which were nevertheless mislabeled.

tia), an individual or institution that adheres to the
other language’s naming convention, or even word
type confusion (“Tome se niko ne raduje” (“No-
body’s looking forward to that”, compared with
the common Slovenian name Tome) identified as
Slovenian), leads to mislabelling, due to lack of
other language markers.

Lexical overlap For a human reader, the cur-
rent ortography of jat is a strong discriminator be-
tween Serbian and Bosnian or Croatian, the former
prefering the e form in the standard language (e.g.
videti, mleko), and the other two using je/ije (vid-
jeti, mlijeko). However, documents are frequently
mislabeled between Bosnian and Serbian, despite
the presence of clear e/ije indicators, if the docu-
ment also contains roots and noun/adjective inflec-
tions that are common to both Bosnian and Serbian,
whereas Croatian uses a diferent surface form of
the word (e.g. obavezno (Bosnian, Serbian) vs. ob-
vezatno (Croatian)). The frequency of these error
occurrences (lexical overlap in 3) seems to indi-
cate that common roots and shared lexemes are a
stronger signal than jat ortography.

Historic forms Similarly, all models frequently
mislabel ParlaSent documents in Croatian as either
Bosnian or Serbian, when the speakers slip into
historic lexeme forms that were part of the shared
Serbo-Croatian language, but are not present in
current standard Croatian. Older speakers and col-
loquial language still frequently use historic forms,
which again leads to mislabeling despite the unam-
biguous grammatical markers.

da confusion Another theoretically strong indi-
cator is the difference between the future tense
in Croatian (modal verb + infinitive, e.g. (ho)ću
glasati, glasat ću) and Serbian (modal verb + da +
present simple, e.g. (ho)ću da glasam); both forms

are accepted in Bosnian. Frequently, Croatian doc-
uments are mislabelled as Serbian when there are
multiple occurences of the conjuction da (meaning
that; not to be confused with the particle da (yes)).
E.g., “Ne sumnjam da je ovaj zakon nekima donio
dobro i ne sumnjam da oni hvale ovaj zakon.” (“I
do not doubt that this legislation brought good to
some, and I do not doubt that they praise it.”) –
Croatian mislabelled as Serbian – vs. “Neću da
glasam za taj zakon.” (“I will not / don’t want to
vote for this legislation.”) – true Serbian.

Ungrammatical syntax Ungrammatical syntax
comprises documents in non-standard language;
mainly long run-on sentences, with a lack of punc-
tuation, incorrect syntax, frequent interjections,
and generally language that is highly colloquial in
structure and word choice. While this mislabeling
occurs across most pairings, these documents
are most frequently labeled as not-a-language
(zxx_Zxxx), particularly when there is a lack of
any distinguishing grammatical or lexical language
markers.

Finally, some datapoints are mislabeled due to
extralinguistic factors.

Total ambiguity Some documents have no clear
language markers between BCS. Most of these doc-
uments are mislabeled across models, and would
arguably be hard even for a human annotator and
native speaker to tease apart, due to a lack of un-
ambiguous linguistic features.

Mislabeled minority representative Mislabeled
minority representative is specific to the ParlaSent
dataset, where statements are labeled according
to the national parliament in which the discussion
occurred. In a handful of cases, it is clear that the
speaker is speaking a minority language, and the
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model has identified it correctly, though it doesn’t
match the parliament country of origin.

We performed a quantitative study of these error
types on the ParlaSent predictions obtained from
the best model (OpenLID-v3 top-1 ensemble with
GlotLID). The results are presented in the Table 3.
The last row (other/unknown) quantifies unambigu-
ous documents with clear language markers, which
were nevertheless mislabeled by the model. This is
a particularly frequent occurrence for Latin-script
Serbian.

4.2 Romance Languages of Italy and France

The HPLT 3.0 compilation efforts reported lan-
guage identification issues connected to Ligurian.
31% of the samples annotated as Occitan in the
UDHR dataset were predicted as Ligurian by
OpenLID-v2. Upon closer inspection, it turned
out that the Occitan part of UDHR contained seven
translations – three truly Occitan ones and four
Francoprovençal ones (see Table 12 in the Ap-
pendix). Although Ligurian, Occitan and Franco-
provençal are all Romance languages and are spo-
ken in adjacent areas (Southern France, Northwest-
ern Italy and Western Switzerland), they are gener-
ally considered to belong to different genealogical
sub-groups (Ledgeway and Maiden, 2016; Ram-
poni, 2024). Since Francoprovençal was missing
from OpenLID-v2’s class inventory, its instances
were erroneously predicted as Ligurian.

This suggests that (a) multilingual benchmarks
cannot be fully relied on when it comes to closely
related, unstandardized languages, and (b) LID
tools struggle to identify low-resource languages
especially if higher-resourced closely related vari-
eties are present in their training data.

We further investigate the performance of
OpenLID-v3 on these Romance languages. As we
were unable to find a test set that covered Franco-
provençal, Ligurian and Occitan,9 we use the ITDI
dataset instead, which covers several languages
and dialects of Italy (Aepli et al., 2022). The met-
rics were only calculated for Ligurian, Venetian
and Friulian, as only these three languages are pre-
dicted by both OpenLID-v3 and GlotLID.

The results are presented in Table 4. While
GlotLID is better than OpenLID-v3 both in pre-
cision and recall, ensembling them achieves the
best precision and the lowest FPR. For both mod-

9While there exists an effort on Occitan LID (Miletic and
Scherrer, 2022), we could not use it in our experiments, as it
contains silver labels only.

Model FPR F1 Precision Recall

OpenLID-v3 0.01 80.88 96.51 74.22
GlotLID 0.01 82.37 97.60 75.15
ensemble 0.004 76.68 98.47 68.95

Table 4: Comparison of OpenLID-v3 and GlotLID on
the ITDI test set restricted to Ligurian, Venetian and
Friulian (4,744 samples).

els, Venetian confusion is the highest with Italian,
but OpenLID-v3 predicts fewer Italian false posi-
tives and more not-a-language ones (which is never
the case for GlotLID). Friulian is mostly predicted
correctly, more often with OpenLID-v3 (1,284 true
positives) than with GlotLID (1,275). Ligurian is
also more often predicted correctly by both mod-
els, with Sicilian and Friulian as the top confu-
sion instances. For OpenLID-v3, the third most
frequently predicted class is not-a-language. En-
sembling the two models removes 45% of Venetian
samples, while the number of Ligurian and Friulian
ones remains roughly the same.

In sum, this case study emphasizes the impor-
tance of fine-grained benchmarks for related Ro-
mance languages. GlotLID might be a good choice
as a standalone model; however, the most precise
results are obtained when it is ensembled with
OpenLID-v3, although at the price of removing
samples from other easily confused languages such
as Venetian.

4.3 Scandinavian Languages

Lastly, we focus on the North Germanic languages
of Mainland Scandinavia, i.e. Norwegian Bokmål,
Norwegian Nynorsk, Danish and Swedish. In ad-
dition to FLORES+ and UDHR, which cover all
four languages, we experiment with two language-
group-specific datasets: First, we use SLIDE (Fe-
dorova et al., 2025), a multilabel dataset based
on clean instances from Universal Dependencies
(Nivre et al., 2020) (6,950 samples in total), con-
taining many other languages. Second, we use
Nordic DSL (Haas and Derczynski, 2021), a
single-label dataset containing noisy sentences
sourced from Wikipedia and featuring Faroese and
Icelandic, in addition to the four aforementioned
languages.

We did not use the FastSpell dataset for the cal-
culation of metrics, as upon manual examination,
we noticed a large share of its Nynorsk samples
to be valid in both Bokmål and Nynorsk. We re-
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Model Norwegian Bokmål Danish Norwegian Nynorsk Swedish Other
FPR Prec. Rec. FPR Prec. Rec. FPR Prec. Rec. FPR Prec. Rec. FPR Prec. Rec.

SLIDE n=2,098 n=677 n=1,628 n=1,250 n=1,745

OpenLID-v3 0.04 88.73 87.04 0.02 81.81 83.75 0.03 89.66 84.64 0.008 96.11 96.80 0.03 89.68 95.13
OpenLID-v2 0.05 87.33 88.04 0.01 85.27 80.35 0.03 90.47 84.58 0.008 95.88 96.8 0.03 89.63 95.58
GlotLID 0.047 88.32 90.47 0.02 80.33 86.26 0.008 96.57 81.33 0.009 95.83 97.44 0.03 92.07 99.20
Ensemble 0.027 92.56 84.84 0.01 88.85 81.24 0.006 97.37 79.55 0.003 98.29 96.8 0.1 75.86 99.77

Nordic DSL n=14,960 n=14,960 n=14,960 n=14,960 n=14,960

OpenLID-v3 0.007 96.04 83.22 0.012 94.10 93.56 0.017 91.98 96.87 0.002 99.07 93.33 0.039 92.72 99.44
OpenLID-v2 0.02 91.85 85.37 0.007 96.12 89.78 0.02 91.97 96.75 0.002 98.77 92.73 0.04 92.82 99.56
GlotLID 0.01 94.58 94.50 0.006 97.09 93.77 0.006 97.20 96.47 0.004 98.16 93.69 0.025 95.16 99.36
Ensemble 0.005 97.19 82.78 0.003 98.17 91.82 0.004 98.13 95.92 0.001 99.35 92.01 0.079 86.32 99.74

FLORES+ n=1,012 n=1,012 n=1,012 n=1,012 n=212,520

OpenLID-v3 1e-4 97.61 96.84 3e-5 99.31 99.21 7e-5 98.42 98.22 0 1.0 99.90 3e-3 99.99 1.0
OpenLID-v2 1e-4 96.84 96.84 2e-5 99.60 98.12 9e-5 98.12 98.22 0 1.0 99.90 0.004 99.99 99.99
GlotLID 1e-4 97.10 99.41 1e-5 99.70 99.51 1e-5 99.67 97.53 0 1.0 1.0 0 1.0 1.0
Ensemble 7e-5 98.39 96.74 6e-6 99.80 98.91 1e-5 99.70 97.23 0 1.0 99.90 1e-2 99.98 1.0

UDHR n=62 n=61 n=58 n=61 n=27,515

OpenLID-v3 4e-5 98.39 98.39 4e-5 98.36 98.36 8e-5 96.61 98.28 7e-5 96.83 1.0 8e-3 99.99 99.98
OpenLID-v2 7e-5 96.88 1.0 7e-5 96.77 98.36 4e-5 98.28 98.28 1e-4 95.31 1.0 0.004 99.99 99.97
GlotLID 4e-5 98.41 1.0 1e-4 93.75 98.36 4e-5 98.31 1.0 4e-5 98.39 1.0 0 1.0 99.98
Ensemble 4e-5 98.39 98.39 0 1.0 98.36 0 1.0 98.28 0 1.0 1.0 8e-3 99.99 1.0

Table 5: Performance comparison across four benchmark datasets showing the false positive rate (FPR), precision
(Prec.), and recall (Rec.) for Scandinavian and other languages. OpenLID-v3 uses softmax threshold 0.5. Ensemble
represents top-1 agreement between OpenLID-v3 and GlotLID. Best values per metric and language are in bold.

annotated this subset and evaluated it separately.
Table 5 summarizes the results. We find that

GlotLID obtains the best recall, while OpenLID
shows better false positive rate and precision. Preci-
sion and FPR are further improved by ensembling
GlotLID and OpenLID-v3. OpenLID-v3 performs
on par or slightly better than OpenLID-v2 on all
benchmarks. Furthermore, the confusion matri-
ces (available in the repository10) show that the
two Norwegian varieties, Bokmål and Nynorsk, are
most easily confused. Appendix E provides addi-
tional results: Table 14 shows the effect of applying
softmax threshold across all models and datasets,
and Table 13 shows the effect of ensembling across
datasets. Both tables report multilabel classifica-
tion metrics.

HPLT-LID The HPLT 3.0 manual inspection
data (Oepen et al., 2025) only covers one Scan-
dinavian language, namely Norwegian Bokmål.
402 documents were annotated as being correctly
predicted Bokmål or not. We process this anno-
tation in the same way as we did for BCMS an-
notation, excluding porn, unnatural language and
artifacts. Documents with correctly identified lan-
guage formed the dataset of documents guaranteed

10https://github.com/ltgoslo/slide/tree/main/
src/eval_logs/vardial_2026

to be Bokmål, with 304 samples in total. 5 doc-
uments were annotated to be in a language other
than Bokmål. We manually reviewed predictions
of these 5 false positive Bokmål documents. Both
OpenLID-v3 and GlotLID still predict them to be
Bokmål. 3 of them are non-fluent Bokmål docu-
ments with many grammatical mistakes (articles of
the wrong gender, articles and verbs omitted), as
if written by foreign speakers, and 2 include code-
switching, with Bokmål still being the predominant
language.

FastSpell. A native speaker of Norwegian rela-
beled the FastSpell Nynorsk subset in a multilabel
way, finding 40% of samples to be (also) valid
Bokmål. The annotator also reported that many
word sequences were not full sentences and some
texts were just menu choices from a web page.
The evaluation of OpenLID-v3 and GlotLID on
the resulting dataset is presented in Table 6. While
both models performed poorly in Bokmål detection,
OpenLID-v3 performed slightly better for Nynorsk
and produced fewer Danish and Swedish false posi-
tives, but more other false positives than GlotLID.

The manual analysis of the predictions showed
that errors are often caused by named entities valid
in any language using Latin script (“Georg Jo-
hannes Toft”), dates (“Levering 15. juli 2018”)
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Model NB F1 NN F1 DA FP SV FP Other FP

OpenLID-v3 71.90 92.19 16 8 52
GlotLID 79.07 91.14 27 19 16

Table 6: GlotLID (no threshold) and OpenLID-v3
(softmax threshold 0.5) on the re-annotated FastSpell
Nynorsk data. F1 is for loose F1, FP is for false posi-
tives. 406 Nynorsk samples, 163 Bokmål samples.

and foreign words (“tomter i Parque natural cabo
de gata”). These findings correspond to the error
analysis from Fedorova et al. (2025) and further
prove that shorter sequences, especially from the
web, are the hardest for LID models.

In conclusion, we recommend OpenLID-v3 for
general Scandinavian language identification if pre-
cision is prioritized, and GlotLID if recall is pri-
oritized. For discriminating between Bokmål and
Nynorsk, it is recommended to use a LID model
trained specifically to separate these languages.

5 Conclusion

We have evaluated the performance of three LID
models (two OpenLID versions and GlotLID) on
four multilingual benchmarks (two based on ‘clean’
text and two based on web documents). Our
new model, OpenLID-v3, performs on par or
better in precision compared to its predecessors
OpenLID-v2 and GlotLID, while the best precision
is achieved by top-1 ensembling with GlotLID. We
have also shown that reliable evaluation of LID
models including similar languages should be done
on benchmarks specific to these languages, even if
overall metrics on large multilingual benchmarks
are high. Since web data may contain short texts
valid in more than one language, there is a need for
more multilabel training data and benchmarks.

Limitations

The first limitation that we acknowledge is data
mismatch between the evaluation and the intended
use – we would ideally evaluate on web text. How-
ever, large-scale web LID data of sufficient quality
were not available at the time of conducting our ex-
periment. We are aware of the initiative by Suarez
et al. (2026), but leave evaluation on their dataset
for future work.

We have done our best to control for data con-
tamination, where there was a known intersection
of training and test data. However, this was not
possible for tests on Nordic DSL, as this dataset,

while consisting of Wikipedia data, was heavily
preprocessed by its authors.

A common limitation of all models under evalu-
ation is the unavailability of fully parallel datasets
for all languages of interest, which might cause
models to overfit to some concepts and named enti-
ties that are more common in certain languages.

Ethical Considerations

All the new data annotations were done by the
authors voluntarily and without any monetary com-
pensation.

We did not check any of OpenLID-v3’s training
data for inappropriate or biased content. We be-
lieve it does not do much harm, since the model
is not generative. However, we can imagine some
model predictions to be biased, particularly if used
not as a classifier, but as a source of semantic rep-
resentations.

A large amount of the current research is focused
on collecting data for training large instruction-
tuned generative models, capable of outputting
grammatically and orthographically correct stan-
dard language, because of the high demand for
such models in the public sector. This may result
in loss of data written in low-resource varieties of
mainstream languages, along with possibly valu-
able cultural knowledge.
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Daniel Romić. 2024. Heritage bosnian, croatian, and
serbian spoken by second generation speakers in ger-
many he-bcs-ge.

Peter Rupnik, Taja Kuzman, and Nikola Ljubešić. 2023.
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Tiedemann. 2014. A report on the DSL shared task
2014. In Proceedings of the First Workshop on Ap-
plying NLP Tools to Similar Languages, Varieties
and Dialects, pages 58–67, Dublin, Ireland. Associa-
tion for Computational Linguistics and Dublin City
University.

A Multilingual Benchmarks

In all evaluations on all datasets, metrics were only
calculated on subset of languages, present in all
models being compared. For GlotLID, we always
used its the most recent version at the moment of
writing, GlotLID-v3.

Table 7 shows statistics of the HPLT-LID dataset.
Only those samples were accepted, which were not
unnatural language, porn, web artifacts or incor-
rect LID. One must notice that, while this dataset
contains texts from the web, it can not be used as
a benchmark of noisy web data, because the texts
were heavily cleaned and preprocessed before their
annotation was performed. We believe however
that HPLT-LID may be valuable for the community,
because there exist not many LID benchmarks for
some languages presented there..

Table 8 presents evaluation of all models (ex-
cept OpenLID-v2, because the dataset was created
with its help) under consideration on HPLT-LID.
This is just another proof that there were no regres-
sion in performance of OpenLID-v3 compared to
OpenLID-v2.

B Additional Data Sources

Table 10 shows the difference between OpenLID-
v2 and OpenLID-v3 in terms of training data
sources.

Languages outside OpenLID-v2 class inventory.
We discussed adding natural language other class
(languages present in glotlid-corpus other than our

Language # docs Language # docs

ast_Latn 139 hrv_Latn 188
bos_Latn 49 ita_Latn 171
cat_Latn 196 jpn_Jpan 87
cmn_Hans 183 nob_Latn 304
ces_Latn 183 pes_Arab 209
deu_Latn 179 por_Latn 111
ell_Grek 613 rus_Cyrl 362
eng_Latn 126 spa_Latn 300
fra_Latn 139 slk_Latn 127
fin_Latn 335 srp_Cyrl 15
glg_Latn 182 yor_Latn 168
hin_Deva 136 total 4,502

Table 7: HPLT 3.0 manual inspection dataset statistics.

Model FPR F1 Precision Recall

OpenLID-v3, 0.5 4e-5 99.84 99.91 99.78
OpenLID-v3 6e-5 99.84 99.85 99.84
GlotLID, 0.5 4e-5 99.51 99.89 99.16
GlotLID 4e-5 99.55 99.89 99.24
ensemble 1e-5 99.53 99.96 99.14

Table 8: Evaluation on HPLT-LID (n=3,873), with and
without softmax threshold.

190+) for collecting ‘garbage’ documents and out-
of-train-set languages. However, after looking
closer into the data, just sampling from about 1,900
those languages and labeling them all as "other"
did not seem a good idea. About 1,500 of those lan-
guage were low-resource ones where only Bibles
were available, reported as non-reliable data by
GlotLID’s authors11.

After removing non-reliable sources, 366 lan-
guages were left. The smallest language in
OpenLID-v2 dataset is Yiddish with 923 samples
only. Out of 366, we have 150 languages with
more samples than that. Some of them were quite
large like Low German (nds_Latn) with 117,676
samples (many languages in OpenLID-v2 dataset
have less), national like Romansh (roh_Latn) or
have more than a million speakers like Chechnyan
(che_Cyrl). For the future OpenLID improvement,
we recommend extending the model with these lan-
guages as separate labels instead of pushing them
all into "other".

Not all languages with many samples are ex-
pected to be common in crawls: some of them

11https://github.com/cisnlp/GlotLID/blob/main/
sources.md
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Model FPR F1 Precision Recall

FastSpell n=6,809

OpenLID-v3, 0.5 2.5e-3 91.08 95.72 89.56
OpenLID-v3 2.9e-3 91.22 95.23 90.32
OpenLID-v2, 0.5 3.9e-3 90.04 94.55 89.07
OpenLID-v2 4.2e-3 90.37 94.05 90.11
GlotLID, 0.5 3.0e-3 91.32 95.19 90.24
GlotLID 3.5e-3 91.39 94.63 91.00
ensemble 1.5e-3 90.92 97.11 87.78

FLORES+ n=155,848

OpenLID-v3, 0.5 7.6e-5 97.72 97.86 97.71
OpenLID-v3 8.6e-5 97.74 97.70 97.89
OpenLID-v2, 0.5 8.9e-5 98.09 98.62 97.98
OpenLID-v2 1.0e-4 98.11 98.46 98.16
GlotLID, 0.5 3.4e-5 98.34 99.52 97.95
GlotLID 3.8e-5 98.38 99.46 98.07
ensemble 2.6e-5 97.01 98.33 96.5

UDHR n=10,283

OpenLID-v3, 0.5 1.5e-4 96.14 97.13 96.39
OpenLID-v3, 1.8e-4 96.21 96.87 96.22
OpenLID-v2, 0.5 2.5e-4 96.27 97.26 96.73
OpenLID-v2 3.0e-4 96.21 96.93 96.91
GlotLID, 0.5 6.7e-5 97.39 98.96 96.76
GlotLID 8.7e-5 97.37 98.78 96.87
ensemble 4.5e-5 95.59 98.07 94.58

Table 9: Multilingual benchmarks. F1, precision and re-
call in %. ‘0.5’ stands for thresholding softmax scores at
0.5. Ensembling experiments are done with thresholded
OpenLID-v3 and GlotLID without thresholding. FLO-
RES+ refers to the devtest split, and FastSpell refers to
our version that excludes Nynorsk.

are not alive like Classical Chinese (lzh_Hani)
or constructed like Interlingua (ina_Latn). Since
OpenLID already featured Esperanto and Latin, we
believe other such language are also worth being
edited.

Also we found more languages present in both
Cyrillic and Latin script, like Serbian: Tatar, for
example.

Training data for zxx_Zxxx. und_* are random
sequences generated from different scripts.12 zxx_*
are non-linguistic noise in different scripts col-
lected from the web.13 (We experimented with
adding them as separated classes first; while our
validation data had no such class, some languages
outside our class inventory were classified as one
of this classes; the choice between the two was
random according to manual inspection.)

C Bosnian, Croatian, Montenegrin and
Serbian

Other benchmarks We are aware of BCS news
dataset (SETimes) (Ljubešić and Rupnik, 2022a),
comprising roughly 9,000 parallel documents writ-
ten in each of the languages, from a now-inactive
news site that published articles in the languages
of South-Eastern Europe. However, SETimes data
were present among both OpenLID and GlotLID’s
training data, but their splitting into sentences seem
to be done in different ways. While we succeeded
in deduplicating the test data from GloLID’s train-
ing instances, we scored suspiciously high with
OpenLID (more than 90% F1), which was never
observed on other benchmarks. This is a clear sign
that our deduplication has not worked. Thus, we
only report GlotLID results here and leave proper
evaluation on SETimes for future work. It is an
important benchmark, because it comprises multi-
sentence documents; average document length for
each combination of gold and assigned label is
given in Table 11. Generally, the common wis-
dom that longer documents lead to better classifi-
cation holds here as well, mainly because longer
documents give more opportunities for clear gram-
matical markers and discriminators to arise. Short
sentences are much more likely to be mislabeled,
across all models and datasets. Note that Serbian
(srp, bottom row) doesn’t follow the pattern of

12https://github.com/cisnlp/GlotLID/blob/main/
assets/train/gen_und.py

13https://huggingface.co/datasets/cis-lmu/
glotlid-corpus/tree/main/zxx
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Language Sources Justification

ast_Latn commonvoice, leipzigwiki, tatoeba high confusion with other
bam_Latn ud, all OpenLID-v2 dyu data high confusion with dyu_Latn
ben_Beng commonvoice, GlotStoryBook, leipzigwiki, tatoeba, ud small in HPLT 3.0
bod_Tibt GlotStoryBook, tatoeba, the newest Wikipedia high confusion with dzo_Tibt
cat_Latn commonvoice, GlotStoryBook, leipzigwiki, tatoeba, ud some confusion with oci_Latn
dan_Latn GlotStoryBook, leipzigwiki, tatoeba, ud high confusion with nob_Latn
dzo_Tibt the newest Wikipedia high confusion with bod_Tibt
frp_Latn HFWikipedia missed in OpenLID-v2, high confusion with lij_Latn
fuv_Latn tatoeba high confusion with other
gug_Latn commonvoice, leipzigwiki, tatoeba, ud poor in HPLT 3.0
heb_Hebr leipzigwiki, tatoeba, ud minor confusion with underrepresented Yiddish
kan_Knda GlotStoryBook, leipzigwiki, tatoeba small in HPLT 3.0
kin_Latn afriqa, commonvoice, GlotStoryBook, tatoeba high confusion with run_Latn
lat_Latn tatoeba, ud, GlotStoryBook, leipzigwiki missed in OpenLID-v2
lij_Latn the newest Wikipedia poor in HPLT 3.0
oci_Latn removing OpenLID’s ‘pilar’ high confusion with lij_Latn
run_Latn masakhanews, tatoeba, the newest Wikipedia high confusion with kin_Latn
rus_Cyrl commonvoice, GlotStoryBook, leipzigwiki, tatoeba, ud high confusion with other
som_Latn GlotStoryBook, leipzigwiki, masakhanews, tatoeba high confusion with other
srp_Latn ud, setimes, tatoeba missed in OpenLID-v2, high confusion with Croatian and Bosnian
ssw_Latn GlotStoryBook, Vukuzenzele, the newest Wikipedia high confusion with other
sun_Latn leipzigwiki, nusa, tatoeba high confusion with other
tam_Taml commonvoice, GlotStoryBook, leipzigwiki, tatoeba, ud small in HPLT 3.0
zxx_Zxxx zxx_*, und_* missed in OpenLID-v2

Table 10: OpenLID-v3 added/removed training data, compared to OpenLID-v2; added data were taken from
GlotLID-corpus, if another not specified.

(gold/pred) bos hrv srp

bos 1,922 571 -
hrv 534 1,833 -
srp 6,129 468 3,694

Table 11: GlotLID evaluation on SETimes; average
document length by character count, across correctly
and incorrectly labeled data.

longer documents being more likely to be correctly
labeled. In addition to performance on Latin-script
Serbian generally being lower, this discrepancy
is likely due to common lexical overlap between
Bosnian and Serbian, exacerbated by document
length, and the model seemingly giving preference
to the bos label, discussed further in this section.

We also acknowledge the existence of the COPA
(Rupnik et al., 2023) and Heritage BCS (Romić,
2024) datasets, but, as the Serbian portion of COPA
uses the standard Cyrillic script only, it was inap-
propriate for our evaluation; and Heritage BCS data
comprise transcripts of bilingual speakers’ conver-
sations, there is too much second-language interfer-
ence in the documents for meaningful evaluation
on LID task.

Montenegrin GlotLID predictions Interest-
ingly, there are a handful of mislabeled documents

that GlotLID labels as Montenegrin (cnr) or Chaka-
vian (ckm, a dialect of Croatian). Both the first14

and the second15 feature nonstandard syntax and
repetitive i conjunctions and adjectives; both are,
respectively, typical of Chakavian and Montenegrin
poetry, which feature disproportionately in training
data.

HPLT-LID reannotation details 201 samples
were predicted by OpenLID-v2 to be Serbian Cyril-
lic, out of which 151 were pre-annotated to be
false positives in the corresponding repository, but
turned out to be missing annotation rather then
false. 21 samples were detected to be translationese
from Serbian Cyrillic and annotated with a new tag
tra_Zxxx; 3 samples were found to be only valid
in Montenegrin and annotated with cnr_Latn.

D Romance Languages of Italy and
France

Table 12 lists the Francoprovençal and Occitan
translations of the UDHR and their corresponding
URLs.

14“Dijagnoza je točna, nisam i siguran da je i terapija,
nisam siguran da je i terapija ispravna.”

15“Bijele noći, pa normalno da su bijele noći smetale, sve
što je bijelo smetalo je, u mraku se puno bolje rade ovakvi
poslovi.”
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Dialect URL

Occitan Auvergnat http://efele.net/udhr/d/udhr_auv.txt
Occitan Languedocien http://efele.net/udhr/d/udhr_lnc.txt
Occitan Provençal http://efele.net/udhr/d/udhr_prv.txt
Francoprovençal Fribourg http://efele.net/udhr/d/udhr_oci_1.txt
Francoprovençal Savoie http://efele.net/udhr/d/udhr_oci_2.txt
Francoprovençal Vaud http://efele.net/udhr/d/udhr_oci_3.txt
Francoprovençal Valais http://efele.net/udhr/d/udhr_oci_4.txt

Table 12: Occitan and Francoprovençal UDHR translations and their URLs.

E Scandinavian Languages

Table 13 presents ensemble results combining
GlotLID (no threshold) and OpenLID-v3 (softmax
threshold 0.5). Table 14 shows performance com-
parison for different versions of OpenLID with
GlotLID on the SLIDE, Nordic DSL, FLORES+
devtest, and UDHR test sets with and without
thresholding.

F Hierarchical Models

Hierarchical LID systems decompose the classifi-
cation taks into a series of decision steps, typically
progressing from broad language groups to the in-
dividual languages or variants (Jauhiainen et al.,
2019; Agarwal et al., 2023). The motivation for
these approaches is that closely related languages
are naturally more challenging to discriminate for
LID models (Goutte et al., 2014).

We trained hierarchical fastText-based models
and evaluated their effect on the following lan-
guage groups: Scandinavian languages (Danish,
Faroese, Icelandic, Norwegian Bokmål, Norwe-
gian Nynorsk, and Swedish), South Slavic lan-
guages (Bosnian, Croatian, Serbian in Latin script),
along with varieties of Arabic (Egyptian, Levan-
tine, Mesopotamian, Moroccan, Najdi, Standard
Arabic, Ta’izzi-Adeni, and Tunisian), and Persian
(Dari and Iranian Persian). For each group, we
train a specialized language classifier on the sub-
set of the OpenLID-v3 corpus composed of these
languages. During inference, every time the base
model predicts a language from one of the four
groups, we replace the base model prediction with
the prediction of the specialized model.

The specialized models follow the same archi-
tecture and training procedure as OpenLID-v3. For
each language group, we use the corresponding
language-specific subset of the OpenLID-v3 train-
ing data.

We have not found a significant difference in the
performance of OpenLID-v3 and the hierarchical
models in any of the related language groups when
evaluating on FLORES+ or UDHR. We hypothe-
size that the capacity of the large LID model is not
saturated yet and therefore there is nothing to be
gained by using a subset of the training data. In-
stead, effort should be put into securing larger and
higher-quality annotated data for these language
groups.

G List of Supported Languages

Table 15 shows the list of language labels supported
by OpenLID-v3.
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Dataset Loose Acc. Exact Acc. NB F1 DA F1 NN F1 SV F1 Other F1

SLIDE 94.62 92.30 92.52 90.53 91.52 98.21 91.70
Nordic DSL 93.66 93.66 89.41 94.89 97.01 95.54 92.54
FLORES+ 99.97 99.97 97.56 99.35 98.45 99.95 99.99
UDHR 99.99 99.99 98.39 99.17 99.13 100.00 100.00

Table 13: Ensembling GlotLID (no threshold) and OpenLID-v3 (softmax threshold 0.5) on Scandinavian languages.
Bold indicates improvement over both individual models. Italic indicates improvement over OpenLID-v3 only.
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Thres. Model Loose Acc. Exact Acc. NB F1 DA F1 NN F1 SV F1 Other F1

SLIDE

No

OpenLID-v3 94.46 90.55 94.33 89.27 93.61 96.30 93.13
OpenLID-v2 94.39 90.36 94.07 89.60 94.15 95.89 93.11
OpenLID-v1 93.61 89.77 93.91 87.56 93.03 95.51 91.42
GlotLID 97.20 93.40 95.83 93.37 94.84 98.23 98.05

0.5

OpenLID-v3 95.55 91.87 94.25 91.60 93.52 97.62 95.16
OpenLID-v2 95.63 91.83 94.16 91.58 94.12 97.38 95.29
OpenLID-v1 94.81 91.14 94.00 89.26 93.36 96.84 93.76
GlotLID 97.09 93.45 95.56 93.40 94.52 98.22 97.73
n samples 6,950 6,950 2,098 677 1,628 1,250 1,745

Nordic DSL (from 50k split)

No

OpenLID-v3 94.71 94.71 89.29 93.63 94.24 96.06 97.36
OpenLID-v2 94.32 94.32 88.63 92.89 93.79 95.67 97.30
OpenLID-v1 94.17 94.17 88.73 93.64 92.78 95.37 97.15
GlotLID 96.19 96.19 94.54 95.40 96.84 95.87 97.21

0.5

OpenLID-v3 94.30 94.30 89.17 93.83 94.36 96.11 95.96
OpenLID-v2 93.96 93.96 88.49 92.84 94.30 95.65 96.07
OpenLID-v1 93.88 93.88 88.47 93.65 93.16 95.41 96.13
GlotLID 96.10 96.10 94.48 95.51 96.85 95.96 96.86
n samples 74,800 74,800 14,960 14,960 14,960 14,960 14,960

FLORES+ devtest

No

OpenLID-v3 99.97 99.97 97.53 99.11 98.22 99.90 100.00
OpenLID-v2 99.97 99.97 97.19 98.91 98.08 99.90 100.00
OpenLID-v1 99.97 99.97 97.63 98.86 98.57 99.75 100.00
GlotLID 99.98 99.98 98.24 99.60 98.60 100.00 100.00

0.5

OpenLID-v3 99.97 99.97 97.22 99.26 98.32 99.95 100.00
OpenLID-v2 99.97 99.97 96.84 98.86 98.17 99.95 100.00
OpenLID-v1 99.97 99.97 97.53 98.86 98.62 99.85 100.00
GlotLID 99.98 99.98 98.19 99.55 98.60 100.00 100.00
n samples 216,568 216,568 1,012 1,012 1,012 1,012 212,520

UDHR

No

OpenLID-v3 99.75 99.75 93.85 97.44 82.19 78.21 99.88
OpenLID-v2 99.74 99.74 96.12 85.71 95.80 73.49 99.87
OpenLID-v1 99.79 99.79 83.22 95.31 91.20 88.41 99.90
GlotLID 99.97 99.97 99.20 96.00 99.15 99.19 99.99

0.5

OpenLID-v3 99.97 99.97 98.39 98.36 97.44 98.39 99.99
OpenLID-v2 99.97 99.97 98.41 97.56 98.28 97.60 99.99
OpenLID-v1 99.97 99.97 98.41 99.19 95.00 99.19 99.99
GlotLID 99.99 99.99 99.20 98.36 100.00 100.00 100.00
n samples 27,757 27,757 62 61 58 61 27,515

Table 14: Comprehensive comparison of language identification models across all test datasets with and without
softmax thresholding. Bold values indicate best performance for each metric within each dataset/threshold combina-
tion.
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Lang. code Name Lang. code Name Lang. code Name Lang. code Name

ace_Arab Achinese fon_Latn Fon lij_Latn Ligurian slk_Latn Slovak
ace_Latn Achinese fra_Latn French lim_Latn Limburgan (Lim-

burger, Limburgish)
slv_Latn Slovenian

afr_Latn Afrikaans frp_Latn Arpitan (Franco-
provençal)

lin_Latn Lingala smo_Latn Samoan

als_Latn Tosk Albanian fur_Latn Friulian lit_Latn Lithuanian sna_Latn Shona
amh_Ethi Amharic fuv_Latn Nigerian Fulfulde lmo_Latn Lombard snd_Arab Sindhi
ara_Arab Arabic gaz_Latn West Central Oromo ltg_Latn Latgalian som_Latn Somali
asm_Beng Assamese gla_Latn Scottish Gaelic ltz_Latn Luxembourgish

(Letzeburgesch)
sot_Latn Southern Sotho

ast_Latn Asturian (As-
turleonese, Bable,
Leonese)

gle_Latn Irish lua_Latn Luba-Lulua spa_Latn Spanish (Castilian)

awa_Deva Awadhi glg_Latn Galician lug_Latn Ganda srd_Latn Sardinian
ayr_Latn Central Aymara gug_Latn Paraguayan Guaraní luo_Latn Luo (Kenya and Tan-

zania) (Dholuo)
srp_Cyrl Serbian

azb_Arab South Azerbaijani guj_Gujr Gujarati lus_Latn Lushai srp_Latn Serbian
azj_Latn North Azerbaijani hat_Latn Haitian (Creole,

Haitian Creole)
lvs_Latn Standard Latvian ssw_Latn Swati

bak_Cyrl Bashkir hau_Latn Hausa mag_Deva Magahi sun_Latn Sundanese
bam_Latn Bambara heb_Hebr Hebrew mai_Deva Maithili swe_Latn Swedish
ban_Latn Balinese hin_Deva Hindi mal_Mlym Malayalam swh_Latn Swahili (indi-

vidual language)
(Kiswahili)

bel_Cyrl Belarusian hne_Deva Chhattisgarhi mar_Deva Marathi szl_Latn Silesian
bem_Latn Bemba (Zambia) hrv_Latn Croatian min_Latn Minangkabau tam_Taml Tamil
ben_Beng Bengali hun_Latn Hungarian mkd_Cyrl Macedonian taq_Latn Tamasheq
bho_Deva Bhojpuri hye_Armn Armenian mlt_Latn Maltese taq_Tfng Tamasheq
bjn_Arab Banjar ibo_Latn Igbo mni_Beng Manipuri tat_Cyrl Tatar
bjn_Latn Banjar ilo_Latn Iloko mos_Latn Mossi tel_Telu Telugu
bod_Tibt Tibetan ind_Latn Indonesian mri_Latn Maori tgk_Cyrl Tajik
bos_Latn Bosnian isl_Latn Icelandic mya_Mymr Burmese tha_Thai Thai
bug_Latn Buginese ita_Latn Italian nld_Latn Dutch (Flemish) tir_Ethi Tigrinya
bul_Cyrl Bulgarian jav_Latn Javanese nno_Latn Norwegian Nynorsk tpi_Latn Tok Pisin
cat_Latn Catalan (Valencian) jpn_Jpan Japanese nob_Latn Norwegian Bokmål tsn_Latn Tswana
ceb_Latn Cebuano kab_Latn Kabyle npi_Deva Nepali (individual

language)
tso_Latn Tsonga

ces_Latn Czech kac_Latn Kachin (Jingpho) nso_Latn Pedi (Northern
Sotho, Sepedi)

tuk_Latn Turkmen

cjk_Latn Chokwe kam_Latn Kamba (Kenya) nus_Latn Nuer tum_Latn Tumbuka
ckb_Arab Central Kurdish kan_Knda Kannada nya_Latn Chichewa (Chewa,

Nyanja)
tur_Latn Turkish

cmn_Hans Mandarin Chinese kas_Arab Kashmiri oci_Latn Occitan (post 1500) twi_Latn Twi
cmn_Hant Mandarin Chinese kas_Deva Kashmiri ory_Orya Odia (Oriya (indi-

vidual language))
uig_Arab Uighur (Uyghur)

crh_Latn Crimean Tatar
(Crimean Turkish)

kat_Geor Georgian pag_Latn Pangasinan ukr_Cyrl Ukrainian

cym_Latn Welsh kaz_Cyrl Kazakh pan_Guru Panjabi (Punjabi) umb_Latn Umbundu
dan_Latn Danish kbp_Latn Kabiyè pap_Latn Papiamento urd_Arab Urdu
deu_Latn German kea_Latn Kabuverdianu pbt_Arab Southern Pashto uzn_Latn Northern Uzbek
dik_Latn Southwestern Dinka khk_Cyrl Halh Mongolian plt_Latn Plateau Malagasy vec_Latn Venetian
dzo_Tibt Dzongkha khm_Khmr Khmer (Central

Khmer)
pol_Latn Polish vie_Latn Vietnamese

ekk_Latn Standard Estonian kik_Latn Kikuyu (Gikuyu) por_Latn Portuguese war_Latn Waray (Philippines)
ell_Grek Modern Greek

(1453-)
kin_Latn Kinyarwanda quy_Latn Ayacucho Quechua wol_Latn Wolof

eng_Latn English kir_Cyrl Kirghiz (Kyrgyz) ron_Latn Romanian (Molda-
vian, Moldovan)

xho_Latn Xhosa

epo_Latn Esperanto kmb_Latn Kimbundu run_Latn Rundi ydd_Hebr Eastern Yiddish
eus_Latn Basque kmr_Latn Northern Kurdish rus_Cyrl Russian yor_Latn Yoruba
ewe_Latn Ewe knc_Arab Central Kanuri sag_Latn Sango yue_Hant Yue Chinese
fao_Latn Faroese knc_Latn Central Kanuri san_Deva Sanskrit zgh_Tfng Standard Moroccan

Tamazight
fas_Arab Persian kor_Hang Korean sat_Olck Santali zsm_Latn Standard Malay
fij_Latn Fijian ktu_Latn Kituba (Democratic

Republic of Congo)
scn_Latn Sicilian zul_Latn Zulu

fil_Latn Filipino (Pilipino) lao_Laoo Lao shn_Mymr Shan zxx_Zxxx No linguistic con-
tent (Not applicable)

fin_Latn Finnish lat_Latn Latin sin_Sinh Sinhala (Sinhalese)

Table 15: OpenLID-v3 supported languages (model class labels).
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Abstract
Despite the success of large language mod-
els (LLMs) in a wide range of applications,
it has been shown that their performance varies
across English dialects. Differences among En-
glish dialects are reflected in vocabulary, syn-
tax, and writing style, and can adversely affect
model performance. Several studies evaluate
the dialect robustness of LLMs, yet research on
enhancing their robustness to dialectal variation
remains limited.

In this paper, we propose two parameter-
efficient frameworks for improving dialectal
robustness in LLMs: DialectFusion where we
train separate LoRA layers for each dialect and
apply different LoRA merging methods, and
DialectMoE which is built on top of Mixture of
Experts LoRA and introduces multiple LoRA-
based experts to the feed-forward layer to in-
ternally model the dialectal dependencies. Our
comprehensive analysis on five open-source
LLMs for sentiment and sarcasm tasks in zero-
and few-shot settings shows that our proposed
approaches enhance the dialect robustness of
LLMs and outperforms instruct and LoRA fine-
tuning based approaches.

1 Introduction

Large Language Models (LLMs) have been suc-
cessful in a variety of tasks including sentiment and
sarcasm classification (Zhang et al., 2025; Vajjala
and Shimangaud, 2025). However, these models of-
ten exhibit a bias towards mainstream dialects, lim-
iting their peformance in dialect-specific contexts
(Srirag et al., 2025b; Lin et al., 2025). Regional
English exhibits distinct grammatical structures,
vocabulary, and expressions. As LLMs are trained
on datasets composed of standard English, they of-
ten struggle to generalize to more diverse linguistic
varieties (Joshi et al., 2025).

Several studies have explored ways to improve
dialect robustness using rule-based systems (Ziems

*Equal contribution.

et al., 2023) or adapting language models for dialec-
tal tasks (Sun et al., 2023; Liu et al., 2023). More
recently Srirag et al. (2025a) introduced BESSTIE,
a manually annotated dataset with three varieties of
English (Australian, Indian, British), however, their
evaluation focused on encoder and decoder mod-
els. Although parameter-efficient methods such as
LoRA (Hu et al., 2022) have been explored for di-
alect adaptation, existing studies (Faisal and Anas-
tasopoulos, 2024; Liu et al., 2023) do not system-
atically evaluate their performance across modern
LLMs nor investigate approaches to enhance ro-
bustness across dialect groups (Srirag et al., 2025a).

To mitigate these gaps, in this paper we propose
two parameter-efficient approaches, DialectFusion
and DialectMoE, to improve the dialectal robust-
ness of open-source LLMs.1 In DialectFusion, we
train separate LoRA adapters for each dialect and
then merge them using two methods: Learnable
Concatenation (CAT) (Prabhakar et al., 2025) and
TrIm, Elect, and Merge (TIES) (Yadav et al., 2023).
In DialectMoE, LoRA-based experts are added to
the feed-forward layer of an LLM along with a gate
router (Li et al., 2024) to enhance dialect perfor-
mance. We focus on three English dialects: Aus-
tralian, British, and Indian.

To evaluate the effectiveness of our proposed
approaches, we fine-tune five open-source LLMs:
three predominantly pre-trained using English cor-
pora (Mistral-v0.1 7B Instruct (Jiang et al., 2023),
Gemma2-9B Instruct (Team, 2024), Phi-3 Medium
Instruct (et al., 2024)) and two multilingual mod-
els (Llama 3.1 8B Instruct (Weerawardhena et al.,
2025), Qwen 2.5 7B Instruct (Yang et al., 2025)
using the BESSTIE dataset (Srirag et al., 2025a).
We compare our approaches with instruction-tuned
models and LoRA fine-tuning on the full dataset
without dialect distinctions in zero- and few-shot

1Our code is available at https://github.com/
Sanjh-Maheshwari/LLM-Dialect-Robustness.
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settings. Our results show that our proposed meth-
ods consistently outperform both instruction-tuned
and LoRA fine-tuning.

To summarize, our contributions are as follows:

• We introduce two parameter-efficient ap-
proaches based on LoRA adapters and
Mixture-of-Experts to improve dialectal ro-
bustness in LLMs;

• We fine-tune and evaluate five recent LLMs
on the BESSTIE dataset, covering sentiment
and sarcasm classification, enabling a system-
atic assessment of robustness across English
dialects;

• We compare our methods against strong base-
lines including instruction-tuned models and
LoRA fine-tuning without dialect separation,
and show consistent improvements in both
zero-shot and few-shot settings, demonstrat-
ing improved robustness across dialects.

2 Related Works

Large Language Models (LLMs) often perform
poorly on dialectal data due to syntactic, ortho-
graphic, and lexical variation (Srirag et al., 2025b).
As training data is heavily skewed toward Standard
American English (Joshi et al., 2025), monolingual
and multilingual LLMs often fail to generalize to
dialectal text without explicit adaptation.

Several efforts have been made to improve
dialect robustness. Ziems et al. (2023) pro-
posed Multi-Value, a rule-based translation sys-
tem consisting of 50 English dialects and their 189
unique linguistic features. Using these transfor-
mation rules, Liu et al. (2023) created a synthetic
dataset using transformation rules, trained adapters
for each linguistic feature, and then fused these
adapters into a single model. Some works adapted
language models for tasks requiring extensive di-
alectal knowledge, however their focus was on
smaller task-specific language models such as mT5,
Flan-T5 rather than recent LLMs (Sun et al., 2023;
Liu et al., 2023). In order to increase robustness to
dialectal variance without impairing downstream
task performance, Sun et al. (2023) proposed a
dialect-robust evaluation metric and NANO, a train-
ing schema which introduces regional and language
information to pretraining. Faisal and Anastasopou-
los (2024) applied LoRA (Hu et al., 2022) to adapt
a multilingual instruction-tuned model to improve
task performance on three South Slavic dialects.

More recently, Srirag et al. (2025a) proposed
a dataset for sentiment and sarcasm classifica-
tion for three varieties of English: Australian, In-
dian, and British, collected from Google Places re-
views and Reddit comments. They evaluated nine
LLMs (6 encoders and 3 decoders) and showed that
models are better at sentiment classification com-
pared to sarcasm detection. They also highlighted
that monolingual models perform slightly better
than multilingual models suggesting that multilin-
gual pre-training does not adequately capture intra-
language variation. The results are reported only
for fine-tuned models, which offers limited insights
into the actual improvements on dialectal variants.

Previous work has not explored recent advances
in LLM fine-tuning including LoRA merging strate-
gies (e.g. CAT (Prabhakar et al., 2025) and TIES
(Yadav et al., 2023)) and parameter efficient imple-
mentations (e.g. MixLoRA (Li et al., 2024)) de-
spite their proven effectiveness in multi-task learn-
ing settings that closely resemble multi-dialect set-
tings. We bridge this gap through a systematic
evaluation of six methods across five LLMs in both
zero-shot and few-shot settings.

3 Methodology

We propose two parameter-efficient approaches to
improve dialect robustness in LLMs:

• DialectFusion trains separate LoRA adapters
for each dialect and then merges them using
two methods: CAT (Prabhakar et al., 2025) or
TIES (Yadav et al., 2023).

• DialectMoE employs mixture-of-experts and
inserts multiple LoRA-based experts within
the feed-forward network blocks of the frozen
pre-trained model with a top-k router to dy-
namically select dialect-specific experts with-
out requiring separate adapter training (Li
et al., 2024).

We focus on three English dialects, specifically
Australian (AU), British (UK), and Indian (IN).

3.1 DialectFusion

DialectFusion is a parameter-efficient method de-
signed to improve dialect robustness of LLMs.
Here, we train multiple LoRA adapters, one for
each target dialect, as shown in Figure 1. This al-
lows the model to capture dialect specific linguistic
features independently.
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Figure 1: Overview of DialectFusion using LoRA merg-
ing (CAT and TIES). αau, αin and αuk highlighted in
blue in case of CAT are trainable. Similarly, Aau, Ain,
Auk, Bau, Bin and Buk highlighted in blue in TIES are
pre-trained dialect-specific LoRA adapters merged with
fixed α weights.

One approach is to keep these adapters sepa-
rate (LoRA Separate) where each dialect-specific
adapter is loaded independently during inference
based on the target dialect. While this maintains
the distinct linguistic characteristics of each dialect,
it requires prior knowledge of the dialect and sep-
arate inference passes for each dialect. Another
approach is to merge the trained adapters using
LoRA merging techniques such as CAT (Prabhakar
et al., 2025) and TIES (Yadav et al., 2023) to pro-
duce a single adapter for all dialects.

CAT CAT is a LoRA merging method that first
trains separate LoRA adapters for each dialect in-
dependently, then learns layer-specific (l) mixing
coefficients to optimally combine these adapters,
enabling the model to handle multiple dialects with-
out retraining the base model. In each standard
LoRA layer, the original weight matrix (W0) stays
frozen, while the update is calculated as ∆W =
BA, where A ∈ Rr×k and B ∈ Rd×r are low-rank
decomposition matrices with r ≪ min(d, k). Here,
k and d are the input and output dimensions of W0

respectively, and r is the low-rank bottleneck di-
mension. For an input vector x, the forward pass
computes W0x+BAx.

CAT extends this by merging trained LoRA
adapters. As shown in Figure 1, this approach com-
bines LoRA updates from three dialect adapters
using layer-specific mixing coefficients:

∆W l = αl
auBauA

⊤
au+αl

inBinA
⊤
in+αl

ukBukA
⊤
uk

where αl
au, α

l
in, α

l
uk ∈ [0, 1] are trainable layer-

Figure 2: Overview of DialectMoE. LoRA adapters are
applied to self-attention layers as standard. At the feed-
forward layer, a sparse MoE is formed where all experts
share the base Feed Forward Network weights.

specific merging coefficients for the Australian, In-
dian, and UK dialect adapters respectively, and
Ak, Bk (for k ∈ {au, in, uk}) are the low-rank ma-
trices from each pre-trained dialect-specific LoRA
adapter. Unlike standard LoRA where only A and
B are trained, in CAT the dialect-specific LoRAs
are first trained independently, then frozen, and
only the mixing coefficients αl are learned to opti-
mally combine them at each layer l.

TIES TIES addresses interference between
merged models through a three-step process. This
method applies pre-processing steps before merg-
ing. First, we prune the smallest values in (Ak, Bk)
for k ∈ {au, in, uk}, retaining only the top λ ∈
[0, 1] fraction based on magnitude. Second, we
compute a majority sign mask by summing all
pruned parameters and storing the sign. Finally,
we apply weighted linear merging using only the
parameters matching the majority sign, effectively
resolving conflicts when merging adapters with
overlapping parameters as shown below:

∆W l =(αauBau + αinBin + αukBuk)

(αauAau + αinAin + αukAuk)
⊤

The weights in the equation, αau, αin, and αuk

are fixed hyperparameters which are typically set
uniformly, e.g., αau = αin = αuk = 1/3. (Yadav
et al., 2023)

3.2 DialectMoE
DialectMoE inserts multiple LoRA-based experts
within the feed-forward network blocks of the
frozen pre-trained model, employing a top-k router
mechanism to dynamically select the most relevant
experts for each input (Li et al., 2024). In our case,
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each expert is assumed to be specialized in a dis-
tinct dialect after training, allowing the model to
process dialect-specific nuances without the need
to train separate adapters for each dialect and over-
loading the GPU memory.

As shown in Figure 2, DialectMoE consists of
two parts. The left component is the transformer ar-
chitecture with frozen base model augmented with
LoRA adapters at various layers (Self Attention,
Layer Norm, and Feed-Forward layers). The right
component shows the sparse MoE mechanism with
three dialect-specific experts.

Input tokens first pass through the standard trans-
former layers (Self Attention and Layer Norm) in
the base model. At the feed forward layers, the in-
put tokens corresponding to each dialect are passed
to the top-k router which computes routing proba-
bilities and assigns each token from various tasks
(i.e. in our case dialects: AU, IN, UK) to different
expert modules. The boxes labeled "AU", "IN",
and "UK" below the experts represent the weighted
gating mechanism that determines how much each
expert contributes to the final output.

Each expert module comprises a feed-forward
network with LoRA adapters. The outputs from
the selected adapters are then combined using
weighted sum (

∑
). The weights are determined us-

ing the routing probabilities assigned by the top-k
router. The output is then passed to the next lay-
ers of transformers allowing the model to leverage
dialect-specific knowledge while maintaining the
efficiency of the sparse MoE architecture.

4 Experiments

Models We evaluate five open-source LLMs,
three predominantly pre-trained using English cor-
pora (Mistral-v0.1 7B Instruct (Jiang et al., 2023),
Gemma2-9B Instruct (Team, 2024), Phi-3 Medium
Instruct (et al., 2024)) and two multilingual mod-
els (Llama 3.1 8B Instruct (Weerawardhena et al.,
2025), Qwen 2.5 7B Instruct (Yang et al., 2025).
We conduct experiments in zero-shot and few-shot
settings.

All models are fine-tuned in half-precision for
5 epochs, with a batch size of 8 and Adam op-
timizer. The optimal learning rate is highly de-
pendent on the LLM as well as the technique, but
varies from 1e-5 to 2e-4. Learning rate selection
was based on monitoring training loss convergence
during preliminary runs, with particular attention
to the Mistral-v0.1 7B Instruct which required

lower learning rates (1e-5) across all proposed ap-
proaches for stable training.

All experiments are performed using two
NVIDIA A100 40GB GPUs and two NVIDIA
A100 80GB GPUs. We implemented the proposed
approaches using the MoE-PEFT library2, an LL-
MOps framework designed for high-throughput
fine-tuning, evaluation and inference.3

Dataset All experiments are conducted on
BESSTIE, a dataset for sentiment and sarcasm
classification crawled from Google Places reviews
and Reddit comments (Srirag et al., 2025a). The
dataset is labeled with three varieties of English:
Australian (AU), British (UK), and Indian (IN).

Variety Subset Train Valid % Pos. Sent % Pos. Sarcasm
AU Google 946 130 73% 7%

Reddit 1763 241 32% 42%
IN Google 1648 225 75% 1%

Reddit 1686 230 25% 13%
UK Google 1817 248 75% 0%

Reddit 1007 138 12% 22%

Table 1: Dataset statistics for the two tasks: sentiment
and sarcasm classification.

Table 1 shows dataset statistics. BESSTIE com-
prises 11,963 samples across the three English di-
alects. The training set comprises 8,867 samples,
the validation set 1,212 samples, and the test set
2,523 samples. The class distribution varies sig-
nificantly, with the Google-sourced data indicating
high positive sentiment (about 73–75%) and low
sarcasm (0–7%). In contrast, the Reddit-sourced
data for each type shows substantially lower posi-
tivity (varying from 12% to 32%) and greater sar-
castic levels (13–42%). Overall, Google data tends
to be more positive, less sarcastic, and more ver-
bose, while Reddit data is more neutral or negative,
more sarcastic, and more concise.

We utilize the provided training set for fine-
tuning all models, while the validation set is used
for evaluation purposes, as the test set is not in-
cluded in the publicly available version.

Although both the Google and Reddit subsets are
annotated for sentiment and sarcasm, the Google
subset contains very few positive sarcasm instances
across all dialects (0–7%) as evident from Table
1. Due to this extreme class imbalance, we do not
conduct experiments on the sarcasm classification
task using the Google data.

2https://github.com/TUDB-Labs/MoE-PEFT
3Further implementation details, including prompt tem-

plates, are in Appendix A.
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Baselines As there are no baselines with a similar
objective, we compare against the following:

• Zero-shot prompting: We utilise the instruc-
tion variant of LLMs using the same evalua-
tion setup without any additional fine-tuning.

• Few-shot prompting: We give the instruction
variant of LLMs two input-output examples
in the prompt to demonstrate the task before
evaluation, without additional fine-tuning.

• LoRA without dialect separation (LoRA
Grouping): We train LoRA adapters by group-
ing the dialects for a subset of the data. For
each model, we train a single adapter for the
sarcasm classification task and two adapters
for sentiment classification, one for each
source (Google, Reddit).

5 Results and Analysis

The results for sarcasm and sentiment classifica-
tion in zero-shot and few-shot settings are in Table
2 and Table 3, respectively. We report task per-
formance using accuracy and weighted F1 score.
In general, sarcasm classification seems to be the
more challenging task.

5.1 Sarcasm Classification
Which model performs best? In the zero-shot
setting, Gemma-2 achieves the highest average per-
formance across all dialectal variants, with an aver-
age F1 score of 80.79% using LoRA Separate. In
the few-shot setting, Llama 3.1 with DialectMoE
achieves the highest average F1 score of 72.47%
across all dialectal variants, demonstrating substan-
tial improvements, particularly on UK and IN di-
alects. Gemma-2 using LoRA Separate maintains
strong performance with an average F1 score of
76.20%.

How consistent is performance across dialects?
Performance across dialects varies significantly.
Australian English is the most challenging, with an
F1 score generally in the range of 40-75%. Indian
English performs best when fine-tuned (70-80%
F1), but the baseline seems to struggle (10-40%
F1). UK English shows the highest variation in F1

scores, ranging from 20 to 80% F1).

How do proposed techniques compare against
baselines? Baselines generally achieve low F1

scores. For example, the results using Mistral-7B
Instruct in zero-shot (33.34% on AU, 14.67% on

UK, 9.99% on IN) are significantly lower than
those of DialectMoE (66.29% on AU, 79.52%
on UK, 81.0% on IN). This holds true for few-
shot where the Mistral-7B Instruct performs worse
(56.07% on AU, 25.88% on UK, 17.79% on IN)
than LoRA Separate (63.82%, 71.71%, 80.27% on
each dialect respectively).

Which merging technique is most effective in
DialectFusion? LoRA Separate almost always
outperforms CAT and TIES. It achieves the highest
or the near-highest accuracy in almost all cases.
In the zero-shot setting, CAT shows competitive
performance especially for Phi-3 on UK and AU
dialects, but TIES underperforms both LoRA Sep-
arate and CAT, often yielding results closer to the
baseline.

How does DialectFusion compare to Dialect-
MoE? DialectMoE excels for some models in
zero-shot settings, achieving 5-15% F1 improve-
ments over DialectFusion methods, particularly
on UK and IN dialects. DialectFusion (especially
LoRA Separate) provides more consistent and re-
liable performance across both few-shot and zero-
shot scenarios.

5.2 Sentiment Classification

Which model performs best? In the zero-shot
setting, DialectMoE achieves remarkable perfor-
mance on Reddit using Mistral 7B across dialects.
For Google Sentiment, DialectFusion with CAT
merging shows the strongest performance on Phi-
3 and Qwen 2.5 models, with Qwen achieving
98.46% F1 on AU and Phi-3 reaching 99.19% on
UK dialect. In the few-shot setting, Gemma 2 with
LoRA Grouping achieves the best performance on
UK and AU on the Reddit subset, and maintains a
high F1 score on the Google subset.

How consistent is performance across dialects?
Performance across dialects varies significantly. In-
dian English appears to be the most challenging
dialect across sentiment tasks. On the Reddit sub-
set, Mistral 7B shows the weakest results in zero-
shot setting. For Google Sentiment, Llama 3.1
struggles across all dialects in the zero-shot setting.
However, using DialectMoE shows substantial im-
provements, achieving scores above 85%. In both
zero- and few-shot, UK English demonstrates the
strongest and most stable overall performance, with
scores typically ranging from 90-99% F1 across
different models and techniques.
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Reddit Sarcasm Reddit Sentiment Google Sentiment

Model Technique AU UK IN Avg AU UK IN Avg AU UK IN Avg

Mistral-7B

Instruct 33.34 14.67 9.99 19.33 77.51 80.23 73.58 77.11 93.85 94.74 83.60 90.73
LoRA Group 43.63 68.38 80.27 64.09 88.38 94.20 83.44 88.67 96.92 96.32 86.52 93.25

LoRA Sep 63.86 68.38 80.27 70.84 87.38 86.85 84.76 86.33 97.68 95.44 85.88 93.00
CAT 43.63 68.38 80.27 64.09 85.61 88.97 83.71 86.10 97.68 96.72 84.76 93.05
TIES 48.00 18.27 25.02 30.43 80.97 83.51 77.86 80.78 95.34 94.68 83.55 91.19

DialectMoE 66.29 79.52 81.00 75.60 90.91 96.66 90.44 92.67 96.16 97.16 88.16 93.83

Phi-3

Instruct 72.69 44.82 58.53 58.68 86.85 89.54 83.11 86.50 94.76 95.64 86.47 92.29
LoRA Group 57.36 70.22 77.89 68.49 87.90 94.70 85.68 89.43 94.59 96.70 86.99 92.76

LoRA Sep 66.08 68.38 80.27 71.58 88.65 92.13 86.48 89.09 95.38 97.12 87.76 93.42
CAT 50.33 72.06 81.81 68.07 89.25 91.52 88.16 89.64 96.14 99.19 87.55 94.29
TIES 73.41 54.37 66.71 64.83 88.82 91.12 84.98 88.31 94.73 96.43 85.53 92.23

DialectMoE 68.67 58.60 60.83 62.70 86.35 93.84 83.93 88.04 74.79 83.91 50.51 69.74

Qwen 2.5

Instruct 61.25 30.26 46.45 45.99 85.16 91.29 84.67 87.04 96.95 98.01 87.15 94.04
LoRA Group 74.67 73.34 82.22 76.74 89.31 93.84 85.01 89.39 95.38 97.57 86.41 93.12

LoRA Sep 74.67 73.34 82.22 76.74 89.31 93.84 85.01 89.39 95.38 97.57 86.41 93.12
CAT 42.69 69.63 81.06 64.46 88.65 94.03 82.8 88.49 98.46 97.55 86.52 94.18
TIES 59.71 70.44 76.5 68.88 85.16 93.1 86.48 88.25 94.69 97.61 85.69 92.66

DialectMoE 73.17 81.71 83.21 79.36 90.16 96.51 88.56 91.74 94.59 98.79 86.74 93.37

Llama 3.1

Instruct 57.71 23.99 38.28 40.00 78.79 91.12 81.90 83.94 78.32 75.54 76.66 76.84
LoRA Group 51.25 75.18 79.62 68.68 89.04 94.70 84.49 89.41 97.68 97.55 87.55 94.26

LoRA Sep 61.02 68.38 80.27 69.89 88.84 95.38 71.77 85.33 96.89 96.72 87.89 93.83
CAT 42.69 68.38 80.27 63.78 85.55 94.86 81.66 87.36 96.89 97.15 88.06 94.03
TIES 69.15 42.68 61.10 57.64 80.44 91.29 84.06 85.26 96.23 95.23 84.25 91.90

DialectMoE 70.58 78.40 85.08 78.02 91.24 96.42 88.73 92.13 96.89 97.99 88.72 94.53

Gemma 2

Instruct 54.94 18.89 22.48 32.10 84.89 90.85 87.03 87.59 86.89 88.55 84.37 86.60
LoRA Group 72.18 81.76 83.03 78.99 90.80 94.99 89.50 91.76 96.95 98.40 86.00 93.78

LoRA Sep 78.14 78.98 87.24 81.45 89.17 96.21 87.83 91.07 94.53 97.99 87.41 93.31
CAT 52.43 77.84 83.95 71.41 89.4 94.70 85.55 89.88 96.17 97.18 86.01 93.12
TIES 76.08 50.56 57.10 61.25 87.59 93.23 89.50 90.11 95.50 94.91 87.28 92.56

DialectMoE 46.52 69.24 79.92 65.23 88.74 91.29 82.41 87.48 83.21 89.42 76.56 83.06

Table 2: F1 scores for zero-shot experiments across different models and techniques.

In the few-shot setting, several models (Mistral-
7B Instruct, Gemma 2 with DialectMoE) yield
lower F1 compared to zero-shot. All models show
moderate stability on AU with F1 scores typically
in the 88-90% range for Reddit and 94-99% for
Google. Overall, sentiment classification tasks
show strong dialect robustness, with Google senti-
ment demonstrating superior performance where
most fine-tuned models achieve F1 scores above
95% across dialects, while Reddit sentiment shows
more variation with scores typically in the 85-96%
range.

How do proposed techniques compare against
baselines? In the zero-shot setting, for Reddit
sentiment, Mistral-7B Instruct shows the weakest
results for Indian English with F1 score of 73.58%,
whereas our proposed techniques achieve signif-

icantly higher scores. For instance, DialectMoE
demonstrates remarkable improvements, with Mis-
tral achieving F1 scores above 90% for all dialects.
DialectFusion using CAT merging in Phi-3 per-
forms better than LoRA Grouping and Instruct with
by 2-5% improvements, respectively, on the Indian
English dialect. For Google Sentiment, Llama 3.1
Instruct struggles across all dialects. In contrast, Di-
alectMoE shows significant improvements over the
baseline (∼20% each), demonstrating the effective-
ness of our proposed approach. DialectFusion with
CAT merging shows the strongest performance on
Phi-3, reaching 99.19% on UK, representing the
best results for this dialect. DialectFusion with
CAT and TIES provides robust performance, with
Qwen 2.5 CAT achieving 94.20% F1 on UK and
83.69% F1 on IN on Reddit sentiment, outper-
forming baselines by approximately ∼2%. For
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Reddit Sarcasm Reddit Sentiment Google Sentiment

Model Technique AU UK IN Avg AU UK IN Avg AU UK IN Avg

Mistral-7B

Instruct 56.07 25.88 17.79 33.25 69.36 59.61 65.69 64.89 92.55 90.29 83.33 88.72
LoRA Grouping 58.29 63.28 61.35 60.97 81.54 81.36 73.18 78.69 96.14 95.84 83.46 91.81

LoRA Separate 63.82 71.71 80.27 71.93 79.13 68.95 76.55 74.88 94.64 94.98 84.20 91.27
CAT 52.92 69.74 77.67 66.78 71.93 69.58 73.10 71.54 93.90 95.08 83.98 90.99
TIES 60.02 39.72 33.13 44.29 69.86 59.61 67.43 65.63 93.27 92.53 85.73 90.51

DialectMoE 61.98 68.41 82.29 70.89 79.70 79.60 77.45 78.92 93.27 93.64 86.07 90.99

Phi-3

Instruct 74.76 50.87 59.48 61.70 84.89 91.12 83.24 86.42 94.04 96.06 84.93 91.68
LoRA Grouping 68.84 68.22 74.68 70.58 83.60 91.71 79.76 85.02 94.73 97.20 85.05 92.33

LoRA Separate 67.42 68.38 80.27 72.02 87.92 92.94 83.95 88.27 94.64 96.38 88.16 93.06
CAT 56.07 73.05 79.82 69.65 84.89 93.10 84.05 87.35 96.17 97.61 86.99 93.59
TIES 72.82 55.36 64.14 64.11 84.08 92.32 84.41 86.94 93.27 96.45 85.73 91.82

DialectMoE 64.30 69.32 75.96 69.86 79.32 94.51 82.25 85.36 92.97 93.90 84.90 90.59

Qwen 2.5

Instruct 69.85 53.66 64.30 62.60 84.60 87.98 81.30 84.63 91.11 94.53 86.25 90.63
LoRA Grouping 71.12 76.69 80.97 76.26 86.03 92.32 76.80 85.05 96.17 96.38 87.40 93.32

LoRA Separate 70.70 80.14 80.27 77.04 90.37 92.54 83.30 88.74 96.98 95.95 86.47 93.13
CAT 42.69 68.38 80.27 63.78 88.04 94.20 83.69 88.64 96.98 97.58 85.69 93.42
TIES 65.03 70.22 78.25 71.17 83.06 88.67 80.58 84.10 94.76 96.06 89.50 93.44

DialectMoE 52.29 64.33 49.62 55.41 87.42 85.63 76.19 83.08 94.73 95.58 88.10 92.80

Llama 3.1

Instruct 51.48 19.85 19.48 30.27 80.98 92.63 82.96 85.52 90.39 91.12 81.39 87.63
LoRA Grouping 54.81 42.50 62.18 53.16 89.89 92.48 86.13 89.50 92.44 95.62 87.35 91.80

LoRA Separate 61.58 68.38 80.27 70.08 81.16 82.60 73.50 79.09 88.85 94.77 82.40 88.67
CAT 42.69 68.38 80.27 63.78 79.48 86.00 77.47 80.98 86.73 90.32 84.69 87.25
TIES 70.30 43.82 49.14 54.42 78.84 90.85 85.70 85.13 91.77 95.25 84.64 90.55

DialectMoE 53.20 80.82 83.21 72.41 74.56 84.65 70.26 76.49 94.73 96.42 87.87 93.01

Gemma 2

Instruct 72.35 31.48 39.09 47.64 86.85 91.43 85.19 87.82 91.87 93.73 88.83 91.48
LoRA Grouping 57.14 84.80 83.21 75.05 89.64 96.21 84.73 90.19 93.85 99.19 87.40 93.48

LoRA Separate 77.49 73.09 83.21 77.93 89.93 94.35 83.32 89.20 93.85 97.14 85.60 92.20
CAT 45.45 81.61 87.95 71.67 90.77 94.86 85.63 90.42 95.38 97.98 85.60 92.99
TIES 74.79 64.80 69.60 69.73 88.10 93.23 87.33 89.55 94.76 95.64 88.57 92.99

DialectMoE 48.19 69.00 79.70 65.63 84.76 90.45 81.66 85.62 79.43 79.27 79.85 79.52

Table 3: F1 scores for few-shot experiments across different models and techniques.

Google sentiment, Gemma 2 with LoRA Grouping
in the few-shot setting demonstrates strong perfor-
mance with F1 reaching 99.99% for UK. Dialect-
MoE performs considerably better for Llama 3.1,
outperforming both baselines. DialectFusion with
CAT provides robust performance on Gemma 2
and Qwen 2.5.

How does DialectFusion compare to Dialect-
MoE? DialectMoE proves to be effective in zero-
shot setting on both Reddit and Google senti-
ment subsets. For Reddit Sentiment, DialectMoE
achieves remarkable performance across Llama 3.1,
Qwen 2.5, and Mistral-7B, with Mistral-7B show-
ing the strongest performance across dialects. For
Google sentiment, DialectMoE yields high scores
across multiple models, and Llama 3.1 showing sig-
nificant improvements compared to its baselines.

In the few-shot setting, DialectFusion with CAT
and TIES is more consistent and reliable. For
Reddit sentiment, DialectFusion with CAT demon-
strates strong performance compared to Dialect-
MoE, with Qwen 2.5 CAT achieving 88.04% on
AU, 94.20% on UK, and 83.69% on enIN with
∼8% advantage over the latter approach. Gemma
2 shows strong performance with both CAT and
TIES. In contrast, DialectMoE exhibits mixed ef-
fectiveness in the few-shot scenarios. For Reddit
sentiment, Mistral-7B achieves as low as 77.45%
on IN, below results in the zero-shot setting. For
Google sentiment, DialectFusion with CAT pro-
vides robust performance, with Gemma 2 and
Qwen 2.5 achieving high scores. Overall, Dialect-
MoE excels in zero-shot settings, while DialectFu-
sion provides more stable performance across both
settings.
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ID Dialect Domain Task Example True Base LoRA CAT TIES MoE

1 UK Reddit Sentiment "Looks like we got a genius over here" 0 1 1 0 (Phi) 1 0 (Llama)

2 IN Google Sentiment "Very famous and renowned bhaaji box shop. Quality is good.
Little overpriced."

1 0 0 0 0 1 (Llama)

3 UK Google Sentiment "It’s a very good pub. The food is also nice, but the price is too
high for the size you get, so sorry to add this comment. I just
couldn’t believe 7 plus service on chicken strips. It’s just not
worth it eating out. I am not sure how that can be improved"

1 0 0 1 (Qwen) 0 0

4 AU Reddit Sentiment "Urgent care clinics might be your next best option: It emer-
gency but for non life threatening issues, anything life threat-
ening I’d be calling an ambulance."

0 1 1 0 (Phi) 1 1

5 AU Reddit Sarcasm "They present *opinion* from those sources. But of course,
opinion that aligns with one’s ideology is *analysis*. As you
said, you shouldn’t give credit to the news source for referring
to *analysis* of others. Glad we agree those two measures
quoted by The Spectator and The Guardian are inflationary (or
at least I think we agreed, you haven’t moved past the whole
media watch thing yet)."

0 1 1 0 (Gemma) 1 0

6 AU Reddit Sarcasm "The Decepticons are infiltrating and taking over" 1 1 1 0 1 (Gemma) 0

7 IN Reddit Sarcasm "Was she playing pub G? On a serious note tho, om Shanti." 1 0 0 0 0 0

8 IN Reddit Sentiment "bro woke up to revenge the out of context use of his speech" 1 0 0 0 0 0

Table 4: Behavior of different methods across different dialects, domains, and tasks. Base denotes the Instruct
variant, LoRA denotes LoRA Grouping, CAT and TIES refer to DialectFusion, and MoE refers to DialectMoE.
Examples demonstrate cases where: baselines fail but proposed methods succeed (1-4), CAT vs TIES divergence
(5-6), and all methods fail (7-8).

5.3 Qualitative Analysis

Next, we provide a qualitative analysis of the be-
havior of baselines and our proposed methods, with
examples shown in Table 4.

The first three examples show the case where
the baselines fail, but our proposed methods, Di-
alectMoE on Qwen 2.5 and Llama 3.1 as well as
DialectFusion with CAT merging on Phi-3 classify
the sentiment correctly. Example 2 contains di-
alectal vocabulary ("bhaaji") and mixed sentiment.
While baselines fail, DialectMoE on Llama 3.1
correctly classifies the sentiment to be positive (1),
suggesting its dialect-specific experts better capture
regional linguistic patterns and sentiment expres-
sions. Example 3 illustrates the peformance of Di-
alectFusion with CAT in correctly identifying the
overall positive sentiment, while all other methods
fail. This demonstrates CAT’s effective merging of
dialect-specific knowledge, which appears particu-
larly valuable for expressions in British English.

Examples 5-6 illustrate the case where CAT
succeeds but TIES fails, and vice versa. Exam-
ple 5 illustrates DialectFusion with CAT correctly
identifying sarcasm distributed across multiple sen-
tences with embedded quotes, whereas DialectFu-
sion with TIES fails. On the other hand, Example
6 shows CAT failing on brief statements with clear
cultural markers, whereas TIES correctly identifies
this "pop culture" reference as sarcastic.

Example 2 demonstrates the case where Dialect-
MoE performs correct classification while CAT and
TIES fail. The reason may be that the routing mech-
anism successfully directs examples to specialized
experts, whereas merging approaches fail to aggre-
gate the distributed knowledge effectively when
dialectal signals ("bhaaji") are strong. However,
CAT demonstrates superiority when dialectal sig-
nals are ambiguous, as evident from Example 4.
While DialectMoE fails across all models, CAT
succeeds consistently.

Error Analysis We also present error cases (Ex-
amples 7 and 8) in Table 4 to reveal limitations of
proposed approaches. In Example 7, all the models
misclassify the example as non-sarcastic (0); this
may be due to models focusing on surface level
lexical cues such as "serious" and "Om Shanti",
failing to capture the pop culture reference of the
game called PubG which provides the sarcastic
intent. Similarly, for the informal Indian English
expression (Example 8) "bro woke up to revenge",
all proposed methods, including baselines, fail to
capture the positive sentiment towards defensive
action.

Overall, the proposed approaches demonstrate
promising advantages for dialect adaptation, with
effectiveness varying across zero-shot and few-shot
settings as well as task. For instance, Dialect-
MoE performs best for both tasks in zero-shot, Di-
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alectFusion using CAT merging is competitive on
the sentiment classification task, especially on the
Google subset, and LoRA Separate is especially
effective in the few-shot setting where other ap-
proaches under-perform.

Although LoRA Separate achieves robust per-
formance in most settings since each dialect has
its own dedicated adapter trained on isolated di-
alectal examples without parameter-sharing con-
straints, this causes difficulties at inference time,
particularly when inputs are from mixed dialects.
In contrast, fusion-based approaches produce a sin-
gle model, eliminating the need for adapter selec-
tion during inference and thus reducing deployment
complexities and memory overhead. These meth-
ods better handle mixed or unknown dialectal in-
puts. While our results indicate that merging strate-
gies do not consistently yield positive transfer, the
competitive performance of CAT demonstrates an
effective strategy for translating separately trained
adapters into practical systems.

DialectMoE demonstrates positive transfer, par-
ticularly in zero-shot settings, indicating that the
routing mechanism enables expert specialization
by directing each token to the most suitable expert.
The shared feed forward network captures univer-
sal English patterns, while the LoRA experts seems
to specialize in dialect-specific features. Moreover,
the gating mechanism can leverage multiple experts
when inputs exhibit cross-dialectal characteristics.
The observed performance degradation in few-shot
settings may stem from overfitting due to limited
few-shot examples, causing the router to focus on
in-context learning as opposed to the generaliza-
tion acquired during training. DialectMoE does not
encounter difficulties when handling mixed-dialect
inputs as there is a single adapter for multiple di-
alects where experts represent the differentiating
factor. Although DialectMoE incurs routing com-
putation costs, it activates only the top-k experts
per token, resulting in more efficient inference time
than full multi-adapter approaches, while maintain-
ing dynamic adaptation capabilities.

6 Conclusion

In this paper, we evaluated the performance of
five open-source LLMs across Australian, British,
and Indian English dialects, and proposed two
parameter-efficient frameworks based on LoRA
adapters and mixture of experts to enhance their
robustness. Our first approach, DialectFusion in-

volves training separate LoRA adapters for each
dialect and merging them using two techniques,
CAT and TIES. Among these, CAT demonstrates
stable performance improvements across most of
the LLMs. Our second approach, DialectMoE,
based on mixture-of-experts framework, shows
strong overall performance, with particularly no-
table gains for Qwen 2.5, LLaMA 3.1, and Mistral-
7B. Experimental results indicate that both ap-
proaches consistently outperform baseline methods
including instruction-tuned models and standard
LoRA fine-tuning, which demonstrate the effective-
ness of parameter-efficient strategies for improving
dialect robustness.

Limitations

Our work has several limitations. First, Dialect-
MoE does not support all the models and custom
implementation is needed for extending beyond the
provided models which might not be a scalable
approach. Additionally, our error analysis reveals
that all our methods, including DialectMoE, strug-
gle possibly because of their reliance on surface
level lexical cues indicating limited contextual un-
derstanding. This suggests that parameter-efficient
adaptation on its own might not be sufficient for
capturing culture specific intent without having a
complementary mechanism for external knowledge
and reasoning.
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A Implementation details

We implemented the proposed approaches using
the MoE-PEFT library4 which is an LLMOps
framework designed for high-throughput finetun-
ing, evaluation and inference. We modified the

4https://github.com/TUDB-Labs/MoE-PEFT
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original implementations to account for prompt
templates of various instruct models so the fine-
tuning remains consistent. In case of DialectMoE,
to represent number of dialects (en-AU, en-UK,
en-IN), we set the number of experts to 3 for ev-
ery LLM except Mistral. We assign the number
of experts to 6 for sarcasm classification and 8 for
sentiment classification because the lower number
of experts did not result in convergence. Similarly,
the learning rates were lowered to 1e-5 from 2e-4
for convergence (DialectMoE).

Since our experiments focus on instruction-
tuned LLMs, it was important to prevent catas-
trophic forgetting of their instruction-following ca-
pabilities while fine-tuning them on the BESSTIE
dataset (van de Ven et al., 2025). For this reason,
we augment the BESSTIE dataset with FineTome-
100k. The FineTome-100k dataset is a filtered ver-
sion of The Tome dataset, which consisted of high
quality multi-turn conversation compiled from 9
public datasets and curated using a reranker, educa-
tional value scoring and composite scoring (arcee-
ai, 2024). We augment all our training datasets with
2000 samples of FineTome-100k (Ding and Wang,
2025) and also transformed each sample into a user-
assistant message pair with task-specific prompts
as mentioned below. Finally, we also validate that
all conversations maintain proper role alternation
i.e. starting with user, ending with assistant and
no consecutive messages from the same role. This
helps in filtering out any malformed example and
also perform de-duplication.

A.1 Prompt Templates
We use two task-specific prompts as outlined in
the BESSTIE paper, one for each task. For sen-
timent classification, we then prompt the model
with: “Generate the sentiment of the given text. 1
for positive sentiment, and 0 for negative sentiment.
Do not give an explanation.”

Similarly, for sarcasm classification, we use:
“Predict if the given text is sarcastic. 1 if the text is
sarcastic, and 0 if the text is not sarcastic. Do not
give an explanation.”

Given the text and a task-specific prompt, the
expected behavior of the LLM is to generate either
1 (for positive) or 0 (for negative).
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Abstract
The creation of a robust evaluation method-
ology is one of the pivotal issues for transfer
learning between closely related lects. The
current study proposes to resolve this issue by
concisely implementing a group of evaluation
methods that enable a more systematic qualita-
tive analysis of errata (for instance, string sim-
ilarity measures to assess lemmatisation more
effectively). The paper introduces a robustness
score, a metric that aims to assess the stability
of model performance across different datasets.
The case study is a morphosyntactic tagging
of a small historical (beginning of the twen-
tieth century) corpus of Lemko (Slavic clade,
Transcarpathian area). It presents a diversity of
cross-dependent tasks, made rather complex by
the rich Lemko morphology, highly influenced
by areal convergence processes. The tagger is
a pre-trained Stanza. The study uses modern
standard Ukrainian as the source language, as it
is the closest to the Lemko high-resource lect.
The analysis reveals that linguistically-aware
metrics improve the speed and accuracy of
analysis of the errata, especially those caused
by the differences between source and target
lects. The key data contribution is the open-
source dataset of Lemko, obtained during the
tagging tasks. Future research directions in-
clude a larger-scale test that applies more mod-
els to a more extensive material.

1 Introduction
The study addresses the lack of robust method-
ology for evaluation of transfer learning between
closely related lects1 that can foster linguistics-
aware enhancement of the models (Section 2 refers

1The word lect here denotes any group of individual lin-
guistic repertoires (including a single one, idiolect) that could
undergo approximation to a single system of features that form
phonetic, grammatical, and lexical systems (Campbell, 2013,
p. 191). The most frequently discussed types of lects are
sociolects (lects of particular social groups), dialects (small
territorial lects), and standard lect (nation-wide, codified, of-
ten top-down imposed lects).

to this along with the other theoretical issues,
present at study of transfer learning from high-
resource to low-resource lects). The case study is
the morphosyntactic tagging of Lemko2, a group
of small East Slavic territorial lects of the Tran-
scarpathian region (Section 3 characterises the
material of the study in more detail). The main
research question is to what degree fine-grained
linguistics-aware evaluation assists in the errata3

analysis.

1.1 Contribution
To answer the research question, the paper devises
a framework of fine-grained linguistics-aware eval-
uation, adapted to transfer learning between closely
related lects, described in section 4. Besides using
and modifying existing metrics, including string
similarity measures for lemmatisation and com-
plete predications number for dependency pars-
ing, the study implements robustness score, a
new measure that assesses the quality of perfor-
mance on the original dataset, the quality of per-
formance on the new dataset, and the quantitative
difference between them to evaluate the stability of
the model. Section 5 describes the application of
the pipeline to the dataset, while section 6 delves
into the prospects of further enhancements to the
methodology.

The other pivotal contribution is a new open-
access Lemko data set with gold morphosyntactic
tagging. This dataset enables further inquiries into
both the lect and the method. At the same time, it
provides additional information about the unique
culture of Lemko at the beginning of the twentieth
century that could be useful to the modern Lemko

2Lemko is a denotation preferred by native speakers com-
pared to Lemkian: https://uwr.edu.pl/en/lemkos-who-are-
they/ (date of access: February 11, 2026)

3The term error here denotes a disagreement between a
gold (manually checked by a human expert) tag and an auto-
matically assigned tag. A tag can be either a label (part-of-
speech, morphological category) or a sequence (lemma).
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community.

2 Related Work

This section consists of three parts. It begins with
an overview of current methods of low-resource
lects processing. The following part provides an
outline of existing computational studies of Lemko.
The section ends with a discussion of existing fine-
grained evaluation techniques.

2.1 Processing Low-Resource Lects
The main challenge of processing low-resource
lects is the lack of training material. This is when
manual tagging takes too long to carry out (for ex-
ample, when financing places restrictions on a re-
search project), but models are still unable to gener-
alise well enough from the existing data (de Graaf
et al., 2022; Bloom Ström et al., 2023; Rao and
Gopinath, 2023). There are two ways to approach
this problem: transfer learning and rule-based pro-
cessing.

Rule-based processing has been present in low-
resource NLP for a long time, and it was the most
efficient before the emergence of the huge cor-
pora that allowed statistics-based approaches to
gain the edge. (Mills, 1998; Chrupa la, 2006; Plis-
son et al., 2008; Gesmundo and Samardžić, 2012;
Radziszewski, 2013). However, in low-resource
settings, the rule-based approach remains a strong
contender against statistical methods (Sharipov
and Sobirov, 2022; Lendvai et al., 2025). In lem-
matisation tasks it is possible to train the model
on the corpus of higher-resource lect to detect
classes of word inflection (which do not change
as significantly), and then to implement new rules
for a lower-resource setting, saving the pre-trained
model (de Graaf et al., 2022).

Transfer learning is a process of transferring
the in-domain knowledge of the model to tagging
the out-of-domain data (Bengoetxea et al., 2025,
p.210). The most frequent way of doing transfer
learning is to perform a task zero-shot (Tebbifakhr
et al., 2020), not implementing any kind of fine-
tuning for the target dataset (Kim et al., 2020, p.
72). Transfer learning may include normalisation
as a part of the pipeline (van der Goot et al., 2017).
This allows to reduce differences between anal-
ysed lect and the high-resource neighbour, sim-
plifying the tagging. Sometimes, small territorial
lect corpora adopt this ideology completely, eras-
ing the presentation of the features for the end user

as well (von Waldenfels et al., 2014). Currently,
one of the ways to perform transfer learning is to
utilise LLMs even for extremely low-resource lan-
guages (Faisal and Anastasopoulos, 2024; Liang
and Levow, 2025).

2.2 Lemko in Computational Linguistics
Lemko (as most of the small territorial lects) is
poorly represented in terms of computational stud-
ies. Existing works, including corpora (Rabus and
Šymon, 2015), generally do not treat it as a full-
fledged system, but as a part of greater continua
(Scherrer and Rabus, 2017; Rabus, 2018; Scher-
rer and Rabus, 2019). This is a continuation of
an earlier trend in linguistics in general: the pre-
ferred way of studying small territorial lects for a
long time was top-down. The scholars tended to
consider them primarily as subdivisions of a larger
group or a standard lect, studying mostly those fea-
tures that differ them from an umbrella language
(Kuparinen et al., 2023). This was a differentiating
approach (Kriuchkova, 2007, p. 31).

The trend in theoretical linguistics changed in
the second half of the twentieth century. Tech-
nological advances drastically increased the vol-
ume of the recorded material; and the material
on small territorial lects ceased to be fragmentary.
It became possible to study these lects integrally
(Kriuchkova, 2007, pp. 31–32) as full-fledged
systems of their own (Goldin, 1990; Goldin and
Kryuchkova, 2011; Hromko, 2020). This enabled
bottom-up studies of the dialect continua (Kalnyn’,
1973, 1992). However, Lemko has not yet been
incorporated into this type of computational lin-
guistics study. This is a research gap this article
aims to close.

2.3 Fine-Grained Evaluation
The evaluation of morphosyntactic tagging con-
ventionally incorporated simple metrics, such
as the accuracy score for lemmatisation (Straka
and Straková, 2017; Bergmanis and Goldwater,
2018; Anastasyev, 2020; Kanerva et al., 2021;
Torre Alonso, 2022). Rare exceptions include the
evaluation of part-of-speech tagger performance
on out-of-vocabulary items (Scherrer and Rabus,
2017, pp. 86–87), implementing string similarity
measures to assess the lemmatisers’ performance
(Afanasev and Lyashevskaya, 2024), and scoring
the correct dependencies of the predicate (Plank
et al., 2015, p. 316). Overall, the evaluation focus
is not on how good of a model a tool is, but on how
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well the results of its use align with gold labels.
Combining qualitative and quantitative evaluation
is also relatively limited (Avramidis et al., 2018,
pp. 245–246) to more theoretical works (Chung
and Chou, 2025).

3 Data

The section starts with a short linguistic overview
of Lemko, followed by a description of the most
characteristic features of the dataset itself. As the
lect is low-resource and relatively poorly known,
and the dataset is newly compiled, both require
additional introduction.

3.1 Lemko
Lemko group of small territorial lects is in
the eastern part of the greater Slavic contin-
uum, with its closest relatives being Bojko, East
Carpathian, and Upper San groups (Del Gaudio,
2017, p. 78). The historical development of
Slavic lects in the Carpathian region is relatively
poorly understood, and their current close group-
ing is geography-based rather than linguistics-
based (Ševel’ov, 1979, p. 37).

The main distribution area of Lemko for a long
time has been the bordering region between south-
ern Poland, northern Slovakia, and south-western
Ukraine. However, during the Soviet era, many
Lemkos became victims of deportation (alongside
other oppressive practices) (Magocsi, 2015, pp.
336–338). The current spread of this lect does
not cover its historical territory of distribution.
During the twentieth century, when researchers
collected the material, the Lemkos attested that
their lects and their closest relatives were spoken
in the villages and towns from the westernmost
border of Ukraine (river Tisa) and to the Poland-
Slovakia border (river Poprad in the region of Spiš)
(Nakonečna and Rudnyc’kyj, 1940, p. 31). Fig-
ure 1 shows the map, reconstructed from the data
provided in the interview. This reconstruction is
far from being full: the interviewee clearly lived
at the north of Slovakia, thus he had only a vague
understanding of Lemko dispersal to the south-
west. Most probably, the north-eastern part with
the settlements mentioned by the interview was the
territory of Lemkos, while the land to the south-
west belonged to the speakers of closely related
lects (Zilyns’kyj, 1933).

Linguistically, several key features separate
Lemko from neighbouring small territorial lects.

Figure 1: Map of the Transcarpathian (yellow) distribu-
tion in the beginning of the twentieth century. The blue
line at the top shows the modern borders of Poland (to
the north) with Slovakia (at the centre) and Ukraine (to
the west), the blue line at the middle shows the modern
Slovakia-Ukraine border, the blue line below shows the
border that separates Hungary (to the south) from Slo-
vakia and Ukraine. The orange dots point to the Lemko
settlements, mentioned in the interviews of speakers.

These features are present at the levels of phonet-
ics, morphology, lexis, and syntax.

As this study explores the effects of linguistic
differences on transfer learning, among the fea-
tures in focus are those that diverge the most from
modern standard Ukrainian, because the models
trained on this lect are going to be the main subject
of evaluation. Thus, it is necessary to predict the
possible errata to improve the interpretation of the
evaluation. Nakonečna and Rudnyc’kyj (1940, pp.
23–30), Ševel’ov (1979, p. 37) and Del Gaudio
(2017, pp. 76–85) provide a more detailed and
general overview.

3.1.1 Phonetics
Due to the form of representation (see below in
paragraph 3.2.2) the phonetic differences are rel-
atively non-essential, and most features that are
going to influence the model are in the domain of
morphosyntax and lexis. However, traces of pho-
netic changes that separated Lemko from the other
Slavic lects might still impact the behaviour of the
taggers.

The most significant feature in the dataset is a
rather specific pronunciation of the verb ’to speak’.
The form here is гва́рити instead of expected го-
ворить (Kopp et al., 2023)4. This is an areal,
and, seemingly, almost exclusively East Slavic
Transcarpathian5 trait: Slovak has hovorit’ (Ze-

4From here and onwards, for getting Ukrainian data the
study relies on UD_Ukrainian-ParlaMint corpus (Kopp et al.,
2023).

5Compare, for instance, other corpora (Rabus and Šymon,
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man, 2017)6, and Polish has a completely different
lexical unit, mówić (Wróblewska, 2018)7. While
seemingly not crucial, this peculiarity may signif-
icantly influence morphological tagging (if there
are no character/subtoken-based embeddings, it is
going to be an OOV item and the model is go-
ing to tag it unpredictably) and lemmatisation (if
morphological tagging is incorrect, the model of
lemma generation is very likely to be incorrect as
well).

Another issue is the differences in infinitive end-
ings. Nakonečna and Rudnyc’kyj (1940) provide a
rather inconsistent account of -ти/-тi alternations.
However, the speaker uses exclusively -тi, which
is different from the standard Ukrainian -ти. This
is going to affect the accuracy score, but should not
crucially damage the quality of predictions.

3.1.2 Morphology
Among the many morphological peculiarities of
Lemko, the dataset in question mostly contains
unique (as compared to the other Slavic lects) nom-
inal inflection features. They span across nouns,
adjectives, and pronouns alike. Among these, the
following are the most frequent in the dataset.

• The feminine instrumental singular end-
ing is -ом (for instance, ко́тром ’which-
FEM.INS.SG’8), and not -ою, present in
modern standard Ukrainian (see незале-
жною ’independent-FEM.INS.SG’).

• The instrumental plural ending is -ма. The
example here is ни́ма ’they-INS.PL’. This
form is also present in declension systems of
other Slavic languages, cf. Belarusian двума
’two-INS.PL’ (Shishkina and Lyashevskaya,
2021)9. However, only in Lemko it is consis-
tent and not alternating with other endings.

• Determinative pronouns have long partially
reduplicated forms, for instance, то́то ’DET-
N.NOM.SG’. Modern standard Ukrainian
lacks this feature.

2015)
6From here and onwards, for getting the Slovak data the

study relies on UD_Slovak-SNK corpus.
7From here and onwards, for the Polish data the study

relies on UD_Polish-PDB corpus.
8Glosses given according to Comrie et al. (2008)
9From here and onwards, for getting the Belarusian data

the study relies on UD_Belarusian-HSE corpus.

3.1.3 Lexis
Most lexical peculiarities within the dataset that
differ it from modern standard Ukrainian are bor-
rowings. They come mainly from neighbouring
Slavic languages and mostly include functional
words: ве́льо ’many’ < Slovak veĺa and ба́рз <
Polish bardzo (Nakonečna and Rudnyc’kyj, 1940,
p. 30). However, there are also borrowings
from other languages, for instance, Hungarian: кi-
ральфíя ’prince-GEN.SG’ (< Hungarian királyfi
’id.’ (Nakonečna and Rudnyc’kyj, 1940, p. 30)).

3.1.4 Syntax
The key feature of the Lemko syntax is the cop-
ular structures (Fontański and Chomiak, 2000, p.
141). Here, the example would be але то єст є́дна
бесíда. ’but this.SHORT-N.NOM.SG AUX one-
FEM.NOM.SG language-NOM.SG’. This struc-
ture is present in the neighbouring Polish language:
To jest mój debiut ’this.-N.NOM.SG AUX my-
MASC.NOM.SG debut-NOM.SG’. Modern stan-
dard Ukrainian lacks this kind of copular struc-
tures; therefore, at all stages of morphosyntactic
tagging such sentences may present issues to the
pre-trained model.

3.2 Dataset

This subsection describes the fragment (Baglioni
and Rigobianco, 2024, pp. 1–9) of Lemko that con-
stitutes the dataset. It discusses its source, some
basic quantitative characteristics, along with the
form of representation.

3.2.1 Source
The original dataset is LA1407 (Nakonečna and
Rudnyc’kyj, 1940, pp. 31–35), a set of three texts,
recorded in the late 1930s from a single Lemko
speaker who grew in the village of Kamienka
(Lemko Камюнка; now a part of the Prešov Re-
gion in the north of Slovakia) and transcribed as
a part of more general Transcarpathian lects sur-
vey. The data presents three layers: detailed pho-
netic transcription, standard-like transcription, and
German translation. The unit of data is a predica-
tion (some sentences are rather long, which led to
them being cut into chunks). Overall, the dataset
estimates to 609 tokens. Of these 609 tokens,
5.58% are adverbs, 7.88% are adjectives, 11.99%
are verbs, 15.93% are punctuation marks, 22.66%
are proper and common names, and 35.96% are
function words.
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3.2.2 Digital Representation

The dataset is represented digitally as a .conllu-
file. It contains texts in all three forms of their rep-
resentation: phonetic transcription, German text,
and standard-like transcription. It also brings three
key modifications.

Phonetic transcription uses the IPA rendering
of the original system instead of copying the lat-
ter. The metadata now provide the English transla-
tion alongside the German. For better dependency
parsing, the study merges predication units into
clauses, where possible. These changes facilitate a
better understanding of the material by both schol-
ars and tools.

4 Method

This section starts with an experiment workflow
outline. The subsequent part describes the model
used for dataset tagging. The section ends with a
discussion of the fine-grained evaluation metrics.

4.1 Experiment Workflow

The study represents three consecutive stages of
tagging the dataset (Afanasev, 2026): part-of-
speech and morphological tagging, lemmatisation,
and dependency parsing. Between each stage, the
research uses a human-in-the-loop (Jiang et al.,
2024; Umphrey et al., 2024; Verma et al., 2025) ap-
proach. After conducting each stage of tagging and
before each stage of evaluation, a human scholar
checks the result of the tagging stage to create a
gold version of the data. This approach facili-
tates the evaluation and, crucially, a more efficient
tagging during the next stage (Anastasyev, 2020;
Milintsevich and Sirts, 2021).

The part-of-speech and morphological tagging
study is based on two experiments. The first
involves tagging a pre-tokenized LA1407 corpus
with Stanza, the model that undergoes the evalua-
tion through all of the tasks (see subsection 4.2),
with the primary aim of obtaining labels for the
dataset. The second experiment compares differ-
ent models on different materials and is designed
to evaluate the newly introduced metrics (see sub-
section 4.3). For lemmatisation and dependency
parsing, the study conducts two further experi-
ments: the first uses manually corrected tagging
from the preceding stages, and the second starts
from raw text.

4.2 Model
The key utilised model is Stanza (Qi et al., 2020)
pre-trained on the Ukrainian language (in terms
of standard lects, probably the closest relative of
Lemko (Ševel’ov, 1979, p. 37)). It is computa-
tionally effective, running even on relatively slow
CPUs, and achieving over 90% accuracy on its test
dataset. As the study focuses on evaluation and
analysis, it is the only model implemented for all
tasks. While Generative AI models could have
provided better results, their zero-shot use is not
always as effective; and research risks becoming
irreproducible after a very short time (de Wynter,
2025).

As the study introduces a new metric, it is crucial
to implement data and method cross-evaluation
techniques (Afanasev, 2024). The model used
for comparison is stanzatagger10, a modification
of Stanza that employs character-based embed-
dings and is better adapted to lower-resource set-
tings (Scherrer, 2021). The training data are,
as with Stanza, UD_Ukrainian-IU11. The train-
ing configuration follows the guideline from the
project repository. The material used to assess
the efficiency of the trained model includes the
test subset of UD_Ukrainian-IU, the test subset of
UD_Ukrainian-ParlaMint (Kopp et al., 2023), and
LA1407. This setup ensures diversity of material
and enables a more robust evaluation of both the
model in comparison with Stanza and the newly
introduced metric.

4.3 Metrics
The study implements three types of metrics. The
first group facilitates a more effective comparison
between the model performance on the source lect
(standard Ukrainian) and the target lect (Lemko).
The purpose of the second type is to provide a
more linguistically-aware picture that enables the
assessment of transfer learning. The third type
implements fine-grained measurements, used for
specific subcategories within the data.

4.3.1 Standard Metrics
To evaluate part-of-speech and morphological tag-
ging, the study uses macro-F1 score, a traditional
metric in the field (Scherrer and Rabus, 2019;
Qi et al., 2020). It also implements exact match

10The code is available at the GitHub repository.
11The corpus is available at the Universal Dependencies

repository.
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Figure 2: Geometric value of robustness between an
ideal (top) and a result (bottom) vectors.

(overall accuracy score of part-of-speech and mor-
phological tagging). For assessing the lemmati-
sation quality, the traditional metrics is the ac-
curacy score. To estimate the efficiency of de-
pendency parsing, the study uses Unlabelled At-
tachment Score (UAS; how many elements have a
correct head, i. e., the element from which they de-
pend syntactically) and Labelled Attachment Score
(LAS; how many elements have a correct head and
a correct dependency type).

4.3.2 Quality of Transfer
The key metric to interpret the quality of transfer
learning is robustness. The robustness in its core
is a cosine similarity measure between the vectors
of ideal transfer and result. For both vectors, the
starting point is (0; in-domain accuracy score).
In case of Ukrainian-trained Stanza in the task of
part-of-speech tagging it is (0; 97.52). The end
point of an ideal vector is (END; in-domain ac-
curacy score). END here is a researcher-chosen
number that is higher than 0. This study uses 2512.
The end point of the result vector is (END; out-
of-domain accuracy score). If the out-of-domain
accuracy score is higher or equal to the in-domain
accuracy score, the value of robustness is positive,
otherwise it is negative. The study uses robustness
instead of simple comparison, because it gives bet-
ter scores to the models that support stable and
high level of performance in both in-domain and
out-of-domain datasets. Figure 2 represents the
robustness graphically.

When performing transfer learning, it is crucial
to recognise not only how accurate the model is, but
also how well it grasps the concept of what it has to
do, and how dramatic its fall in quality on out-of-
domain data is. The metrics for this task are string
similarity measures: Levenshtein distance (Leven-
shtein, 1966) and Jaro-Winkler distance (Winkler,
1990). These metrics are very helpful in analysing
lemmatisation of non-standard lects (Afanasev and
Lyashevskaya, 2024), providing a clearer picture in
case of non-standard inflection in the dataset.

12Experiments showed that if END is significantly smaller
than 25, the metric loses sensitivity, if the fall in accuracy is
too big, while if the END is significantly higher than 25, the
metric loses sensitivity, if the fall in accuracy is rather small

For evaluating dependency parsing, the study
adds three metrics: tree edit distance, Unlabelled
and Labelled Complete Predications (TED, UCP
and LCP). TED is a number of edits required to get
a gold tree from a predicted one. UCP is a share
of correctly detected dependencies of the verbal
predicate. LCP is its stricter version that scores a
share of correctly detected relations of the verbal
predicate. This study slightly modifies the metric
by Plank et al. (2015, p. 316). Unlike the original
one, it fines the model for the generated dependen-
cies that are not part of the gold dataset.

4.3.3 Fine-Grained Metrics
To get a more detailed view of the results, it is
possible to evaluate the performance of the model
by groups of labels. In case of part-of-speech and
morphological tagging, these are parts of speech.
Dependency parsing may use relationship labels.
As Stanza uses a sequence-to-sequence model for
lemmatisation, the word inflection classes are un-
available; the study opts for using parts of speech.

5 Results and Discussion
The section begins with a cross-evaluation of the
robustness score. It provides an initial overview
of the results and addresses the issues that arise
during part-of-speech and morphological tagging,
drawing on fine-grained metrics. The following
subsection discusses the advantages of using string
similarity measures as evaluation metrics for lem-
matisation. Finally, based on the dependency pars-
ing results, the study delves into linguistic aspects
of transfer learning.

5.1 Cross-Evaluation of Robustness Score
Before analysing the performance of Stanza, it is
crucial to place the robustness score in context.
Table 1 presents the values of this metric for dif-
ferent datasets and compares them with a simple
difference measure, defined as the subtraction of
the model performance on the new dataset from
its performance on the test subset of the training
dataset.

Robustness score does not produce substantially
different results from the simple subtraction mea-
sure. Both metrics highlight the key contrast be-
tween the two models: while stanzatagger not only
maintains but slightly improves its tagging qual-
ity from UD_Ukrainian-IU to the test subset of
Kopp et al. (2023), performance on LA1407 re-
mains comparably poor (stanzatagger lags slightly
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Dataset
(model) PoS Exact

match
Robustness

(PoS)
Difference

(PoS)

Robustness
(Exact
match)

Difference
(Exact
match)

UD_Ukrainian-IU
(Stanza) 97.52 92.07 – – – –

UD_Ukrainian-ParlaMint
(Stanza) 89.38 83.59 -0.95 -8.14 -0.95 -8.48

LA1407 (Stanza) 66.78 55.99 -0.63 -30.74 -0.56 -36.08
UD_Ukrainian-IU

(stanzatagger) 95.54 76.58 – – – –

UD_Ukrainian-ParlaMint
(stanzatagger) 96.06 76.59 1 0.52 1 0.01

LA1407 (stanzatagger) 62.89 40.56 -0.61 -33.17 -0.57 -36.02

Table 1: The results of tagging the test subsets of UD_Ukrainian-IU, Kopp et al. (2023) and LA1407. All the
metrics, except for robustness and difference performance of the model on standard Ukrainian and Lemko, are in
per cent values. Rounding is to the second digit after zero. Best values are in bold.

behind in PoS, whereas Stanza marginally under-
performs in exact match). The main difference
is that the robustness score smooths smaller dis-
crepancies between the models, providing a clearer
comparative picture than the simple difference.

5.2 Stanza Results

The overall results of the Stanza performance are
rather poor. Taggers lose significantly in their ac-
curacy, when compared to the initial dataset. Table
2 shows the results.

Lemmatisation and UAS demonstrate the best
robustness scores, while exact match demonstrates
the lowest one. Lemmatisation witnesses a rela-
tively small fall; while the performance of UAS
is surprisingly stable, given the initial low score
of the system. Overall, robustness shows the dif-
ference between the easier tasks in the pipeline
(lemmatisation with gold tags and head marking)
and the more complicated ones (producing an exact
match of part-of-speech and morphological tags),
highlighting the spots for further enhancements.
The simple difference metric between model per-
formance on standard Ukrainian and on Lemko
captures the overall drop in accuracy scores but
misses important nuances: for instance, it fails to
show how well the lemmatiser and part-of-speech
tagger perform on the test dataset.

5.3 Fine-Grained Evaluation of
Morphological Tagging

The robustness of morphological tagging placed
it among the hardest tasks to transfer. To further

discover the issue, the study performs a by-part-
of-speech evaluation. Figure 3 shows the results.

Figure 3: A by-part-of-speech evaluation of exact match
results. Y-axis shows the share of part-of-speech in the
dataset, the blue part of bars – the share of correctly
tagged items of this part-of-speech, the orange part –
the share of incorrectly tagged items of this part-of-
speech. All the values are in %, rounded to the second
digit.

As the figure demonstrates, the model strug-
gles heavily with what in theoretical linguistics is
sometimes called Satellite Cluster B(Reid, 2011,
pp. 1107–1108) – verb and its adjacents. The re-
sults are especially problematic for the verb itself,
adverbs, and auxiliaries. Here, the main issue is
syntactical: the presence of copular sentences con-
fuses the model. This leads to incorrect tagging of
the auxiliaries. In addition, a lot of function words,
and especially adverbs, like барз ’very’ are loan-
words from other Slavic languages. They get an X
tag from the model, which may be true for modern
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Metric Standard Ukrainian Lemko Robustness Difference
PoS macro-F1 97.52 66.78 -0.63 -30.74

Feats macro-F1 93.11 71.00 -0.74 -22.11
Exact match 92.07 55.99 -0.56 -36.08

Lemmatisation accuracy score
(gold tagging) 96.72 75.7 -0.77 -21.02

UAS (gold tagging) 85.87 67.65 -0.77 -18.22
LAS (gold tagging) 82.77 52.71 -0.6 -30.06

Table 2: The results of tagging LA1407 with Stanza (Qi et al., 2020). All the metrics (except for robustness and
difference between performance of the model on standard Ukrainian and Lemko) are in per cent values. Rounding
is to the second digit after zero. Best values are in bold, matched best values are in italics.

standard Ukrainian, but most certainly is incorrect
for Lemko. Verbs are the most enigmatic case, as
most errors in their tagging come from Aspect and
Tense. The model often confuses the imperfective
verbs with the perfective ones, as the imperfec-
tives often took on iterative sense, cf. полю́бят
’love.IPFV-PRES.3PL’.

5.4 Lemmatisation
Lemmatisation was a comparatively easier task
where Stanza demonstrated robustness. To de-
termine the principal contribution, it is crucial to
perform a more in-detail view. Figure 3 shows the
results.

Gold tagging seems to boost the accuracy score,
but efficiency of tagging almost does not increase
for string similarity measures, especially for Jaro-
Winkler distance. This shows that the model gen-
erally grasps the concept of lemmatisation rather
well. Still, the decrease in accuracy score is signif-
icant and requires a more thorough investigation,
demonstrated in Figure 4.

Once again, the most complicated task for the
model is to process verbs; the accuracy score is
close to zero. On the contrary, string similar-
ity measures show very good results (Levenshtein
distance of 1.15 means the average error of 1.15
symbols, and Jaro-Winkler distance is 0.92). The
inspection of the results shows that the most fre-
quent (and almost the only) error is the wrong
ending, -ти instead of -тi. This shows the value
of fine-tuning or class-based lemmatisation: with
a good rule system, this would not be an issue.
However, the lemmatiser of Stanza is a sequence-
to-sequence model, unable to precisely transfer its
understanding of lemmatisation to new material.

One equally difficult but less problematic case
is the auxiliaries (accuracy score of 15.79%, aver-
age Levenshtein distance of 2.88 and average Jaro-

Figure 4: A by-part-of-speech evaluation of lemmatisa-
tion results. Y-axis shows the share of part-of-speech in
the dataset, the blue part of bars – the share of correctly
lemmatised items of this part-of-speech, the orange part
– the share of incorrectly lemmatised items of this part-
of-speech. All the values are in %, rounded to the
second digit.

Winkler distance of 0.56). The issue at stake here is
very similar to the part-of-speech and morphologi-
cal tagging. The model just does not know what to
do with these items, completely alien to the orig-
inal dataset. They get a very random tagging that
has nothing to do with their lemmatisation.

5.5 Dependency Parsing
The evaluation of dependency parsing indicates
similar issues as the other types of tagging. Table
4 shows the results.

TED of 9 seems to indicate a significant issue,
however, this is mostly due to the presence of large
sentences that span 60 tokens. More problematic is
the contrast between assignment scores (UAS and
LAS) and complete predications (UCP and LCP).
The model, once again, fails to correctly identify
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Metric Gold tagging Silver tagging
Accuracy score 75.7 70.11

Levenshtein distance 1.44 1.6
Jaro-Winkler distance 0.87 0.87

Table 3: Lemmatisation evaluation results, rounded to the second digit.

Metric Result
UAS 67.65
LAS 52.71
TED 9
UCP 47.18
LCP 35.57

Table 4: Dependency parsing evaluation results,
rounded to the second digit. UAS, LAS, UCP and LCP
values are percentages, TED value is an absolute value.

some Satellite Clusters B, dragging down its per-
formance. This highlights the necessity of intro-
ducing copular structures (probably, by introduc-
ing the neighbouring languages material (Scherrer
and Rabus, 2019)) into the dataset for further tag-
ging.

5.6 Discussion

All metrics identify a single issue at the core of
all the Stanza downfalls: clause structure, specifi-
cally, copular sentences, strongly characteristic of
Lemko, and quite frequent in Carpathian linguis-
tic area in general but very rarely represented in
modern standard Ukrainian. The model is unable
to identify the relations between tokens and, there-
fore, perceives the tokens themselves wrongly at
the morphological level.

Lemmatisation suffers the least, because it is rel-
atively syntax-independent, especially with lects
being relatively close in terms of vocabulary. In
addition, it probably is the biggest beneficiary of
human-in-the-loop: correctly assigned morphol-
ogy tags aid the lemmatisation the most. For in-
stance, нíма ’PRON.3PL.INS’ without gold tag-
ging gets *Кiма as lemma, instead of intended
вiн ’PRON.MASC.3SG.NOM’. Gold morphologi-
cal tagging resolves the issue.

Still, the predications are clearly the weakest
point (as very low values of UCP and LCP show),
even with gold morphological tagging and lem-
mata. The key issue here is the poor identification
of the lexical verb, the attractor of Satellite Cluster
B. Further study needs to address the issue.

6 Conclusion

The study demonstrates that more fine-grained
evaluation techniques are better at providing a con-
cise summary of the errata that models make. This
includes explaining anomalies; for instance, string
similarity measures highlight the overall high qual-
ity of lemmatisation despite a low accuracy score.
The metrics also help to identify key features that
separate a target lect from a source lect, and thus to
prepare better post-processing or fine-tuning tech-
niques, fostering a more robust transfer learning.

The paper contributes to the study and repre-
sentation of low-resource small territorial lects by
making an open-access dataset of Lemko from the
beginning of the twentieth century. This dataset
contains more than 600 tokens with UPOS, UFeats,
lemmata, and dependency parsing tags, and it is
possible to use it for further experiments with other
models.

Future research directions include both enrich-
ing the material and developing the metrics. There
is a clear need to extend the data to other Lemko
material and other Transcarpathian lects that pos-
sess their own unique features. For a more trans-
parent demonstration of the robust evaluation ad-
vantages, it is utmost to include more models
to the comparison, including region-specific ones
(Scherrer and Rabus, 2019). The crucial step
would be to develop a computationally effective
language-aware model (Chung and Chou, 2025).

Limitations

LA1407 (Nakonečna and Rudnyc’kyj, 1940, 31–
37), the main material of the research, does not
represent Lemko (and Transcarpathian lects in gen-
eral) of the 1920s-1930s in its entirety; a lot of ma-
terial is in the process of digitisation. In addition,
LA1407 represents only one speaker of Lemko,
which can affect the distributions.

Ethical Considerations

The data had been published in printed form and
available for research purposes for fifty to ninety
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years by the time this article was written. Still, I
anonymise the metatagging, where possible, mask-
ing the names of the speakers, to compensate for
possible ethics violations that could have happened
at the time of material collection.

The data themselves can contain slight mentions
of xenophobic behaviour and religious (mostly,
Christian) imagery. Discretion is advised.

Disclosure of Generative AI use

This study does not use Generative AI (in the mod-
ern colloquial meaning: the decoder models with
more than a billion parameters trained on high-
resource corpora; Stanza (Qi et al., 2020) is also
a generative AI, but it performs on a much lesser
scale, locally run and reproducible) in the research
process. During the process of editing the authors
utilised Generative AI (Grammarly) to polish the
phrasing of the parts of the work where the au-
thors felt that their non-native knowledge of En-
glish was not sufficient to produce grammatically
and/or stylistically correct sentences. However, the
written text is not a product of AI generation.
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O. Ju. Kriuchkova. 2007. Élektronnyj korpus russkoj di-
alektnoj rechi i principy ego razmetki [electronic cor-
pus of russian dialect speech and the principles of its
marking]. Izvestija Saratovskogo universiteta. Seriâ:
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Hanna Nakonečna and Jaroslav Bohdan Rud-
nyc’kyj. 1940. Ukrainische Mundarten :
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Journal of Linguistics, 68(2):385–395.

Ivan M Zilyns’kyj. 1933. Karta ukraı̈ns’kych hovoriv
: z pojasnennjamy ; mirylo 1:4.000.000. Praci
Ukräins’koho Naukovoho Institutu 14. Ukraı̈ns’kyj
Naukovyj Instytut, Warszawa.
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Abstract
Humans adjust their linguistic style to the au-
dience they are addressing. However, the ex-
tent to which LLMs adapt to different social
contexts is largely unknown. As these mod-
els increasingly mediate human-to-human com-
munication, their failure to adapt to diverse
styles can perpetuate stereotypes and marginal-
ize communities whose linguistic norms are
less closely mirrored by the models, thereby re-
inforcing social stratification. We study the ex-
tent to which LLMs integrate into social media
communication across different socioeconomic
status (SES) communities. We collect a novel
dataset from Reddit and YouTube, stratified by
SES. We prompt four LLMs with incomplete
text from that corpus and compare the LLM-
generated completions to the originals along
94 sociolinguistic metrics, including syntactic,
rhetorical, and lexical features. LLMs modu-
late their style with respect to SES to only a
minor extent, often resulting in approximation
or caricature, and tend to emulate the style of
upper SES more effectively. Our findings (1)
show how LLMs risk amplifying linguistic hier-
archies and (2) call into question their validity
for agent-based social simulation, survey exper-
iments, and any research relying on language
style as a social signal.

1 Introduction

Large-scale social media communication directly
influences how people use language and how it
evolves (Jebaselvi et al., 2023; Dembe, 2024).
From this perspective, social media are not merely
a communication tool, but a dynamic environment
that actively shapes and transforms language in
real-time (Akhmedova, 2024). Simultaneously,
large language models (LLMs) are becoming an
integral part of human communication by taking
an active role in shaping how users write on social
media (Yang and Menczer, 2024; Forbes, 2025),
thereby directly influencing language use and com-
munication.

Socials Resources

Validate for 
SES SES

2 Prompt Completion

94 Linguistic Features

pron
…

3

Feature Analysis

length

entropy

r/Poverty 
Like most of you here, I am 
unemployed and barely 
scrapping by. …

r/RichPeoplePF 
So I come from a family 
of 2 doctors, and while 
my parents…

…honestly, it's starting to 
feel like yelling into the 
void. I'm talking applying…

…anything I can find, but no 
luck. I happened to notice a 
sign for the career center…

…they’re both 60 and still 
working. I'm 33 working 
and supporting…

…wealth by the time 
they're in their 40s, and 
honestly…

SESSES

!

!

!

1 Data Sourcing

LLM Prompts: 
P1: Complete the following…
P2: …use the same style… 
P3: …from lower/upper SES…

Figure 1: We compare the style of LLM-generated com-
pletions against the original text from lower and upper
SES communities on Reddit and YouTube along 94 so-
ciolinguistic dimensions.

Most work in NLP has focused on analyzing the
content of LLM-generated text in terms of factu-
ality (Min et al., 2023; Huang et al., 2025; Wang
et al., 2024) and biases (Navigli et al., 2023; Fang
et al., 2024; Gallegos et al., 2024; Stranisci et al.,
2024). Wrong or biased LLM-generated content
has a direct impact on misshaping users’ beliefs
and behavior (Jakesch et al., 2023; Sharma et al.,
2024). No work has investigated LLMs’ language
style and its integration into social media commu-
nication across different communities. However,
language style directly and crucially impacts com-
munication (Meier et al., 2020; Havaldar et al.,
2023; Jiang, 2024; Li and Zheng, 2024), especially
large-scale social media communication (Danescu-
Niculescu-Mizil et al., 2011; Muftah, 2022), and is
more indicative of community than topic (Tran and
Ostendorf, 2016).

We address this gap by specifically examining
the language style of LLM-generated text in large-
scale social media communication on Reddit and
YouTube. Since style is closely tied to socioeco-
nomic status (SES; Block, 2020), we explore the ex-
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tent to which LLMs emulate the styles of different
SES communities when prompted with their texts
(see Figure 1). Sociolinguistics has shown substan-
tial stylistic differences between individuals from
the lower and upper ends of the socioeconomic
spectrum (Flekova et al., 2016; Cercas Curry et al.,
2024; Bassignana et al., 2025). In this work, we
address the following research question: To what
extent do LLMs adapt their style to language
variation across SES communities in social me-
dia communication? We adopt a topic-based strat-
egy with keyword matching to systematically col-
lect the first open-access dataset of social media
data (Reddit and YouTube), stratified by SES. We
validate the stratification of language across SES
against previous work (Flekova et al., 2016; Basile
et al., 2019). We split each instance (i.e., Reddit
posts, YouTube video captions) into two parts and
use the first part to prompt four state-of-the-art
LLMs with the instruction to complete the text. We
then compare the LLM-generated text with the orig-
inal second part. To formalize the style of LLM-
generated text and compare it to in-community lan-
guage, we employ 94 sociolinguistic metrics that
capture syntactic, rhetorical, and lexical features.

Our results show that LLMs only partially match
their output to different language styles, for exam-
ple, in the level of formality marked by the ratio
of pronouns and adverbs. For most other linguis-
tic features, LLMs’ ability to replicate the specific
linguistic profile of SES communities varies sub-
stantially, often resulting in approximation or car-
icature rather than precise emulation of the SES
in-community language style. Our preliminary ab-
lation study on the influence of the input context on
model adaptation to SES language variation reveals
a latent tendency of LLMs to adapt more effectively
to upper SES style, when longer contexts are given.
Our findings contribute to the growing research on
how LLMs exacerbate socioeconomic inequalities
(Bassignana et al., 2025). They also have impli-
cations for the validity of using LLMs to simulate
humans in social science studies (Park et al., 2022).

Contributions. 1 We provide the first openly
accessible dataset of social media data (Reddit and
YouTube) stratified by SES.1 2 We quantitatively
evaluate LLMs’ ability to replicate SES-specific
style across two domains, four LLMs, three prompt-
ing strategies, and 94 sociolinguistic features.

1We release our data and code at https://github.com/
elisabassignana/language-analysis-social-media.

2 Related Work

Language Variation across SES. Since estab-
lished work in sociolinguistics highlighted the dif-
ferences in language use by individuals with differ-
ent socioeconomic statuses (Labov, 2006), several
works in NLP have attempted to quantify these dif-
ferences on a large scale. In the context of social
media, Preoţiuc-Pietro et al. (2015a,b) introduced
a dataset of Twitter users mapped to their income
through their occupational class using job-related
keywords to match user profile fields. Flekova et al.
(2016) employed that dataset to analyze the rela-
tion between language use and income on Twitter.
However, more than for any other widely spread
social media, the Twitter community is notoriously
skewed towards the upper end of the socioeco-
nomic spectrum (Sloan, 2017; Wojcik and Hughes,
2019). Basile et al. (2019) relied on the findings
on Twitter by Flekova et al. (2016) to expand re-
search on stylistic variation as a predictor of social
classification in the domain of restaurant reviews.

Language Style of LLM-generated text.
Muñoz-Ortiz et al. (2023) compared the language
style of humans against LLM-generated news,
finding measurable differences at the level of gram-
mar, vocabulary, constituents, and dependency
distances. Zamaraeva et al. (2025) expand the
analysis of human-written versus LLM-generated
NYT-style text through the lens of grammatical
structure. Reinhart et al. (2025) investigated the
ability of LLMs to match human language style
in different domains (academic, news, fiction,
podcasts, blogs, television, and movie scripts) and
identified systematic differences across the style of
distinct LLMs.

However, the extent to which LLMs integrate
within large-scale communication on social me-
dia within different SES communities is largely
unknown. In this work, we expand previous SES-
stratified datasets to two new domains (i.e., Reddit
and YouTube) and validate our data collection strat-
egy against the findings of previous work.2 Then,
we use our dataset as an anchor to evaluate the lan-
guage style of LLM-generated text against lower
and upper SES communities along 94 features.

2We contacted Flekova et al. (2016) and Basile et al. (2019)
to request their datasets, but were unsuccessful.
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YouTube Reddit
Lower Upper Lower Upper

# instances 472 622 1,988 1,689
# tokens 1.06M 1.13M 315.4K 227.8K

Table 1: Statistics of the lower and upper SES datasets.
The # of instances refers to the number of video captions
for YouTube and to the number of posts for Reddit.

3 Data

To explore the extent to which LLMs emulate SES
in-community language on social media, we col-
lect data from Reddit3 and from YouTube,4 each
serving as a platform where distinct SES commu-
nities spontaneously congregate. Although SES
communities naturally differ in the topics they dis-
cuss—reflecting distinct needs, lifestyles, social
circles, and access to experiences—our analysis in-
stead focuses on structural linguistic features, such
as style, register, and other sociolinguistic markers,
which are not affected by semantic variation. Ta-
ble 1 reports the statistics of our dataset, and below
we describe our data collection strategy.

3.1 Lower SES

Money matters are frequently discussed among
lower SES communities (Lareau, 2018; McCaslin-
Timmons and Grady, 2022; Ndou, 2024). Our data
collection for the lower SES centers around topics
related to financial struggle, poverty, frugality, and
benefits. To identify relevant social media content,
we manually compile a list of keywords related
to these themes (e.g., ‘poverty’, ‘poor’, ‘frugal’)
and use them to systematically search for subred-
dits (e.g., r/povertyfinance, r/Frugal) and YouTube
videos.5 Then, to clean our data and to exclude
onlookers from in-groups, we differentiate the pro-
cess between Reddit and YouTube as follows:

Reddit. We perform a network analysis and clean
our data by: (1) filtering only the posts by users that
interacted (i.e., posting, commenting) at least 10
times within our set of subreddits and (2) interacted
in at least three different subreddits within our list.
We remove all usernames ending with ‘bot’, which
is how bots are commonly referred to on Reddit
(e.g., ‘u/sneakpeekbot’), and we manually check
usernames including ‘mod’, which is often used

3We use the Pushshift API dumps and search for posts and
comments from 2008 until 2024.

4YouTube data collected using the YouTube Data API.
5List of subreddits and YouTube searches in Appendix A.

to refer to automatic moderators. Finally, we omit
posts including URLs and select a maximum of
one post for each remaining user.

YouTube. As our goal is to collect videos spoken
in the first person by individuals belonging to our
target group, we query the API using the combina-
tion of ‘vlog’ and a keyword. To further clean the
retrieved list of videos from non relevant content
(e.g., documentaries) we filter in only the videos
where the title is written in first person by check-
ing for first-person pronouns (e.g., ‘I’, ‘we’, ‘my’,
‘us’). Then we use the YouTubeTranscriptApi to
scrape the caption of our final set of videos.

To support a more robust analysis of the lan-
guage style, we retain only instances (Reddit posts
and YouTube captions) with at least 50 words.

3.2 Upper SES

On the other hand, online communities gather-
ing around subreddits like r/Rich or r/millionaire
mainly attract individuals seeking advice on how
to achieve a higher level of wealth. In fact, upper
SES individuals rarely explicitly discuss their own
wealth (Hing et al., 2019). Instead, hobbies have
been shown to be a highly distinctive dimension for
upper SES and a symbol of social identity (Bour-
dieu, 1984). We center our data collection for the
upper SES around lifestyle, hobbies, and leisure
activities. Sawert and Bachsleitner (2021) analyzes
how upper-class families use specific sports and
classical music to transmit privilege across gen-
erations. Based on previous literature (Engstrom,
1974; Hwang et al., 2012; Post et al., 2018; Eime
et al., 2015; Friedman and Reeves, 2020; Arnold-
Forster, 2022; Schmitt et al., 2020; Sawert and
Bachsleitner, 2021; Cuijuan and Hai, 2023), we
collect a list of hobbies and leisure activities (e.g.,
golf, sailing) that are distinctive of the upper SES
and we employ it for systematic data collection on
Reddit and YouTube. Then, we use the same clean-
ing process as for the lower SES (see Section 3.1).

3.3 Dataset Validation

While collecting data from social media is mostly
straightforward, inferring users’ SES is a more
complex matter. As detailed in Sections 3.1 and 3.2,
we identified SES-based communities from previ-
ous literature about SES topics of interest. Here,
we externally validate our dataset to further ensure
the soundness of our strategy. Flekova et al. (2016)
showed how the readability of text correlates with
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Metric Lower SES Upper SES

ARI∗ 7.18 7.36
Coleman-Liau∗ 6.16 6.43
Dale-Chall∗ 8.45 8.76
Flesch-Kincaid∗ 7.04 7.18
Flesch-Reading∗ 73.99 72.45
Gunning-Fog∗ 9.12 9.29
Linsear 8.81 8.88

Table 2: Mean Readability Scores per SES Group
(Reddit). (∗) indicates a statistically significant differ-
ence in the distributions of readability scores (p < 0.05)
between lower and upper SES, as determined by a Mann-
Whitney U test (Mann and Whitney, 1947).

income. Their findings are consistent with obser-
vations that readability correlates with education
(Davenport and DeLine, 2014), which has an impor-
tant role in determining SES (Bourdieu, 2018). Fol-
lowing Basile et al. (2019) we validate our dataset
against Flekova et al. (2016)’ results on readability
metrics: Automated Readability Index (ARI; Smith
and Senter, 1967), Coleman Liau Index (Coleman
and Liau, 1975), Dale Chall Readability Score
(Dale and Chall, 1948), Flesch-Kincaid Grade (Kin-
caid et al., 1975), Flesch-Reading Ease (Flesch,
1948), Gunning Fog (Gunning, 1952) and Linsear
Write Formula (U.S. Air Force, 1975).6 Readability
metrics are designed to estimate a text’s complex-
ity, typically by analyzing the average number of
syllables per word and words per sentence. Follow-
ing Flekova et al. (2016) and Basile et al. (2019),
we expect the readability scores to increase from
the lower SES to upper SES subsets, except for
Flesch-Reading Ease, which, by definition of the
metric, leads us to expect an inverse correlation. Ta-
ble 2 reports the readability metrics on our dataset,
where the scores follow the expected trends.7 The
differences are statistically significant according
to a Mann-Whitney U test (Mann and Whitney,
1947). Similar to Basile et al. (2019), only the
Linsear Write Formula does not show a significant
difference across SES groups.

4 LLM-Generated Data

To analyze whether and to what extent LLMs em-
ulate in-community language style based on the
input prompt, we generate social media data start-

6We use the implementations of textstats: https://
github.com/textstat/textstat.

7Readability metrics are designed for written language.
Therefore, the metrics in Table 2 refer to the Reddit dataset.
For completeness, we also report the readability scores of the
YouTube portion of the dataset in Appendix B.

ing from the data we collected. Following Reinhart
et al. (2025) we split each instance in our dataset
(Reddit posts and YouTube captions) in two parts.
We use the first part (i.e., 25 words) as a language
cue for the input prompt and instruct the models
to complete the text. We use the second part (i.e.,
the remaining text) as a comparison with the LLM-
generated content. We analyze three variations of
the prompt, which increasingly explicit the models
to adapt their output with respect to the input:

1. Implicit (IMP): “Complete the following
[Reddit post / caption for a YouTube video].
Only generate the completion and nothing
else. \n{text}”;

2. Explicit Language Style (ELS): “Complete
the following [Reddit post / caption for a
YouTube video] using the same style, tone,
and diction of the first part. Only generate the
completion and nothing else. \n{text}”;

3. Explicit Language Style + SES (ELS-SES):
“Complete the following [Reddit post / cap-
tion for a YouTube video] written by a user
from a [lower / upper] socioeconomic status
using the same style, tone, and diction of the
first part. Only generate the completion and
nothing else. \n{text}”.

We experiment with Gemma-3-27B-it (Team
et al., 2025), Mistral-Small-3.2-24B-Instruct-
2506 (Mistral AI, 2025), Qwen3-30B-A3B-
Instruct-2507 (Qwen Team, 2025), and GPT-
5 (OpenAI, 2025). For inference, we generate one
chat completion per prompt with the default tem-
perature. Finally, we depict the hardware, inference
costs and environmental impact in Appendix E.

5 Linguistic Analysis

We rely on 94 sociolinguistic metrics to analyze
the style of lower and upper SES communities, as
well as the style of the LLM-generated text.

Biber features. We use Douglas Biber’s set of
67 linguistic categories collected from Biber (1991,
1995), and normalize them by the instance length.
The set includes lexical, grammatical, and rhetori-
cal features (e.g., pronouns, tense, place and time
adverbials, discourse particles, adjectives before a
noun). We report the full list in Appendix C.8

8We rely on the implementation of the pseudobibeR pack-
age: https://github.com/browndw/pseudobibeR.
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Part of Speech. Texts with more nouns and arti-
cles as opposed to pronouns and adverbs are con-
sidered more formal (Pennebaker et al., 2003; Arg-
amon et al., 2009; Rangel et al., 2014). We use
Spacy’s POS-tagger and normalize each count by
the length of the instance.

Length. As shorter words are considered more
readable (Gunning, 1969; Pitler and Nenkova,
2008), and following Flekova et al. (2016), we
calculate the number of words, syllables, lexicon,
sentences, characters, letters, polysyllables, and
monosyllables.

Style. We assess the level of concreteness using
the list proposed by Brysbaert et al. (2014). In this
collection, each word is labeled on a scale from one
(abstract) to five (concrete). We compute the level
of concreteness as the mean value of the words
in a text. Additionally, we compute the entropy
and utilize Spacy to determine the maximum depth
of the syntax dependency trees as a measure of
syntactic complexity. Last, following Cercas Curry
et al. (2024) we compute the ratio of named entities
(NE), and the ratio of hapax legomena.

6 Results

6.1 Reddit

In Figure 2, we show our results on Reddit data
across three prompts of increasingly explicit lan-
guage style and four state-of-the-art open and
closed-source models (Section 4). We report fea-
tures that are statistically significantly different
according to a Mann-Whitney U test (Mann and
Whitney, 1947) between lower SES (↓SES) and up-
per SES (↑SES) online communities, with a Holm-
Bonferroni correction (Holm, 1979) applied to con-
trol for multiple comparisons at an α = 0.01. We
report the complete results in Appendix D. To facil-
itate visualization, in the forest plot in Figure 2, we
use lower SES humans as an anchor and compare
the frequency ratio of the features against it.

Biber features. Individuals from upper SES com-
munities tend to have a wider and more sophisti-
cated vocabulary (Du et al., 2022). These differ-
ences emerge in our results through higher values
of ‘mean_word_length’ and token type ratio for
upper SES over lower SES communities. In re-
spect, LLMs generate sequences with similar word
length for both communities, except when prompt
3 (ELS-SES) makes the SES group explicit: In this

case, all four LLMs exacerbate the differences by
generating even shorter (longer) words than the cor-
responding lower (upper) SES communities. The
token type ratio of generated text is always lower
than that of human-written text, indicating a more
repetitive use of language. The use of ‘that’ as a
subject indicates simpler and more colloquial syn-
tactic structures, which are more frequent among
lower SES. LLMs generally generate this structure
with a higher frequency with respect to the corre-
sponding human-written text (except for Gemma).
Trends across the lower and upper SES generated
texts are mixed across prompt types for all four
models, indicating that LLMs do not pick up on
the use of ‘that’ as a subject.

Part of Speech. The higher rate of determiners
(‘det’) in the language used by the upper SES is
largely reflected in the output of all four LLMs,
with prompt 3 exacerbating this gap. The differ-
ent rates of nouns in lower and upper SES lan-
guage are not substantial in the corresponding
lower and upper SES-generated text, except for
the output of Mistral and Qwen for prompt 3. In
this case, however, both models generate an op-
posed trend with respect to the lower/upper human-
written text. Finally, in-community language con-
tains a higher rate of verbs, pronouns (including
‘pron’ and ‘first_person_pronouns’), and adverbs
(‘time_adverbials’, ‘downtoners’) for lower SES
(Jones and McMillan, 1973; Shi and Lei, 2021),
indicating a more informal style (Pennebaker et al.,
2003; Argamon et al., 2009; Rangel et al., 2014).
The ratio of these PoS in the LLM-generated text
follows the respective lower and upper SES com-
munities trend, with exacerbated differences when
including the SES in the prompt (prompt 3).

Length. LLMs have a general bias towards ver-
bosity (Saito et al., 2023). Consistently, in our ex-
periments, LLM-generated text is generally longer
than human-written text. Especially Gemma and
GPT generate text that is approximately twice as
long as the corresponding human version, for all
three prompt types. Mistral tends to generate
shorter sequences of text and, similarly to Qwen,
to differentiate more between lower and upper SES.
However, both models generate longer sequences
for upper SES and shorter sequences for lower SES
(especially when using prompt 3), which contrasts
with the trend observed in lower/upper communi-
ties. In fact, individuals with upper SES tend to
express themselves with fewer words, likely due to
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Figure 2: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit. We only show the
linguistic features (31) with a statistically significant difference with correction (p < 0.01; Mann and Whitney,
1947; Holm, 1979) in usage between lower SES (↓SES; rate = 1) and upper SES (↑SES) human writers. Each point
indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human text from the ↓SES
group. These comparisons are presented across four models and three prompts (see Section 4). Feature types are
color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and style features are
black.
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Figure 3: Comparison of Linguistic Features on YouTube. This plot displays only the linguistic features, not
present in Reddit results, that show a statistically significant difference (p < 0.01, corrected) between lower SES
(↓SES) and upper SES (↑SES) human writers. Each point represents the frequency ratio of a feature relative to the
↓SES human group. Feature types are color-coded: Biber (cyan), length (dark violet), PoS (red), and style (black).

a wider vocabulary (Bassignana et al., 2025).

Style. Bernstein (1960) posits that individuals
from upper SES families are more encouraged to
use language for abstract thinking in contrast to
people from lower SES families, who are exposed
to more concrete concepts. This difference is re-
flected in the language style adopted by lower and
upper-SES communities on social media. LLMs
pick up on the different levels of concreteness
within various communities to a limited extent,
which is further amplified in the results obtained
with prompt 3. The hapax legomena is higher for
lower SES communities (as well as to a smaller
extent, the entropy) that we speculate being a con-
sequence of lower SES language containing more
non-standard expressions and slang with respect to
the upper SES counterpart (Lansley and Longley,
2016). LLM-generated text does not capture these
differences across SES communities (prompts 1
and 2). When making SES explicit (prompt 3),
Mistral and Qwen differentiate the text; however,

the results trend in the opposite direction compared
to human values (i.e., lower values of hapax legom-
ena for the completion of the lower SES prompts).

Overall, we report little differences between
the results obtained with the first and the sec-
ond prompt strategies (IMP, ELS), indicating that
LLMs do not easily pick up the language cues of
the input text, even when explicitly prompted to
replicate the style. When the input prompt contains
explicit information about the social community
to emulate (lower or upper SES), LLMs differenti-
ate the generated output more distinctly. However,
language differences are often exaggerated with
respect to human values or do not accurately reflect
the real trends across SES communities.

6.2 YouTube

In Figure 3, we show our results on YouTube data
for prompts 1 and 3 (IMP and ELS-SES), focus-
ing on the features that are distinctive of spoken
language (i.e., that are not statistically significantly
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Figure 4: Average absolute logarithm of the ratio be-
tween model and human text across increasing context.

different in Reddit as well). We report the complete
results in Appendix D. As for Reddit, LLMs gener-
ally struggle to match the right register in terms
of formality. The results for informality mark-
ers, such as contractions and stranded prepositions,
show inverse trends with respect to both lower-
and upper-SES communities. The language of up-
per SES communities is characterized by higher
syntax complexity: LLMs correctly identify the
association with present participial postnominal
(‘present_participle_whiz’) and increase their us-
age when generating upper SES text (except Mis-
tral and GPT for prompt 3), but under-produce
perfect aspect. All four models tend to exhibit the
correct lower/upper SES trends in terms of indef-
inite pronouns, with less frequent usage in upper
SES communities, although with varying propor-
tions compared to human language. Instead, they
undergenerate demonstrative pronouns and fail to
differentiate across SES community trends.

Similar to the Reddit results, all models demon-
strate some ability to modulate their style, partic-
ularly with the explicit ELS-SES prompt. How-
ever, their ability to accurately replicate the specific
linguistic profile of a language community varies
substantially, often resulting in approximation or
caricature rather than precise emulation of the in-
community language style.

7 Ablation Study on the Input Context

We investigate the impact of context length on
LLMs’ tendency to pick up on linguistic cues from
the input prompt and modulate the language style
of the output accordingly. We use the same method-
ology presented in Section 4, but we experiment
with increasingly long input contexts. We filter the
instances with at least 100 words and split them
using, respectively, the first 20, 40, 60, 80 words
for prompting and the rest for the comparison with

the LLM-generated text. For this investigation, due
to computational constraints, we focus on Reddit,
leave out prompt 2 (ELS), and experiment with
Gemma only. Figure 4 presents the aggregated
results, showing the average absolute logarithmic
ratio between human and LLM text for lower and
upper SES, respectively, across all features.9 We
observe: (1) Only minor variation across increas-
ing context length (and mainly for prompt 3), indi-
cating that LLMs rely on linguistic cues from the
input prompt to modulate their output for different
language styles only to a minor extent. (2) When
increasing the context to 80 words, the ratio be-
tween human and LLM is smaller for upper SES,
indicating a latent tendency of LLMs (Gemma) to
integrate better within upper SES language style.

8 Discussion and Conclusion

Language style is closely tied to SES (Block, 2020).
We investigate the extent to which LLMs adapt
their style to language variation across lower and
upper SES communities. We compare the stylis-
tic variation of online SES communities against
LLM-generated text. While the language adopted
by lower SES is less formal, less predictable due to
the jargon adopted, and more concrete, LLMs mod-
ulate their style to SES in-community language
only to a limited extent, often resulting in approxi-
mation or caricature rather than accurate emulation.
A longer context does not facilitate LLMs in cap-
turing the style of different language communities.
Notably, our ablation study indicates a latent ten-
dency for models to better emulate the style of
upper SES communities compared to lower SES.

Our findings reveal severe consequences for the
widespread adoption of LLMs for communication:
if LLMs modulate their style more easily towards
certain communities than others, they directly con-
tribute to exacerbating social inequalities (Capraro
et al., 2024). Communities that are not accurately
represented may experience a degraded user experi-
ence, hindering the adoption of these technologies
(Davis, 1989), and ultimately contributing to the
exacerbation of the so-called ‘AI-gap’ (Bassignana
et al., 2025). Additionally, our results pose a new
challenge to the validity of using LLMs to emulate
humans for agent-based social simulation and re-
search relying on language style as a social signal
(Argyle et al., 2022; Aher et al., 2022).

9We leave out of this analysis the features related to the
length to focus on the style.
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Limitations

While our study reveals important disparities in
how LLMs model sociolinguistic variation, it is
limited in terms of:

• Dataset: Our analysis focuses on two social
media platforms. Language patterns differ
based on the affordances and specific commu-
nities of each platform.

• Operationalisation of SES: As previous
work on NLP and SES, our analysis uses prox-
ies rather than self-reported or objective mea-
sures of SES. In addition, we do not consider
a middle-SES.

• Choice and scope of linguistic measures:
We used a set of 94 surface metrics supported
from previous studies in sociolinguistics; how-
ever, it is not exhaustive, and it is possible they
might miss something more nuanced.

• Prompt design: LLM outputs are strongly de-
pendent on the prompt used to generate them.
While we test three different prompt varia-
tions, it is possible that a different prompt or
prompting strategy would result in stronger
variation.

• Models: We tested a limited number of mod-
els, and new models are published regularly.
It is possible that our findings may not hold
across future model versions.

Ethical Considerations

For the analysis proposed in the paper, we utilize
Reddit data from the Pushshift API dumps and
YouTube data scraped using the YouTube Data
API, adhering to the developer guidelines of the
respective platforms. We do not collect any user-
identifiable information (i.e., Reddit and YouTube
usernames).
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A Data Collection

Lower SES.

• Subreddits list: povertyfinance, povertyk-
itchen, frugalmalefashion, FrugalFemaleFash-
ion, FrugalLiving, TrueFrugal, FrugalShop-
ping, poor, Frugal, Cheap_Meals.

• YouTube searches: low income, living on min-
imum wage, surviving on food stamps, food
stamps experience, living paycheck to pay-
check, budgeting on minimum wage, food
bank haul, food pantry haul, public housing
tour, homeless, unemployed, section 8 apart-
ment tour, feeding a family on a budget, living
in poverty, eviction.

Upper SES.

• Subreddits list: RichPeoplePF, fatFIRE, Phi-
lanthropy, golf, Rowing, horseracing, Eques-
trian, Horses, tennis, 10s, Shooting, Compe-
titionShooting, Hunting, polo, sailing, opera,
classicalmusic, FineArt, FineArtPhoto, litera-
ture, Fencing, Fieldhockey, yachting.

• YouTube searches: golf, rowing, eques-
trian, tennis, horse riding, sailing, fine arts,
opera, classical music, literature, fencing,
field hockey, yachting, yacht.

B Readability Metrics YouTube

Readability metrics are designed for written lan-
guage, which is in principle different from spo-
ken language (Tannen, 1982; Ortmann and Dipper,
2019). However, for completeness, here we report
the readability metrics computed on the YouTube
portion of our dataset. As these metrics typically
normalize by sentence length, and YouTube tran-
scripts are not split into sentences, we first run the
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Metric Lower SES Upper SES

ARI 4.03 3.78
Coleman-Liau 4.19 4.17
Dale-Chall 7.19 7.28
Flesch-Kincaid 4.61 4.21
Flesch-Reading∗ 85.01 85.71
Gunning-Fog 6.81 6.30
Linsear 6.73 5.87

Table 3: Mean Readability Scores per SES Group
(YouTube). (∗) indicates a statistically significant differ-
ence in the distributions of readability scores (p < 0.05)
between lower and upper SES, as determined by a Mann-
Whitney U test (Mann and Whitney, 1947).

wtpsplit sentence tokenizer.10 Differently from
Reddit, the metrics computed on YouTube captions
do not differ significantly between SES communi-
ties (except for Flesch-Reading).

C Biber’s Features

Below we list the full set of Biber’s features
adapted from Biber (1991, 1995) that we compute
using the pseudobibeR library.11

Tense and aspect markers

• past_tense: Past tense

• perfect_aspect: Perfect aspect

• present_tense: Present tense

Place and time adverbials

• place_adverbials: Place adverbials (e.g.,
above, beside, outdoors)

• time_adverbials: Time adverbials (e.g.,
early, instantly, soon)

Pronouns and pro-verbs

• first_person_pronouns: First-person pro-
nouns

• second_person_pronouns: Second-person
pronouns

• third_person_pronouns: Third-person per-
sonal pronouns (excluding it)

• pronoun_it: Pronoun it
10https://github.com/segment-any-text/

wtpsplit/
11https://github.com/browndw/pseudobibeR.

• demonstrative_pronoun: Demonstrative
pronouns (that, this, these, those as pronouns)

• indefinite_pronoun: Indefinite pronouns
(e.g., anybody, nothing, someone)

• proverb_do: Pro-verb do

Questions

• wh_question: Direct wh-questions

Nominal forms

• nominalization: Nominalizations (ending
in -tion, -ment, -ness, -ity)

• gerunds: Gerunds (participial forms function-
ing as nouns)

• other_nouns: Total other nouns

Passives

• agentless_passives: Agentless passives

• by_passives: by-passives

Stative forms

• be_main_verb: be as main verb

• existential_there: Existential there

Subordination features

• that_verb_comp: that verb complements
(e.g., I said [that he went])

• that_adj_comp: that adjective complements
(e.g., I’m glad [that you like it])

• wh_clause: wh-clauses (e.g., I believed [what
he told me])

• infinitives: Infinitives

• present_participle: Present participial ad-
verbial clauses (e.g., [Stuffing his mouth with
cookies], Joe ran out the door.)

• past_participle: Past participial adverbial
clauses (e.g., [Built in a single week], the
house would stand for fifty years.)

• past_participle_whiz: Past participial
postnominal (reduced relative) clauses (e.g.,
the solution [produced by this process])
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• present_participle_whiz: Present par-
ticipial postnominal (reduced relative) clauses
(e.g., the event [causing this decline])

• that_subj: that relative clauses on subject
position (e.g., the dog [that bit me])

• that_obj: that relative clauses on object po-
sition (e.g., the dog [that I saw])

• wh_subj: wh-relatives on subject position
(e.g., the man [who likes popcorn])

• wh_obj: wh-relatives on object position (e.g.,
the man [who Sally likes])

• pied_piping: Pied-piping relative clauses
(e.g., the manner [in which he was told])

• sentence_relatives: Sentence relatives
(e.g., Bob likes fried mangoes, [which is dis-
gusting].)

• because: Causative adverbial subordinator
(because)

• though: Concessive adverbial subordinators
(although, though)

• if: Conditional adverbial subordinators (if,
unless)

• other_adv_sub: Other adverbial subordina-
tors (e.g., since, while, whereas)

Prepositional phrases, adjectives and adverbs

• prepositions: Total prepositional phrases

• adj_attr: Attributive adjectives (e.g., the
[big] horse)

• adj_pred: Predicative adjectives (e.g., The
horse is [big].)

• adverbs: Total adverbs

Lexical specificity

• type_token: Type–token ratio (including
punctuation)

• mean_word_length: Average word length
(excluding punctuation)

Lexical classes

• conjuncts: Conjuncts (e.g., consequently,
furthermore, however)

• downtoners: Downtoners (e.g., barely,
nearly, slightly)

• hedges: Hedges (e.g., at about, something
like, almost)

• amplifiers: Amplifiers (e.g., absolutely, ex-
tremely, perfectly)

• emphatics: Emphatics (e.g., a lot, for sure,
really)

• discourse_particles: Discourse particles
(e.g., well, now, anyway)

• demonstratives: Demonstratives

Modals

• modal_possibility: Possibility modals
(can, may, might, could)

• modal_necessity: Necessity modals (ought,
should, must)

• modal_predictive: Predictive modals (will,
would, shall)

Specialized verb classes

• verb_public: Public verbs (e.g., assert, de-
clare, mention)

• verb_private: Private verbs (e.g., assume,
believe, know)

• verb_suasive: Suasive verbs (e.g., com-
mand, propose, insist)

• verb_seem: seem and appear

Reduced forms and dispreferred structures

• contractions: Contractions

• that_deletion: Subordinator that deletion
(e.g., I think [he went])

• stranded_preposition: Stranded preposi-
tions (e.g., the candidate that I was thinking
[of])

• split_infinitve: Split infinitives (e.g., He
wants [to convincingly prove] that . . . )

• split_auxiliary: Split auxiliaries (e.g.,
They [were apparently shown] to . . . )
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Co-ordination

• phrasal_coordination: Phrasal coordina-
tion (N and N; Adj and Adj; V and V; Adv and
Adv)

• clausal_coordination: Independent
clause coordination (clause-initial and)

Negation

• neg_synthetic: Synthetic negation (e.g., No
answer is good enough for Jones.)

• neg_analytic: Analytic negation (e.g., That
isn’t good enough.)

D Extended Results

In Figure 5, Figure 6, and Figure 7, we show the
full feature list results for Reddit. Moreover, in Fig-
ure 8, Figure 9, and Figure 10, we show the full
feature list results for YouTube.

E Inference Experiments

For running GPT-5, we use the OpenAI12 API. The
costs of running inference on all data took around
112 USD. For running inference of the local models
(Gemma3, Mistral, Qwen3), we make use of a large
HPC cluster with hardware configurations compris-
ing multiple nodes (depending on model size; e.g.,
30B models require 4 nodes for training and 1 node
for inference), each with node contains eight AMD
MI250x GPU modules alongside a single 64-core
AMD EPYC “Trento” CPU. The library we use for
inference is vllm (Kwon et al., 2023). For all the
experiments it resulted in around 16 GPU hours
spent.

E.1 Environmental Impact
We acknowledge that conducting a large-scale anal-
ysis using LLMs comes with an environmental im-
pact. Experiments were conducted using private
infrastructure in [Redacted] running on green en-
ergy. A cumulative of 16 GPU hours of computa-
tion was performed on AMD MI250x GPU mod-
ules, which has a TDP of 500 Watts. The exper-
iments were ran in September 2025. During this
time, the average carbon efficiency in [Redacted]
was 0.046 kg/kWh.13 This means we released
about 0.368 kg of CO2 equivalent. Estimations

12https://platform.openai.com/
13According to https://app.electricitymaps.com/

map.

were conducted using the Machine Learning Im-
pact calculator14 presented in (Lacoste et al., 2019).

14Find the tool here: https://mlco2.github.io/
impact.
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Figure 5: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 1, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 6: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 2, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 7: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 3, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 8: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 1, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 9: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 2, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 10: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 3, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Abstract

Arabic dialects have long been under­

represented in Natural Language Processing

(NLP) research due to their non­standardization

and high variability, which pose challenges

for computational modeling. Recent advances

in the field, such as Large Language Models

(LLMs), offer promising avenues to address

this gap by enabling Arabic to be modeled as a

pluricentric language rather than a monolithic

system. This paper presents Aladdin­FTI,

our submission to the AMIYA shared task.

The proposed system is designed to both

generate and translate dialectal Arabic (DA).

Specifically, the model supports text generation

in Moroccan, Egyptian, Palestinian, Syrian,

and Saudi dialects, as well as bidirectional

translation between these dialects, Modern

Standard Arabic (MSA), and English. The

code and trained model are publicly available.1

1 Introduction

The Thirteenth Workshop on NLP for Similar Lan­

guages, Varieties and Dialects (VarDial 2026)2 in­

troduces the “Arabic Modeling In Your Accent”

(AMIYA) shared task (Robinson et al., 2026), a

benchmark designed to advance computational

modeling of DA. The AMIYA shared task focuses

on developing language models that capture the

linguistic characteristics of spoken Arabic varieties.

Such varieties remain under­represented in existing

NLP research and resources (Harrat et al., 2019),

although there is a growing interest in studying

dialectal varieties and more resources are being

created (see e.g. Al­Haff et al. (2022); Momayiz

et al. (2024); Al Almaoui et al. (2025)). In this

evaluation campaign, systems are assessed on their

ability to model DAwith respect to dialectal fidelity,

1Code: https://github.com/drvenabili/mtfinetune_
amiya, models: https://hf.co/collections/unige-fti/
aladdin-fti-amiya.

2https://sites.google.com/view/vardial-2026

understanding, and generation quality using theAL­

QASIDA benchmark (Robinson et al., 2025).
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All decoding configurations (faded) and selected best (highlighted)

Trade−off between diglossia and dialectal fidelity

Figure 1: Trade­off between diglossia­sensitive trans­

lation accuracy (ChrF++) and dialectal fidelity (Macro

ADI2). Each faded point corresponds to a decoding

configuration (learning rate × checkpoint), while high­

lighted points indicate the best configuration selected

per model. Instruction­based generation (GEN) favours

dialectal fidelity at the expense of diglossia, whereas

MT exhibits the opposite behaviour. The combined

MT+GEN objective achieves the best overall, improv­

ing both fidelity and diglossia.

This paper describes the participation of the team

Aladdin­FTI , focusing on the closed data track,

where the models are only fine­tuned on the official

training data provided by the shared task organizers,

without the use of additional external corpora. Our

approach is based on translation and generation by

combining two training objectives: (i) a translation

objective aimed at reinforcing diglossic distinctions

between MSA and DA, while also preserving se­

mantic adequacy; and (ii) an instruction next­token

generation objective designed to produce fluent and

linguistically dialectal continuations from partial

prompts. By jointly training with these objectives,

we seek to have a balance between semantic ade­

quacy and dialectal expressiveness (Robinson et al.,

2025). We investigate the complementary roles of
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translation and generation in dialectal Arabic mod­

eling along the following questions:

Q1 What is the impact of fine­tuning for transla­

tion on diglossia and dialectal fidelity across

Arabic dialects?

Q2 What is the impact of instruction fine­tuning

for next word generation on diglossia and di­

alectal fidelity across Arabic dialects?

Q3 What is the impact of both machine translation

(MT) and instruction fine­tuning for next word

generation on diglossia and dialectal fidelity

across Arabic dialects?

We fine­tune a single large languagemodel under

different training settings and evaluate their impact

on both diglossia and dialectal fidelity. Our results

highlight their distinct yet complementary roles in

DA generation.

Our contributions are the following:

• We propose a joint training objective that

combines machine translation and instruction­

conditioned next­token generation for dialec­

tal Arabic.

• This training enables smaller models to match

or even outperform substantially larger base­

lines in modeling Arabic dialectal variation.

The remainder of this paper is organized as fol­

lows: first, Section 2 reviews related work; next,

Section 3 presents the methodology; Section 4 de­

scribes the experimental setup; Section 5 reports

the results; and finally, Section 6 concludes by dis­

cussing the limitations of the study.

2 Related Work

Arabic has long been treated as a single ho­

mogeneous language, with the majority of re­

sources, benchmarks, and models focusing almost

exclusively on MSA. However, this perspective

overlooks the deeply diglossic nature of Arabic­

speaking communities, in which MSA is rarely a

native language and is primarily used in formal

and written contexts, while everyday communica­

tions take place in regionally and socially diverse

dialects (Keleg et al., 2025). These dialects differ

substantially fromMSA in phonology, morphology,

syntax, and lexicon, and each reflects the historical,

cultural, and social identities of its speakers (Yush­

manov, 1961).

This MSA­centric focus poses significant chal­

lenges for NLP systems, as models trained predomi­

nantly onMSAtend to normalize or suppress dialec­

tal features when generating or translating dialectal

text (Robinson et al., 2023). This gap motivates

research into methods that explicitly preserve di­

alectal characteristics in generated text while main­

taining semantic adequacy.

Machine Translation for DialectalArabic Prior

work has shown that MT provides a natural frame­

work for modeling distinctions between MSA and

DA, as translation objectives explicitly condition

generation on a source sentence rather than on the

target alone (Habash et al., 2013; Zbib et al., 2012).

More recent efforts include the fine­tuning of the

Kuwain­1.5B small language model for transla­

tion from 15 Arabic dialects into Modern Standard

Arabic, which achieved high human­rated fluency

scores in evaluation studies (Hamed et al., 2025),

indicating improved generation quality for dialectal

inputs.

Despite these advances, multiple studies report

that dialectal MT systems often favour normalised

outputs, exhibiting MSA lexical or morphosyntac­

tic choices even when dialectal targets are explicitly

specified (Habash et al., 2013; Bouamor et al., 2018;

Robinson et al., 2025). While translation­based ap­

proaches tend to preserve meaning effectively, they

may under­represent dialect­specific variation and

linguistic naturalness, a pattern that has also been

observed in recent shared­task evaluations (Atwany

et al., 2024; Robinson et al., 2023).

Motivated by these findings, we evaluate the

impact of machine translation training on diglossia

and dialect fidelity, following Q1.

Dialectal Text Generation with LLMs Instruc­

tion fine­tuning has demonstrated strong perfor­

mance in controllable text generation (Liang et al.,

2024). In dialectal settings, explicit instruction con­

ditioning and the use of dialect tokens have been

shown to improve alignment between generated

outputs and target dialectal varieties (Barmandah,

2025). However, prior work indicates that such

approaches may also introduce generation artifacts

when control constraints are emphasized, with po­

tential negative effects on semantic fidelity (Zhang

et al., 2023). We therefore evaluate the impact of

instruction fine­tuning using next­word prediction

on diglossia and dialect fidelity in the context of

Arabic dialects (Q2).

340



Combining the Two Tasks Despite advances

in both tasks, combining translation­based and

generation­based techniques for DA remains un­

derexplored. Prior research on Arabic NLP has

begun to explore multi­task learning paradigms,

for example, joint modeling of dialect identifica­

tion and translation to improve MT quality (Khered

et al., 2025). There have also been efforts in other

settings (e.g. unsupervised MT) to couple transla­

tion objectives with language modeling to better

preserve fluency (Artetxe et al., 2018). Yet, to our

knowledge, no prior work has explicitly jointly op­

timized a large language model for translation and

dialect generation in the Arabic diglossia context.

This gap motivates our approach to combine MT

and next­word completion (Q3).

3 Methodology

In this section, we go through the evaluation pro­

tocol (Subsection 3.1) and the training objectives

(Subsection 3.2).

3.1 Evaluation Protocol

We followed the evaluation framework proposed

by Robinson et al. (2025) to assess two comple­

mentary dimensions of DA generation: fidelity and

diglossia.

Fidelity This dimension is evaluated using both

monolingual and cross­lingual prompts, in which

the model is instructed to generate text in a spe­

cific DA variety. In such settings, no single gold

reference exists, as multiple valid outputs may cor­

respond to the same prompt. Accordingly, fidelity

is measured using the Macro ADI2 dialect fidelity

score, which assesses whether the generated out­

put is both dialectal and identifiable as the target

variety.

Diglossia Diglossia evaluates the model’s ability

to translate between MSA and DA, reflecting its

capacity to differentiate between dialects and MSA.

This dimension is assessed through bidirectional

translation tasks (MSA→DA and DA→MSA). For

these tasks, reference translations are available and

performance is measured using ChrF++ (Popović,

2015).

Together, these two dimensions provide a com­

plementary evaluation of dialectal Arabic gener­

ation: fidelity focuses on adherence to the target

dialect in open­ended settings, while diglossia as­

sesses controlled meaning under reference­based

translations.

For each evaluation dimension, we compute the

mean score over the different datasets. Specif­

ically, machine translation (corpus­level) and fi­

delity (sentence­level) are each evaluated on their

own dedicated datasets.

3.2 Training Objectives

The two training objectives previously mentioned

in section 1 differ not in their optimization pro­

cedure but in the constraints imposed by the task

formulation. Translation provides a reference to en­

force meaning preservation with respect to a source

sentence, resulting in a constrained output space. In

contrast, dialectal generation is open­ended: for a

given instruction and prefix, multiple continuations

may be equally valid as long as they are the target

dialect (or have linguistic similarities).

Formally, let DMT and DGEN denote the

instruction­formatted datasets used for translation

and dialectal generation, respectively. All train­

ing examples are represented using an instruction­

based format and optimized with a causal language

model objective, where only assistant tokens con­

tribute to the loss. The final training objective min­

imizes a weighted combination of losses over the

two datasets:

Ljoint(θ) = λEz∼DMT
[L(z)]+(1−λ)Ez∼DGEN

[L(z)]
(1)

where λ ∈ [0, 1] controls the relative contribution
of translation and generation supervision.

We evaluate the model with λ ∈ {0, 0.5, 1}.
When λ = 0, the task corresponds to pure gen­

eration, whereas when λ = 1, it corresponds to a
MT task.

3.2.1 Machine Translation

For the translation objective, each training example

consists of an instruction in English specifying the

translation direction (e.g. MSA→DA, DA→MSA,

or DA↔English), followed by an assistant response

containing the target sentence. After applying the

chat template, the model is trained to maximize the

conditional likelihood of the assistant tokens given

the full preceding context. The template for this

task is shown in Table 2.

Prompt examples for translation are illustrated

in Table 4.

3.2.2 Instruction Next­Token Generation

For dialectal generation, training examples are for­

mulated as instruction­conditioned sentence com­

pletion tasks. Each example provides an explicit
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Instruction type Template Completion

English instruction Complete the sentence starting with these 3 words in <TAR­
GET DIALECT>: <PREFIX>

This is the full sentence in <TARGET DI­
ALECT>: <TARGET TEXT IN DIALECT>

Dialectal instruction <TARGET DIALECT> ةجهللابلودتاملكتالتلابأدباوةلمجلالّمك
<PREFIX>:

:<TARGET DIALECT> ةجهللابةلماكةلمجلايد

Table 1: Templates used for dialectal sentence completion in MADAR training data. Both templates require the

model to generate a complete sentence in the target dialect starting from a fixed prefix; only the language of the

instruction differs.

Instruction + Source Target (Reference or Output) Language Pair

Translate from <SRC> into <TGT>.
<SOURCE SENTENCE> <TARGET SENTENCE> <SRC>→ <TGT>
Translation:

Table 2: Template for instructing the translation across

Arabic varieties and English.

instruction specifying the target dialect, followed

by the first three words of a sentence, which serve

as a fixed prefix. The model is trained to generate

a complete sentence in the target dialect, starting

from this prefix.

Two instruction variants are used. In the first

variant, the instruction is formulated in English and

specifies both the completion task and the target

dialect. In the second variant, the instruction is for­

mulated directly in the target dialect. In both cases,

the assistant response contains a full sentence that

repeats the provided prefix and continues it in a

linguistically coherent manner. Although reference

continuations are provided during training, they are

not assumed to be unique, as the task may admit

multiple valid dialectal realizations for the same

prefix. Thus, the training signal encourages the

model to learn distributional properties of the target

dialect rather than to reproduce a single fixed con­

tinuation. The generation templates are provided

in Table 1 and examples are shown in Table 5.

4 Experimental Set­Up

4.1 Models

After a hyper­parameter search, we selected

SmolLM3­3B to carry out our experiments (Bak­

ouch et al., 2025)3 as it offers a good balance be­

tween model size, performance across tasks, and

has been trained with Arabic data.

We instruction fine­tuned SmolLM3­3B to sup­

port multiple training objectives and evaluation

regimes, selecting the best model according to both

MT and next­token generation performance. Peri­

odic evaluation was performed every 1,000 steps

3https://huggingface.co/HuggingFaceTB/
SmolLM3-3B

using the validation loss and a character­based met­

ric (ChrF++). This design enables a direct com­

parison of models trained on (a) MT only, (b) MT

combined with next­token generation, and (c) next­

token generation only, while keeping the evalua­

tion procedure consistent across experimental con­

ditions. We let the reader refer to the model training

in Appendix A.1.

To address the research questions, we com­

pare these training configurations against a base­

line. The baseline corresponds to SmolLM3­

3B with a hyperparameter search over decod­

ing settings (top­p ∈ {0.1, 0.3, 0.6, 0.9, 1} and

temperature ∈ {0.1, 0.3, 0.6, 0.9, 1}). We

shorten the original template by one third to train

our instruction models. We found that both tem­

plates provided similar results in preliminary eval­

uations.

To assess the effect of scaling to a larger model,

we replicate the same experimental setting using

Llama­3.1­8B­Instruct4 as the base model, fine­

tuned with LoRA(seeAppendix A.1). SmolLM­3B

builds upon the Llama architecture, with modifica­

tions optimized for efficiency and long­context per­

formance, which makes it a suitable point of com­

parison with Llama­3.1­8B­Instruct. We addition­

ally compare our approach with a larger model to as­

sess its effectiveness relative to models of different

sizes, using the best configuration identified during

hyperparameter search (refer to Appendix A.4).

4.2 Evaluation Data

We adopted the same evaluation data and proto­

col described in Al Qasida (Robinson et al., 2025).

Our evaluation set comprises both monolingual and

crosslingual prompts across multiple DA varieties,

designed to support text generation and MT tasks.

The crosslingual prompts were drawn from three

different collections of LLMs user inputs: (i) a

subset of Okapi prompts (Lai et al., 2023) used

4https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct
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with the Alpaca LLM (Taori et al., 2023), (ii) a

collection of ChatGPT prompts obtained via the

ShareGPT API, and (iii) a set of human­curated

prompts by Marchisio et al. (2024). In addition, our

evaluation corpus incorporates both monolingual

and bitext sentences from the corpus­6­test­corpus­

26­dev split of the MADAR26 (Bouamor et al.,

2018), a large­scale parallel resource covering di­

alects from seven Arab countries and consisting

of BTEC­style everyday utterances originally in­

troduced by Takezawa et al. (2007). We further

included data from the FLORES200 dev, a multi­

lingual benchmark based on manually translated

Wikipedia text, selecting dialectal Arabic subsets

representing five major regional varieties (NLLB

Team, 2022). Finally, we integrated dialectal Ara­

bic song lyrics from the HABIBI corpus, which

spans eight Arab country dialects (El­Haj, 2020).

4.3 Training Data

Following the closed­data track,5 we used two

sources of training data: bilingual data for task (i

and ii, refer to Section 3.2.1 and 3.2.2 respectively)

and monolingual data for task (ii).

Bilingual Data Our bilingual training data were

used to support translation tasks between English,

MSA, and DA. For Saudi Arabic, the SauDial cor­

pus (Alanazi et al., 2025) provided parallel data

for EN↔DA and DA↔MSA translation. Pales­

tinian Arabic–English parallel data were sourced

from the Casablanca corpus (Talafha et al., 2024).

For Jordanian Arabic, the JODA corpus (Aban­

dah et al., 2025) was used, offering parallel data

between dialectal text and its MSA­corrected ver­

sion. Syrian Arabic bilingual resources included

the UFAL parallel corpus (Krubiński et al., 2023),

covering MSA↔DA and DA↔EN translation di­

rections. MoroccanArabic bilingual data combined

several sources: the DODA corpus (Outchakoucht

and Es­Samaali, 2024) for EN↔DA translation,

and the Atlas training sets (Bounhar and Majjodi,

2025). These data were used to create the machine

translation training data (see Section 3.2.1).

Monolingual Data The monolingual training

data were compiled from multiple resources cov­

ering a wide range of DA varieties. Saudi Arabic

monolingual data were obtained from the SDC cor­

pus (Tarmom et al., 2014) as well as from the Saudi

5https://sites.google.com/view/vardial-2026/
shared-tasks

Tweets Corpus (Alruily, 2018). The Shami cor­

pus (Abu Kwaik et al., 2018) was used to provide

monolingual data for Palestinian, Syrian, and Jorda­

nian varieties, while the MASC corpus (Al­Fetyani

et al., 2021) contributed data for Egyptian and Jor­

danian Arabic. Moroccan Arabic monolingual data

were sourced from the Goud training set (Aftiss

et al., 2025). Egyptian Arabic monolingual data

were enriched using the EDGAD corpus (ElSayed

and Farouk, 2020; Hussein et al., 2019), the EDC

corpus (Tarmom et al., 2014), and the ASR­EgAr

corpus (asr, 2023).

We also incorporated multidialectal monolingual

data from the MADAR training set, which includes

additional Arabic dialects. These data were used

to create the instruction next­token generation data

(see Section 3.2.2).

5 Results

Effect of the Task Figure 2 shows the scores with

the different training objectives for the diglossia

and fidelity tasks. Training with a translation ob­

jective improves diglossic scores, as reflected by

higher ChrF++ across configurations (Q1). While

MT also increases dialectal fidelity compared to

the baseline, the gains remain limited and highly

variable, suggesting that the LLM does not consis­

tently generate the target dialect according to the

Macro ADI2 score.

Instruction next­token generation improves di­

alectal fidelity, yielding the highest Macro ADI2

scores with low variance across configurations.

However, this comes at the cost of diglossia, as

generation­only models perform poorly on transla­

tion tasks, indicating a semantic drift (answering

our Q2).

Jointly optimizing translation and instruction­

based generation objectives yields a balance be­

tween diglossic scores and dialectal fidelity. Com­

pared to MT training, the joint model substantially

improves Macro ADI2 without degrading ChrF++

(avoiding the semantic shift observed in generation­

only models). This indicates that translation and

generation objectives provide complementary su­

pervision signals for modeling Arabic dialects.

reprint

Trade­off Between the Tasks Figure 1 illus­

trates the trade­off between diglossia (measured by

ChrF++) and dialectal fidelity, measured by Macro

ADI2, across all decoding configurations. Faded

points represent individual decoding configurations,
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Model Diglossia ↑ Fidelity ↑
SmolLM3­3B 22.23 0.003
+ Machine Translation + Instruction (Constrastive) 33.65 0.067

Llama­3.1­8B­Instruct 32.99 0.065
+ Machine Translation + Instruction (Primary) 35.09 0.233

Command RArabic 46.60 0.053
GPT­OSS­120B 47.82 0.237

Table 3: Comparison of baseline LLMs in terms of diglossia (ChrF++) and dialectal fidelity (Macro ADI2) across

all language. For each model, scores correspond to the best decoding configuration selected across temperature and

top­p sampling settings.
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Figure 2: Performance for diglossia (ChrF++) and fi­

delity (Macro ADI2) across training paradigms. Each

boxplot corresponds to a training paradigm (Baseline,

MT, GEN, MT+GEN) using SmolLM3­3B, and each

point represents a distinct decoding configuration (top_p,

temperature, learning rate), with scores macro­averaged

over language varieties and test sets.

highlighting the variability induced by learning

rate and checkpoint selection (also decoding hyper­

parameters for the baseline), while the highlighted

points correspond to the best­performing configu­

ration selected per model.

The baseline model clusters in the lower­left re­

gion of the plot, exhibiting both limited diglos­

sia and weak dialectal fidelity. Models trained

exclusively with a MT objective achieve higher

ChrF++ scores, indicating stronger diglossia, but

remain constrained in dialectal fidelity. In contrast,

instruction­based next­token generation (GEN) pri­

oritizes dialectal generation, yielding higher Macro

ADI2 scores at the cost of reduced diglossia scores.

The combined MT+GEN model is in the upper­

right region of the plot, demonstrating that jointly

optimizing translation and instruction­based gener­

ation objectives leads to a more favorable balance

between semantic adequacy and dialectal expres­

siveness (Q3).

Comparison with Other LLMs To better un­

derstand the impact of joint training, we also car­

ried out the same experiments using Llama­3.1­8B­

Instruct6 as the base model, fine­tuned with LoRA.

In addition, we included a 120B­parameter

model7 as a reference point to assess how perfor­

mance scales with substantially larger model param­

eters (without any optimization method). We also

considered Command R Arabic, a model specifi­

cally optimized for translation across multiple Ara­

bic varieties8, in order to compare our approach

against a system designed for Arabic multilingual

translation. Taken together, these baselines provide

an approximate upper bound on the performance

and help contextualize the results of smaller jointly

trained models.

Table 3 reports the performance of jointly trained

models in comparison with their base model. The

automatic evaluation scores indicate that, joint train­

ing across tasks leads to consistent improvements in

metrics reflecting both diglossia and fidelity scores

even for larger model (Llama­3.1­8B­Instruct) with

LoRA fine­tuning. These results provide further ev­

idence in support of the benefits of jointly training

the model with both task (Q3).

Compared to the other models, the much larger

GPT­OSS­120B attains the highest scores overall.

Despite being substantially smaller, Llama­3.1­8B­

Instruct reaches the fidelity score (Macro ADI2)

of 0.23, achieving performance comparable to the

120B model. This suggests that dialectal control

can be enhanced through supervision strategies

rather than model scaling alone.

6 Conclusion

This work presented the submission of team

Aladdin­FTI to the AMIYA shared task, aim­

ing to model Arabic dialects through a uni­

6https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

7https://huggingface.co/openai/gpt-oss-120b
8https://huggingface.co/CohereLabs/

c4ai-command-r7b-arabic-02-2025
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fied framework that combines translation and

instruction­based generation.

Our results show that these objectives provide

complementary supervision: translation improves

diglossic awareness and semantic adequacy (Q1),

while instruction­conditioned generation enhances

dialectal fidelity (Q2). By combining both objec­

tives, we obtain a more balanced model that con­

sistently outperforms single­objective approaches

across evaluation dimensions (Q3).

Notably, this balance is achieved with a smaller

model that competes with larger systems, under­

scoring the importance of training objective design

in dialectal Arabic modeling. These findings sup­

port treating Arabic as a pluricentric language.

Future work will focus on refining the balance be­

tween objectives, expanding coverage to additional

varieties, and conducting human and linguistic eval­

uations to better assess dialectal naturalness.

Limitations

This study is limited to a single model architec­

ture. While the results are encouraging, further

experiments on different model families and scales

are needed to assess the generality of the proposed

approach. While few­shot and in­context learn­

ing approaches may be effective (see e.g. Gao

et al. (2021); or Mutal et al. (2025) for use in low­

resource settings), they were not considered in this

work, as our objective was to keep input prompts

compact and limit the number of tokens provided

to the model.

Acknowledgments

The computations were performed at the University

of Geneva using the Baobab HPC service.

References

2023. ASR­EgArbCSC: An Egyptian Arabic conversa­
tional speech corpus. Open­source dataset consisting
of 5.5 hours of transcribed Egyptian Arabic conversa­
tional speech across nine two­speaker conversations.

Gheith Abandah, Ashraf Suyyagh, Iyad Jafar, Mo­
hammad Abdel­Majeed, Rabie Otoum, Shorouq
AlAwawdeh, and Moath Khaleel. 2025. JODA: A
dataset of jordanian dialect and erroneous modern
arabic sentences coupled with proper MSA and full
diacritics.

Kathrein Abu Kwaik, Motaz Saad, Stergios Chatzikyr­
iakidis, and Simon Dobnik. 2018. Shami: A cor­
pus of Levantine Arabic dialects. In Proceedings of

the Eleventh International Conference on Language
Resources and Evaluation (LREC 2018), Miyazaki,
Japan. European Language Resources Association
(ELRA).

Azzedine Aftiss, Salima Lamsiyah, Christoph Schom­
mer, and Said Ouatik El Alaoui. 2025. Empirical
evaluation of pre­trained language models for summa­
rizing moroccan darija news articles. In Proceedings
of the 4th Workshop on Arabic Corpus Linguistics
(WACL­4), pages 77–85.

Perla Al Almaoui, Pierrette Bouillon, and Simon
Hengchen. 2025. Arabizi vs LLMs: Can the genie
understand the language of aladdin? In Proceedings
of Machine Translation Summit XX: Volume 2, pages
28–41, Geneva, Switzerland. European Association
for Machine Translation.

MohammadAl­Fetyani, MuhammadAl­Barham, Gheith
Abandah, Adham Alsharkawi, and Maha Dawas.
2021. Masc: Massive arabic speech corpus.

Karim Al­Haff, Mustafa Jarrar, Tymaa Hammouda, and
Fadi Zaraket. 2022. Curras + baladi: Towards a Lev­
antine corpus. In Proceedings of the Thirteenth Lan­
guage Resources and Evaluation Conference, pages
769–778, Marseille, France. European Language Re­
sources Association.

NaifAlanazi, MohammedAl­Batineh, and HusseinAbu­
Rayyash. 2025. Saudial: The saudi arabic dialects
game localization dataset. Data in Brief, 62:111906.

Meshrif Alruily. 2018. Saudi tweets dataset.

Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2018.
Unsupervised statistical machine translation. In
Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pages
3632–3642, Brussels, Belgium. Association for Com­
putational Linguistics.

HaninAtwany, Nour Rabih, IbrahimMohammed,Abdul
Waheed, and Bhiksha Raj. 2024. OSACT 2024 task
2: Arabic dialect to MSA translation. In Proceedings
of the 6th Workshop on Open­Source Arabic Corpora
and Processing Tools (OSACT) with Shared Tasks
on Arabic LLMs Hallucination and Dialect to MSA
Machine Translation @ LREC­COLING 2024, pages
98–103, Torino, Italia. ELRA and ICCL.

Elie Bakouch, Loubna BenAllal, Anton Lozhkov, Noua­
mane Tazi, Lewis Tunstall, Carlos Miguel Patiño,
Edward Beeching, Aymeric Roucher, Aksel Joonas
Reedi, Quentin Gallouédec, Kashif Rasul, Nathan
Habib, Clémentine Fourrier, Hynek Kydlicek, Guil­
herme Penedo, Hugo Larcher, Mathieu Morlon, Vaib­
hav Srivastav, Joshua Lochner, and 4 others. 2025.
SmolLM3: smol, multilingual, long­context reasoner.
https://huggingface.co/blog/smollm3.

Hassan Barmandah. 2025. Saudi­dialect­allam: Lora
fine­tuning for dialectal arabic generation. Preprint,
arXiv:2508.13525.

345



Houda Bouamor, Nizar Habash, Mohammad Salameh,
Wajdi Zaghouani, Owen Rambow, Dana Abdul­
rahim, Ossama Obeid, Salam Khalifa, Fadhl Eryani,
Alexander Erdmann, and Kemal Oflazer. 2018. The
MADARArabic dialect corpus and lexicon. In Pro­
ceedings of the Eleventh International Conference on
Language Resources and Evaluation (LREC 2018),
Miyazaki, Japan. European Language Resources As­
sociation (ELRA).

Abdelaziz Bounhar andAbdeljalil El Majjodi. 2025. At­
laset dataset for moroccan darija: From data collec­
tion, analysis, to model trainings. Hugging Face
Blog.

Mahmoud El­Haj. 2020. Habibi: A multi­dialect arabic
song lyrics corpus. In Proceedings of the Language
Resources and Evaluation Conference (LREC).

Shereen ElSayed and Mona Farouk. 2020. Gender iden­
tification for egyptian arabic dialect in twitter using
deep learning models. Egyptian Informatics Journal,
21.

Tianyu Gao, Adam Fisch, and Danqi Chen. 2021. Mak­
ing pre­trained language models better few­shot learn­
ers. In Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the
11th International Joint Conference on Natural Lan­
guage Processing (Volume 1: Long Papers), pages
3816–3830, Online. Association for Computational
Linguistics.

Nizar Habash, Ryan Roth, Owen Rambow, Ramy Es­
kander, and Nadi Tomeh. 2013. Morphological anal­
ysis and disambiguation for dialectal Arabic. In Pro­
ceedings of the 2013 Conference of the North Amer­
ican Chapter of the Association for Computational
Linguistics: Human Language Technologies, pages
426–432, Atlanta, Georgia. Association for Computa­
tional Linguistics.

Mohamed Motasim Hamed, Muhammad Hreden, Khalil
Hennara, Zeina Aldallal, Sara Chrouf, and Safwan
AlModhayan. 2025. Lahjawi: Arabic cross­dialect
translator. In Proceedings of the 4th Workshop on
Arabic Corpus Linguistics (WACL­4), pages 12–24,
Abu Dhabi, UAE.Association for Computational Lin­
guistics.

Salima Harrat, Karima Meftouh, and Kamel Smaili.
2019. Machine translation for Arabic dialects
(survey). Information Processing & Management,
56(2):262–273.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen­Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. 2021. Lora: Low­rank adaptation of
large language models. Preprint, arXiv:2106.09685.

Shereen Hussein, Mona Farouk, and ElSayed Hemayed.
2019. Gender identification of egyptian di­
alect in twitter. Egyptian Informatics Journal,
20(2):109–116.

Amr Keleg, Sharon Goldwater, and Walid Magdy. 2025.
Revisiting common assumptions about Arabic di­
alects in NLP. In Proceedings of the 63rd Annual
Meeting of the Association for Computational Lin­
guistics (Volume 1: Long Papers), pages 3309–3327,
Vienna, Austria. Association for Computational Lin­
guistics.

Abdullah Khered, Youcef Benkhedda, and Riza Batista­
Navarro. 2025. A multi­task learning approach to
dialectal Arabic identification and translation to Mod­
ern Standard Arabic. In Proceedings of the First
Workshop on Advancing NLP for Low­Resource Lan­
guages, pages 21–31, Varna, Bulgaria. INCOMALtd.,
Shoumen, Bulgaria.

Mateusz Krubiński, Hashem Sellat, Shadi Saleh, Adam
Pospíšil, Petr Zemánek, and Pavel Pecina. 2023.
Multi­parallel corpus of North Levantine Arabic. In
Proceedings of ArabicNLP 2023, pages 411–417, Sin­
gapore (Hybrid). Association for Computational Lin­
guistics.

Viet Lai, Chien Nguyen, Nghia Ngo, Thuat Nguyen,
Franck Dernoncourt, Ryan Rossi, and Thien Nguyen.
2023. Okapi: Instruction­tuned large language mod­
els in multiple languages with reinforcement learning
from human feedback. In Proceedings of the 2023
Conference on Empirical Methods in Natural Lan­
guage Processing: System Demonstrations, pages
318–327, Singapore. Association for Computational
Linguistics.

Xun Liang, Hanyu Wang, Yezhaohui Wang, Shichao
Song, Jiawei Yang, Simin Niu, Jie Hu, Dan Liu,
Shunyu Yao, Feiyu Xiong, and Zhiyu Li. 2024. Con­
trollable text generation for large language models:
A survey. Preprint, arXiv:2408.12599.

Kelly Marchisio, Wei­Yin Ko, Alexandre Berard, Théo
Dehaze, and Sebastian Ruder. 2024. Understand­
ing and mitigating language confusion in LLMs. In
Proceedings of the 2024 Conference on Empirical
Methods in Natural Language Processing, pages
6653–6677, Miami, Florida, USA. Association for
Computational Linguistics.

Imane Momayiz, Aissam Outchakoucht, Omar
Choukrani, and Ali Nirheche. 2024. Terjamabench:
A culturally specific dataset for evaluating translation
models for moroccan darija.

Jonathan Mutal, Raphael Rubino, and Pierrette Bouil­
lon. 2025. Factors affecting translation quality in
in­context learning for multilingual medical domain.
In Proceedings of the Tenth Conference on Machine
Translation, pages 161–179, Suzhou, China. Associa­
tion for Computational Linguistics.

NLLB Team. 2022. No language left behind: Scaling
human­centered machine translation. In Proceedings
of the 60th Annual Meeting of the Association for
Computational Linguistics (ACL).

Aissam Outchakoucht and Hamza Es­Samaali. 2024.
The evolution of darija open dataset: Introducing
version 2. Preprint, arXiv:2405.13016.

346



Maja Popović. 2015. chrF: character n­gram F­score
for automatic MT evaluation. In Proceedings of the
Tenth Workshop on Statistical Machine Translation,
pages 392–395, Lisbon, Portugal. Association for
Computational Linguistics.

Nathaniel Robinson, Shahd Abdelmoneim, Anjali Kan­
tharuban, Otba Alsboul, Salima Lamsiyah, Kelly
Marchisio, and KentonMurray. 2026. AMIYAshared
task: Arabic Modeling In Your Accent at VarDial
2026. In Proceedings of the 13th Workshop on NLP
for Similar Languages, Varieties and Dialects, Rabat,
Morocco. Association for Computational Linguistics.

Nathaniel Robinson, Perez Ogayo, David R. Mortensen,
and Graham Neubig. 2023. ChatGPT MT: Competi­
tive for high­ (but not low­) resource languages. In
Proceedings of the Eighth Conference on Machine
Translation, pages 392–418, Singapore. Association
for Computational Linguistics.

Nathaniel Romney Robinson, Shahd Abdelmoneim,
Kelly Marchisio, and Sebastian Ruder. 2025. AL­
QASIDA: Analyzing LLM quality and accuracy sys­
tematically in dialectal Arabic. In Findings of the As­
sociation for Computational Linguistics: ACL 2025,
pages 22048–22065, Vienna, Austria. Association for
Computational Linguistics.

Toshiyuki Takezawa, Genichiro Kikui, Masahide
Mizushima, and Eiichiro Sumita. 2007. Multilingual
spoken language corpus development for communi­
cation research. In International Journal of Compu­
tational Linguistics & Chinese Language Processing,
Volume 12, Number 3, September 2007: Special Issue
on Invited Papers from ISCSLP 2006, pages 303–324.

Bashar Talafha, Karima Kadaoui, Samar Mohamed
Magdy, Mariem Habiboullah, Chafei Mohamed
Chafei, Ahmed Oumar El­Shangiti, Hiba Zayed, Mo­
hamedou Cheikh Tourad, Rahaf Alhamouri, Rwaa
Assi, and 1 others. 2024. Casablanca: Data and
models for multidialectal arabic speech recognition.
In Proceedings of the 2024 Conference on Empiri­
cal Methods in Natural Language Processing, pages
21745–21758.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann
Dubois, Xuechen Li, Carlos Guestrin, Percy Liang,
and Tatsunori B Hashimoto. 2023. Alpaca: A strong,
replicable instruction­followingmodel. Stanford Cen­
ter for Research on Foundation Models. https://crfm.
stanford. edu/2023/03/13/alpaca. html, 3(6):7.

Taghreed Tarmom, William Teahan, Eric Atwell, and
Mohammad Alsalka. 2014. Compression vs tradi­
tional machine learning classifiers to detect code­
switching in varieties and dialects: Arabic as a case
study. Journal of Natural Language Processing.

Nikolai Vladimirovich Yushmanov. 1961. The structure
of the arabic language.

Rabih Zbib, Erika Malchiodi, Jacob Devlin, David Stal­
lard, Spyros Matsoukas, Richard Schwartz, John
Makhoul, Omar F. Zaidan, and Chris Callison­Burch.

2012. Machine translation of Arabic dialects. In Pro­
ceedings of the 2012 Conference of the North Amer­
ican Chapter of the Association for Computational
Linguistics: Human Language Technologies, pages
49–59, Montréal, Canada. Association for Computa­
tional Linguistics.

Zhihan Zhang, Wenhao Yu, Mengxia Yu, Zhichun Guo,
and Meng Jiang. 2023. A survey of multi­task learn­
ing in natural language processing: Regarding task
relatedness and training methods. In Proceedings
of the 17th Conference of the European Chapter of
the Association for Computational Linguistics, pages
943–956, Dubrovnik, Croatia. Association for Com­
putational Linguistics.

A LLM Settings and Results

A.1 Instruct Fine­Tuning

We fine­tuned two instruction­tuned models:

SmolLM3­3B and Llama­3.1­8B­Instruct. Both

models shared the same training configuration.

Evaluation and checkpointing were performed ev­

ery 1,000 steps, and the best­performing model

was retained according to ChrF++ and perplexity.

ChrF++ evaluation relied on deterministic text gen­

eration (temperature 0.0, top­p 1.0) with up to 512
generated tokens, and translation quality was as­

sessed using ChrF++ with a character n­gram size

of 64. The best checkpoint was selected by maxi­

mizing the macro­averaged ChrF++ score over the

full development set.

All models were trained for four epochs with a

per­device batch size of 16, gradient accumulation

over eight steps (effective batch size 128), and a

per­device evaluation batch size of eight. Optimiza­

tion relied on AdamW with a cosine learning­rate

scheduler, a warm­up ratio of 3%, weight decay

of 0.01, and gradient clipping with a maximum

norm of 1.0. Learning rate values were swept over

{2 × 10−5, 3 × 10−5, 5 × 10−5, 6 × 10−5}. For
reproducibility, we fixed the random seed to 42.

Due to GPU resource constraints, we adopted

two different instruct fine­tuning strategies:

SmolLM3­3B We fine­tuned the Hugging­

FaceTB/SmolLM3­3B model using a custom

template to ensure alignment with the training data.

Training was conducted in bfloat16 precision with

TF32 enabled and gradient checkpointing. No

parameter­efficient fine­tuning or quantization was

applied for this model.

Llama­8B­Instruct We fine­tuned meta­

llama/Meta­Llama­3.1­8B­Instruct using

parameter­efficient adaptation with LoRA (Hu
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et al., 2021). LoRAwas applied with rank r = 16,
scaling factor α = 32, and dropout 0.05, targeting
the attention projection layers (q, k, v, o) and the
feed­forward layers. No quantization was applied.
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A.2 Machine Translation Template

Instruction + Source (English) Reference Translation (Egyptian Ara­

bic)

Translate from English into Egyptian Arabic.
Output only the translation.

I wonder if a table is available near the window
for seven tonight.

ةيضافنوكتكابشلابنجةزيبارتهيفناكوللأسبانأ
.ليلبةعبسةعاسلاىلع

Translate from English into Egyptian Arabic.
Output only the translation.
I feel chilly and my stomach hurts badly. .دماجيناعجاويتدعمونادربينإسساح

Translate from English into Egyptian Arabic.
Output only the translation.

Can I invite you out for dinner some time? ؟امتقويفاشعلاىلعكمزعأنكمم

Translate from English into Egyptian Arabic.
Output only the translation.

The very thing I was looking for. .اهيلعروّدبتنكيللاةجاحلا

Translate from English into Egyptian Arabic.
Output only the translation.
Flight number two zero eight, to Tokyo. .ويكوطل،ةينامتونيتيممقرةلحر

Translate from English into Egyptian Arabic.
Output only the translation.

I’d like a typewriter ribbon. .ةبتاكةلآطيرشزياع

Translate from English into Egyptian Arabic.
Output only the translation.

What’s the minimum age to do this? ؟هدلمعينكممنسلقأهيإ

Translate from English into Egyptian Arabic.
Output only the translation.

Could you call me if you find my bag? ؟يتطنشتيقلولينمّلكتنكمم

Table 4: Examples of instruction­conditioned machine translation from English to Egyptian Arabic (MADAR­26).
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A.3 Instruction Next­Token Generation

Instruction language Instruction + Prefix Reference continuation (assistant)

English Complete the sentence starting with
these 3 words in Egyptian Arabic:

كمادقهد:ةيرصملاةجهللابةلماكةلمجلايد

تامالعتسابتكممادقكبوداي،كانه

.ةحايسلا
،كانهكمادقهد

Dialectal (Egyptian Arabic) ةجهللابلودتاملكتالتلابأدباوةلمجلالّمك
:ةيرصملا

كمادقهد:ةيرصملاةجهللابةلماكةلمجلايد

تامالعتسابتكممادقكبوداي،كانه

.ةحايسلا
،كانهكمادقهد

English Complete the sentence starting with
these 3 words in Egyptian Arabic:

تعمساميرمع:ةيرصملاةجهللابةلماكةلمجلايد

.انههدناونعلانع
تعمساميرمع

Dialectal (Egyptian Arabic) ةجهللابلودتاملكتالتلابأدباوةلمجلالّمك
:ةيرصملا

تعمساميرمع:ةيرصملاةجهللابةلماكةلمجلايد

.انههدناونعلانع
تعمساميرمع

Table 5: Examples of instruction­conditioned dialectal generation from MADAR training data. The task consists of

completing a sentence in a target dialect from a fixed three word prefix. Instructions are provided either in English

or directly in the target dialect, while the generation objective remains identical.
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A.4 Hyperparameter Search Results

In this section, we show the performance of each model under different decoding hyperparameter settings.

Hyperparameters SmolLM3­3B Llama­3.1­8B­Instruct Command RArabic GPT­OSS­120B

top­p T Diglossia Fidelity Diglossia Fidelity Diglossia Fidelity Diglossia Fidelity

0.1 0.1 21.96 0.003 32.96 0.044 45.34 0.018 47.14 0.200
0.1 0.3 22.00 0.003 32.96 0.044 45.35 0.019 47.39 0.206
0.1 0.6 22.23 0.003 32.97 0.045 45.97 0.019 47.30 0.205
0.1 0.9 22.00 0.003 32.95 0.043 46.42 0.020 47.17 0.227
0.1 1 21.85 0.003 32.83 0.044 46.19 0.021 47.60 0.214
0.3 0.1 21.96 0.003 32.97 0.044 46.42 0.020 47.50 0.207
0.3 0.3 21.93 0.003 32.97 0.044 46.46 0.020 47.55 0.204
0.3 0.6 21.83 0.003 32.86 0.043 46.47 0.021 47.49 0.224
0.3 0.9 21.40 0.003 32.49 0.044 46.52 0.020 47.37 0.216
0.3 1 20.96 0.003 32.20 0.047 46.60 0.053 47.32 0.237
0.6 0.1 21.81 0.003 32.97 0.043 46.23 0.023 47.48 0.188
0.6 0.3 21.80 0.003 32.91 0.045 46.19 0.022 47.53 0.210
0.6 0.6 21.18 0.003 32.31 0.045 46.18 0.022 47.72 0.216
0.6 0.9 18.96 0.002 30.82 0.046 46.12 0.023 47.13 0.208
0.6 1 16.86 0.002 29.69 0.043 46.05 0.021 46.78 0.203
0.9 0.1 21.85 0.002 32.97 0.045 45.19 0.021 47.45 0.209
0.9 0.3 21.68 0.002 32.67 0.044 45.08 0.020 47.48 0.223
0.9 0.6 18.91 0.003 30.81 0.049 45.13 0.021 47.39 0.215
0.9 0.9 13.76 0.002 27.34 0.055 45.23 0.021 47.19 0.197
0.9 1 11.40 0.002 25.21 0.058 45.33 0.020 46.83 0.211
1 0.1 21.78 0.003 32.99 0.045 44.83 0.020 47.50 0.217
1 0.3 21.27 0.002 32.54 0.045 44.75 0.020 47.82 0.213
1 0.6 17.44 0.002 30.06 0.047 44.88 0.021 47.31 0.202
1 0.9 12.09 0.002 25.70 0.048 44.72 0.020 46.97 0.219
1 1 9.78 0.002 23.66 0.065 44.78 0.020 45.68 0.218

Table 6: Decoding performance for different top­p and temperature (T) settings, evaluated with Diglossia (ChrF++)

and Fidelity (Macro ADI2).

The table 6 reports the impact of varying decoding hyperparameters p and temperature) on both

diglossia (ChrF++) and dialectal fidelity (Macro ADI2) across several models. Overall, performance

remains relatively stable for moderate decoding settings, where diglossia scores vary only slightly within

each model. However, increasing temperature leads to more diverse but less controlled generation, which

often results in degraded diglossia scores, particularly for smaller models such as SmolLM3­3B, whose

ChrF++ drops sharply at higher temperature values (T = 1, top − p = 1, diglossia = 9.78 diglossia

score). OpenGPT­OSS­120B (the largest model) remain more robust, maintaining high diglossia and

fidelity scores across most configurations.
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Abstract

Large Language Models (LLMs) are becom-
ing increasingly multilingual, supporting hun-
dreds of languages, especially high resource
ones. Unfortunately, Dialect variations are still
underrepresented due to limited data and lin-
guistic variation. In this work, we adapt a
pre-trained LLM to improve dialectal perfor-
mance. Specifically, we use Low Rank Adap-
tation (LoRA) fine-tuning on monolingual and
English–Dialect parallel data, adapter merging
and dialect-aware MBR decoding to improve
dialectal fidelity generation and translation. Ex-
periments on Syrian, Moroccan, and Saudi Ara-
bic show that merging and MBR improve di-
alectal fidelity while preserving semantic accu-
racy. This combination provides a compact and
effective framework for robust dialectal Arabic
generation.

1 Introduction

Arabic dialects exhibit substantial variation in vo-
cabulary, morphology, and syntax, making auto-
mated generation and translation challenging. Un-
like Modern Standard Arabic (MSA), Dialectal
Arabic (DA) is underrepresented in NLP resources,
leading to difficulties in building models that pro-
duce fluent, semantically faithful, and dialectally
authentic outputs (Alabdullah et al., 2025). The
AMIYA Shared Task (Robinson et al., 2026) targets
these challenges by evaluating LLMs on monolin-
gual dialect generation and cross-lingual transla-
tion, emphasizing both dialect fidelity and instruc-
tion following.

To address these issues, we adapt a Large Lan-
guage Model (LLM) using parameter-efficient fine-
tuning on monolingual and English–Dialect paral-
lel data. We train separate Low-Rank Adaptation
(LoRA) adapters (Houlsby et al., 2019; Bapna and
Firat, 2019; Hu et al., 2021) for each task (i.e. self
supervised training on monolingual data and trans-
lation on parallel data), capturing dialectal surface

forms and semantic grounding, and combine them
using TIES-Merging (Yadav et al., 2023). Addi-
tionally, we apply Minimum Bayes Risk (MBR)
(Bickel and Doksum, 2007; Kumar and Byrne,
2004; Deguchi et al., 2024) decoding with dialect-
aware scoring to select outputs that maximize di-
alect authenticity during generation.

Our experiments show that merging monolin-
gual and translation-based adapters improves the
balance between dialectal fidelity and semantic ac-
curacy. MBR decoding further enhances dialectal
authenticity, leading to consistent gains over single-
source fine-tuning and standard decoding. While
our approach is effective, the following limitations
persist: the training data is relatively small, di-
alect identification metrics may not capture subtle
or informal usage, and MBR decoding increases
inference time.

2 AMIYA Shared Task

2.1 Task Description

The AMIYA Shared Task focuses on improving
LLMs for Dialectal Arabic (DA), which remains
significantly underrepresented compared to Mod-
ern Standard Arabic (MSA) (Bergman and Diab,
2022). Participants are asked to develop or adapt
LLMs that can generate fluent, semantically faith-
ful, and dialectally authentic Arabic across multiple
regional varieties.

Systems are evaluated using the AL-QASIDA
benchmark (Robinson et al., 2025), which mea-
sures dialectal fidelity, generation quality, and ro-
bustness to MSA–DA diglossia. Evaluation in-
cludes both monolingual dialect generation and
cross-lingual settings, such as English–Dialect and
MSA–Dialect translation. Performance is assessed
using automatic metrics—primarily Arabic Dialect
Identification And DIalectnes (ADI2) (Robinson
et al., 2025) for dialect fidelity and character-level
F-score (chrF++) (Popović, 2015; Popović, 2015)
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for translation quality—as well as human judg-
ments of fluency and instruction adherence.

2.2 Datasets

We participated in the closed data track of the
shared task focusing on 3 out of 5 Arabic dialects
provided by the task, namely: Syrian, Moroccan
and Saudi Arabic. For each dialect, we combine
two types of training data: Monolingual dialectal
text which consists of unstructured sentences in the
target dialect, and Machine Translation (MT) data
with English and DA parallel text.

Dialect (Type) Dataset # Samples
Syrian (Mono.) Shami Corpus 25,136
Syrian (MT) UFAL 120,600
Moroccan (Mono.) DoDa 10,000
Moroccan (MT) DoDa 10,000
Saudi (Mono.) SDC 14,891
Saudi (MT) SauDial 1,000

Table 1: Datasets used per dialect and supervision type.
Shami Corpus (Abu Kwaik et al., 2018), UFAL (Kru-
biński et al., 2023), DoDa (Darija Open Dataset Con-
tributors, 2023), SDC (TaghreedT/SDC Contributors,
2020), SauDial (Alanazi et al., 2025).

Table 1 summarizes the datasets and sample
sizes used for fine-tuning across each dialect and
supervision type. While more extensive data is
available for most categories, we sub-sample the
datasets to maintain computational efficiency and
accelerate the experimental process.

2.3 Evaluation Metrics

Evaluation is performed using different metrics
depending on the task setting:

Monolingual Dialect Evaluation. For monolin-
gual generation, ADI2 metric is used. ADI2 score
was proposed in Robinson et al. (2025) to measure
whether LLMs generate outputs that are dialec-
tal, and whether they are faithful to the specific
requested dialect. The level of dialectness is mea-
sured using Arabic Level of Dialectness of text
(ALDI) (Keleg et al., 2023), and the dialect class C
is predicted using a dialect identification baseline
model from Nuanced Arabic Dialect Identification
(NADI) 2024 shared task (Abdul-Mageed et al.,
2024). More formally, ADI2 score (Robinson et al.,
2025) is defined as:

scoreADI2(y) = scoreALDi(y) ∗ scoreNADI(y)C (1)

Cross-Lingual Evaluation. For translation-
based and cross-lingual generation tasks, chrF++
is used for evaluation. chrF++ is well suited
for morphologically rich languages such as
Arabic, where it captures fine-grained character
overlap and is robust to spelling variation, making
it appropriate for dialectal evaluation where
orthographic inconsistency is common.

3 System Description

3.1 LoRA Fine-tuning
To incorporate dialectal knowledge into the base
model, we use parameter-efficient fine-tuning with
LoRA. Fine-tuning is performed separately for
each dialect and task (i.e. self-supervised and trans-
lation), allowing the model to learn different types
of information without intervention between them.
Table 2 reports our training hyperparamters. These
hyperparameters were chosen to ensure stable train-
ing under memory constraints while maintaining
sufficient capacity for effective dialect adaptation.

Hyperparameter Value
Max. sequence length 512
Epochs 5
Learning rate 3e-5
Batch size (per device) 2
Effective batch size 32
Precision BF16

Table 2: Key training hyperparameters.

3.1.1 Monolingual Dialect Fine-tuning
For monolingual adaptation, we fine-tune the
model on raw dialectal text without any task-
specific prompts. The data consists of standalone
sentences written in each dialect, encouraging the
model to naturally learn dialect-specific vocabulary,
morphology, and sentence structure.

All sentences are tokenized using the JAIS (Mo-
hamed bin Zayed University of Artificial Intelli-
gence (MBZUAI), 2025) tokenizer with a fixed
maximum sequence length. We train the model
using a standard causal language modeling objec-
tive. To make fine-tuning efficient, we apply LoRA
adapters (Bapna and Firat, 2019; Houlsby et al.,
2019; Hu et al., 2021) to the attention layers of the
model and update only these additional parameters
during training. Furthermore, we rely on memory-
optimization techniques such as gradient accumu-
lation and gradient checkpointing, enabling larger
effective batch sizes. The model is trained for mul-
tiple epochs using a standard optimization setup.
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This approach allows the model to adapt strongly
to dialectal surface forms while preserving the gen-
eral knowledge of the base model.

3.1.2 Translation-Based Fine-tuning
In addition to monolingual data, we fine-tune the
model on an English–Dialect parallel dataset. This
data exposes the model to aligned semantic con-
tent across languages, helping it associate dialectal
expressions with their meanings and improving
controllability during generation.

We frame translation as an instruction-following
task in both directions: English→Dialect and
Dialect→English. Each training example includes
a natural language instruction specifying the trans-
lation direction, followed by the target output. Dur-
ing training, the loss is computed only on the out-
put tokens, while the instruction tokens are masked.
This encourages the model to follow instructions
without learning to reproduce them.

Tokenization is performed with a fixed maxi-
mum sequence length. The same LoRA setup is
used as in monolingual fine-tuning to ensure com-
patibility across training stages. Training is carried
out with a more conservative optimization setup
than monolingual fine-tuning, focusing on stable
learning and semantic alignment rather than aggres-
sive adaptation.

3.1.3 Adapter Merging
The monolingual and translation-based fine-tuning
strategies provide complementary supervision.
Monolingual fine-tuning emphasizes dialectal flu-
ency and authenticity, while translation fine-tuning
reinforces semantic faithfulness and cross-lingual
grounding. By training separate LoRA adapters
for each dataset, we preserve these distinct signals
and later combine them using TIES-Merging. This
separation enables fine-grained control over how
different sources of supervision contribute to the
final dialect-aware model and minimizes interven-
tion between them.

3.2 MBR Decoding with Dialect-Aware
Scoring

While fine-tuning and merging improve the model’s
internal dialect representations, decoding decisions
still play a crucial role in output quality. We there-
fore apply MBR decoding using the mbrs1 library
to explicitly optimize for dialectness at inference
time.

1https://github.com/naist-nlp/mbrs

For each input prompt, the model generates a set
of N = 20 candidate responses via stochastic sam-
pling, then each candidate is scored independently
using the ADI2 metric. Finally, the candidate with
the highest score is selected as the final output.

3.3 Adapter Merging and MBR

TIES-based adapter merging integrates comple-
mentary dataset supervision at the parameter level,
producing a compact yet expressive dialect-aware
model. MBR decoding complements this by en-
forcing dialectal fidelity at generation time, explic-
itly selecting outputs that maximize dialectness.
Together, fine-tuning, TIES-Merging, and MBR de-
coding form a unified framework that yields more
consistent and authentic dialectal generation than
any single technique in isolation.

4 Results

The experiments were conducted exclusively on
Syrian and Moroccan DA and subsequently ap-
plied to the remaining dialects for the final sub-
mission, which was trained separately per dialect.
This section presents a detailed evaluation of our
dialect-aware generation framework. We report
results across model variants, data configurations,
and decoding strategies, with the goal of under-
standing (1) the impact of model choice, (2) the
role of different supervision signals, and (3) the
effectiveness of adapter merging and MBR decod-
ing. The evaluation datasets used are the default
datasets provided by AL-QASIDA 2.

4.1 JAIS-2 vs. LLaMA 3.2

We begin by comparing two LLMs, JAIS-23

(Mohamed bin Zayed University of Artificial In-
telligence (MBZUAI), 2025) and LLaMA 3.24

(Grattafiori et al., 2024), to determine the most suit-
able backbone for Arabic dialect generation. For a
fair comparison, both models are fine-tuned using
the same data configuration: a merged setup that
combines monolingual dialect data with English–
Dialect parallel (MT) supervision. In addition, de-
coding is performed using MBR decoding with
ADI2 score.

Models are evaluated using ADI2 for mono-
lingual dialect generation and chrF++ for trans-

2https://github.com/JHU-CLSP/al-qasida
3https://huggingface.co/inceptionai/

Jais-2-8B-Chat
4https://huggingface.co/meta-llama/Llama-3.

2-3B-Instruct
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lation. Table 3 presents the results. On mono-
lingual dialect generation, LLaMA 3.2 achieves a
substantially higher ADI2 score (i.e. 0.78), indicat-
ing strong dialectal surface realization and fluency.
However, its performance drops sharply in trans-
lation, with a significantly low chrF++ score (i.e.
0.14), suggesting weak semantic alignment when
translating from English into dialectal Arabic. In
contrast, JAIS-2 exhibits a more balanced perfor-
mance. While its ADI2 score (0.33) is considerably
lower than that of LLaMA 3.2 for monolingual
generation, JAIS-2 achieves a much higher chrF++
score (0.43) on MT-based generation. This indi-
cates stronger semantic fidelity and better handling
of translation supervision.

Model ADI2 chrF++
LLaMA 3.2 0.78 0.14
JAIS-2 0.33 0.43

Table 3: Comparison between JAIS-2 and LLaMA 3.2
after fine-tuning, TIES-Merging and generation with
MBR decoding on Syrian DA

.

On overall, although LLaMA 3.2 excels in di-
alectal surface form generation, its poor cross-
lingual performance limits its usefulness for
translation-driven dialect generation. Given our
goal of building a dialect-aware system that re-
mains reliable across both monolingual and cross-
lingual scenarios, we select JAIS-2 as the backbone
for all subsequent experiments.

4.2 Effect of Fine-tuning Data and Adapter
Merging

In this section, we analyze the impact of different
fine-tuning strategies on JAIS-2. We report the re-
sults of JAIS-2 base model, JAIS-2 fine-tuned on
either monolingual or translation data, and JAIS-
2 with TIES-Merging. The results in Table 4
show that monolingual fine-tuning substantially
improves ADI2 scores, indicating stronger dialec-
tal identity and linguistic conformity. Furthermore,
fine-tuning on parallel translations significantly im-
proves chrF++ scores, reflecting improved seman-
tic faithfulness and cross-lingual grounding. More
importantly, merging monolingual and MT models
using TIES-Merging consistently improves the bal-
ance between dialectal authenticity and semantic
accuracy, leading to the best chrF++ and the second
best ADI2 score performance.

Configuration ADI2 chrF++
JAIS-2 (Base) 0.18 0.31
+ Monolingual FT 0.44 0.33
+ MT FT 0.26 0.42
+ TIES-Merging 0.38 0.44

Table 4: Effect of monolingual and MT task fine-tuning
and TIES-Merging on Moroccan DA. Merging both
tasks (i.e. TIES-Merging) leads to the best performance
on chrF++ and the second best on ADI2 score.

4.3 MBR Decoding with Dialect-Aware
Objectives

While adapter merging improves the model’s in-
ternal representations, standard decoding does not
always select the most dialectally appropriate out-
put. To address this, we apply MBR decoding with
different objectives. MBR requires a target met-
ric to score the candidate generations. We experi-
ment with using ADI2 to improve dialectal fidelity,
chrF++ to improve cross-lingual grounding, and
their combination. As shown in 5, MBR decoding
with ADI2 achieves the best overall balance, im-
proving monolingual ADI2 to approximately 0.51
while also increasing MT ADI2 to 0.36. This repre-
sents a substantial improvement over standard de-
coding and demonstrates that dialect-aware rerank-
ing can recover dialectal authenticity without sac-
rificing semantic grounding. In contrast, chrF++-
optimized MBR and the combined objective fa-
vor translation quality: they achieve higher chrF++
scores (0.42 and 0.41, respectively) but lead to a
significant drop in monolingual ADI2 (0.24 and
0.29). These results indicate that chrF++-centric
objectives bias the model toward more neutral or
standardized Arabic forms, reducing dialectal dis-
tinctiveness. Based on these findings, and given
our emphasis on dialect fidelity while maintain-
ing acceptable translation performance, we select
ADI2-based MBR decoding for the final submis-
sion.

Decoding Strategy Mono ADI2 MT ADI2 chrF++
Standard decoding 0.38 0.27 0.44
MBR (ADI2) 0.51 0.36 0.40
MBR (chrF++ ) 0.24 0.30 0.42
MBR (ADI2 + chrF++) 0.29 0.37 0.41

Table 5: Effect of MBR decoding objectives on JAIS-2
after fine-tuning and TIES-MErging on Moroccan DA.
Using ADI2 as an objective strikes the best balance in
ADI2 and chrF++ performance.
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4.4 Final Submission

Across all experiments, the best-performing con-
figuration is: JAIS-2 independent fine-tuning on
monolingual and translation data, merging with
TIES technique, and decoding using MBR with
ADI2 as an objective metric. This configuration
achieves the strongest balance between dialectal
authenticity and cross-lingual grounding, outper-
forming all alternatives in terms of combined mono-
lingual and MT performance. Consequently, our
primary submission applies this methodology in-
dividually to the Moroccan, Syrian, and Saudi di-
alects. While joint training across all dialects may
offer further gains, we defer this exploration to
future work.

5 AMIYA Shared Task Official Results

Table 6 summarizes the official automatic evalua-
tion results of our primary submission. The results
demonstrate strong generalization across dialects
and task settings, confirming that the combination
of parameter-efficient fine-tuning, TIES-Merging,
and dialect-aware MBR decoding provides a robust
and effective solution for DA generation.

Dialect ADI2 DA→EN EN→DA DA→MSA MSA→DA
Moroccan 0.679 49.93 30.02 39.53 33.77
Syrian 0.389 51.89 34.44 43.42 40.33
Saudi 0.464 0.03 19.82 37.21 24.23

Table 6: Automatic evaluation results using ADI2 and
chrF++.

Besides automatic evaluation, our model gener-
ations were human evaluated for fluency and ad-
herence to DA instructions. Table 7 shows that our
highest human evaluation performance is on the
Moroccan dialect.

Dialect Adequacy Fluency
Moroccan 1.97 3.37
Syrian 1.146 2.625
Saudi 1.122 2.378

Table 7: Human evaluation scores.

Across submissions from other teams, our sys-
tem achieved the highest ADI2 for Syrian and
Saudi, and the highest chrF++ scores on translation
from English and MSA into Syrian (ENG→DA
and MSA→DA). On Moroccan Arabic, our model
performs best on the human evaluation of fluency.

6 Conclusion

We presented a method for improving Dialectal
Arabic generation by combining fine-tuning on di-
alectal and translation data, LoRA adapter merg-
ing, and MBR decoding. This approach helps the
model produce outputs that are both fluent in the
target dialect and faithful to the input meaning.
Our experiments across three dialects show that
this combination works better than using any sin-
gle technique on its own, providing a practical way
to make LLMs more dialect-aware.

Limitations

This work has the following limitations: Our de-
coding strategy depends on automatic dialect iden-
tification (ADI2) scores, which may not always
capture subtle or informal dialectal usage. The
training data is limited in size and may not cover all
linguistic variation within each dialect, especially
code-switching and colloquial expressions. Finally,
both ADI2 computation and minimum Bayes risk
(MBR) decoding increase inference time. ADI2
requires an additional forward pass, and the cost of
MBR grows with the number of candidate hypothe-
ses generated per input, resulting in a several-fold
slowdown compared to standard decoding. As a
result, the approach may be less practical for real-
time or low-latency applications.
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Abstract

Dialectal Arabic continues to represent a persis-
tent challenge for contemporary large language
models, which are predominantly trained and
optimized for Modern Standard Arabic (MSA)
and therefore exhibit limited capability when
processing colloquial varieties. In this study, a
dedicated system developed for participation in
the AMIYA shared task focusing on Syrian Ara-
bic is presented. The proposed solution is based
on the integration of parameter-efficient fine-
tuning through Low-Rank Adaptation (LoRA)
with prompt-guided inference, aiming to en-
hance dialectal adequacy and linguistic natu-
ralness. Rather than emphasizing strict factual
precision, the system is deliberately designed
to prioritize fluent and authentic Syrian Ara-
bic generation, in accordance with the evalu-
ation principles adopted by the AL-QASIDA
benchmark. This design choice reflects a focus
on human-perceived language quality and di-
alectal fidelity, which are central to effective
dialect-aware language modeling.

1 Introduction

Dialectal Arabic constitutes the dominant form of
daily communication throughout the Arab world;
however, it remains largely underexplored within
natural language processing research, which has
traditionally focused on MSA. As a result, most
pretrained large language models exhibit strong per-
formance in formal registers while demonstrating
limited capability in generating fluent and natural
dialectal language, a shortcoming that is particu-
larly pronounced for Syrian Arabic due to its highly
conversational nature and substantial divergence
from standardized written forms. This work is con-
ducted within the context of the AMIYA shared
task on Syrian Arabic dialect modeling (Robinson
et al., 2026).

To address these challenges, the proposed sys-
tem is guided by a set of explicit design choices

tailored to dialect modeling under shared-task con-
straints. Specifically, we adopt: (i) parameter-
efficient fine-tuning via Low-Rank Adaptation
(LoRA) to enable dialect specialization without
modifying the full model parameters; (ii) prompt-
level constraints that explicitly encourage Syrian
Arabic realization while discouraging Modern Stan-
dard Arabic structures; and (iii) a qualitative evalu-
ation strategy aligned with the AL-QASIDA bench-
mark (Robinson et al., 2025), prioritizing dialectal
fluency and naturalness over strict literal fidelity.
Together, these choices frame the task as one of
dialect modeling rather than factual question an-
swering, and directly inform the methodological
decisions described in the following sections.

From a linguistic perspective, the challenge of
dialectal Arabic modeling is further amplified by
the phenomenon of diglossia, where speakers nat-
urally alternate between MSA and colloquial vari-
eties depending on context. This linguistic dynamic
often leads pretrained models to default to MSA
even when prompted for dialectal output, resulting
in responses that sound unnatural to native speak-
ers. Addressing this mismatch requires not only
suitable training data but also modeling strategies
that explicitly encourage colloquial realization and
discourage formal constructions. These consider-
ations motivate the design choices adopted in the
present system.

2 Task Framing

The AMIYA shared task is approached in this work
as a dialect modeling problem rather than a con-
ventional question answering or fact retrieval task.
The primary objective is to generate responses that
resemble naturally spoken Syrian Arabic as used in
everyday interaction, where fluency and dialectal
authenticity are prioritized over strict literal faith-
fulness to the input prompt.

Importantly, deprioritizing strict semantic cor-
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rectness does not imply unconstrained or nonsensi-
cal generation. The system remains grounded in the
semantic intent of the input prompt, which serves
as an anchor for generation. Rather than enforcing
exact word-by-word or structure-preserving fidelity,
the model is allowed to paraphrase, generalize, or
abstract the input content when doing so results in
more natural colloquial expression. In practice, this
means that semantic adequacy is preserved, while
rigid literal alignment is relaxed.

Nonsensical or hallucinated outputs are miti-
gated through a combination of instruction-style
fine-tuning and constrained inference. During train-
ing, the model is exposed to realistic conversational
data grounded in coherent dialogue contexts, which
implicitly reinforces semantic plausibility. At in-
ference time, prompts explicitly specify both the
target dialect (Syrian Arabic) and the expected re-
sponse format, anchoring generation to the input
intent while allowing stylistic flexibility. This com-
bination prevents unconstrained generation while
still enabling dialectally natural reformulation.

This task formulation aligns with the evalua-
tion principles of the AL-QASIDA benchmark,
which penalizes outputs that drift toward Modern
Standard Arabic or overly formal registers, even
when they are semantically precise. Consequently,
the methodological focus shifts toward control-
ling stylistic realization rather than enforcing ex-
act semantic reproduction. This trade-off reflects
real-world conversational usage, where commu-
nicative plausibility and dialectal naturalness often
outweigh strict literal accuracy.

3 Data

3.1 Data Source

The training data used in this work consists of pro-
fessionally produced dubbed television dialogues
provided by the professional dubbing company
NIS. The dataset is external to the official AMIYA
shared task release and is therefore used under the
Open Track regulations. No data provided by the
task organizers or other publicly released shared-
task datasets (e.g., UFAL or related corpora) were
used in this work.

The original scripts are primarily in English
and were translated into Modern Standard Arabic
(MSA) and subsequently localized into Syrian Ara-
bic by professional translators as part of the dub-
bing production workflow. Crucially, the Syrian
Arabic content reflects natural spoken usage rather

than literal translation, as it is adapted for oral de-
livery in audiovisual media. This makes the data
particularly suitable for dialect modeling tasks that
emphasize conversational naturalness over formal
written structure.

This localization process yields conversational,
informal utterances that closely resemble every-
day spoken Syrian Arabic. As the data is gener-
ated by professional dubbing practitioners, it ex-
hibits consistent stylistic patterns and strong di-
alectal authenticity, distinguishing it from automat-
ically generated or crowdsourced resources. In
addition, the dialogue-oriented nature of the data
supports parameter-efficient adaptation methods
such as Low-Rank Adaptation (LoRA) (Hu et al.,
2022), which benefit from stylistically coherent
training signals.

3.2 Dataset Size and Structure

The dataset comprises approximately 30,000 dia-
logue utterances. Each instance corresponds to a
single conversational turn and is represented in a
structured tabular format with the following fields:

• character: the speaker identifier associated
with the dialogue turn,

• gender: the speaker’s gender (male or fe-
male),

• english: the original English script,

• arabic_msa: the corresponding Modern Stan-
dard Arabic version,

• arabic_syrian: the target Syrian Arabic utter-
ance.

The average utterance length is approximately
9.6 words in Syrian Arabic, 8.8 words in MSA,
and 9.9 words in English, reflecting the dialogue-
oriented and concise nature of the data. No addi-
tional datasets or auxiliary corpora were incorpo-
rated during training.

3.3 Suitability for Dialect Modeling

The dataset is inherently dialogue-driven and pre-
dominantly informal, reflecting everyday conver-
sational scenarios rather than scripted narration or
formal text. This characteristic aligns closely with
the objectives of the AMIYA shared task, which pri-
oritizes dialectal fidelity, fluency, and naturalness
over strict semantic equivalence.
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Moreover, the presence of parallel English and
MSA representations implicitly exposes the model
to distinctions between formal and colloquial reg-
isters. This property is particularly valuable in the
context of Arabic diglossia, where pretrained lan-
guage models often default to MSA even when
prompted for dialectal output. By grounding adap-
tation in professionally localized dialectal utter-
ances, the model is encouraged to internalize collo-
quial realization patterns that are difficult to capture
using automatically generated resources.

3.4 Legal and Ethical Considerations

The data was used with explicit permission for re-
search purposes under an agreement with the data
provider and fully complies with the regulations
of the AMIYA Open Track. No restricted, confi-
dential, or off-limits resources were incorporated
in the development of the proposed system, and no
personal or sensitive user information is contained
within the dataset.

4 System Overview

The proposed system follows a modular adaptation-
based architecture designed specifically for dialect
modeling under shared-task constraints. It is built
upon a pretrained large language model, which is
extended through the integration of a lightweight
Low-Rank Adaptation (LoRA) module and a con-
trolled prompt-guided inference strategy. In this
configuration, all original parameters of the base
model remain frozen, while a small set of addi-
tional trainable parameters is optimized to steer the
model toward Syrian Arabic generation.

Dialectal specialization is achieved through two
complementary mechanisms. First, LoRA-based
parameter-efficient fine-tuning allows the model to
internalize stylistic and lexical patterns character-
istic of Syrian Arabic without altering its general
linguistic competence. Second, prompt-guided in-
ference is employed at generation time to explicitly
control output structure and register, encouraging
concise, single-sentence responses in colloquial
Syrian Arabic. Together, these mechanisms en-
able effective dialect adaptation while maintaining
model stability and reproducibility.

The architecture is intentionally designed to be
modular. By decoupling the pretrained backbone
from the dialect-specific adaptation layer, the sys-
tem can be easily extended to other Arabic dialects
by replacing or retraining only the LoRA compo-

nents, without requiring full model retraining. This
modularity also facilitates experimentation with
alternative prompting strategies or constraint for-
mulations, making the approach well suited for
iterative refinement in shared-task settings.

An additional motivation for adopting LoRA in
this context is its alignment with the computational
and practical constraints of shared tasks such as
AMIYA. Parameter-efficient adaptation enables tar-
geted dialect specialization with limited resources,
avoiding the need for large-scale retraining while
preserving the robustness and generalization capa-
bilities of the underlying pretrained model. As a
result, the system emphasizes controllable stylistic
adaptation rather than architectural complexity.

This system is submitted as the primary submis-
sion for the Syrian Arabic track of the AMIYA
shared task.

5 Model and Training

The proposed system is built upon the Meta-
Llama-3.1-8B base language model (i.e., not the
instruction-tuned variant) (Touvron et al., 2023), ac-
cessed via the HuggingFace platform.1 Parameter-
efficient fine-tuning is performed using Low-Rank
Adaptation (LoRA) (Hu et al., 2022), while keep-
ing all original model parameters frozen.

LoRA adapters are injected into the attention
layers of the transformer architecture, specifically
targeting the q_proj, k_proj, v_proj, and
o_proj modules. The adaptation is configured
with a rank of 16, a scaling factor of 32, and a
dropout rate of 0.05. This configuration enables
effective dialect specialization while maintaining
training stability and computational efficiency.

Fine-tuning is conducted in a causal language
modeling setting using instruction-style input–
output pairs derived from the dialogue data. The
model is trained for 1.5 epochs using the AdamW
optimizer with a learning rate of 2× 10−4. A per-
device batch size of 4 is used in conjunction with
gradient accumulation over 8 steps, resulting in an
effective batch size of 32. To reduce memory con-
sumption, the model is loaded in 8-bit precision and
trained using mixed-precision (FP16). All training
procedures strictly comply with the AMIYA Open
Track regulations.

1https://huggingface.co/meta-llama/
Meta-Llama-3.1-8B
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Submission Adequacy Fluency
SDNLP (Primary) 1.124 2.928

Table 1: Official AMIYA 2026 human evaluation results
for the SDNLP primary submission on the Syrian Arabic
track.

6 Prompting and Inference

During inference, a prompt-guided generation strat-
egy is employed to steer the model toward produc-
ing dialectally appropriate outputs. The evaluation
prompts are those officially released as part of the
AMIYA shared task and distributed by the task or-
ganizers under the AL-QASIDA evaluation frame-
work. These prompts typically include explicit
instructions such as “Translation:” or “Answer in
Syrian Arabic,” and are used in accordance with
their original attribution and evaluation guidelines.

To enforce dialectal and structural consistency,
the original prompts are augmented at the prompt
level with explicit constraints that require the gen-
eration of a single sentence in Syrian Arabic while
discouraging explanations, meta-commentary, or
multi-sentence outputs. These constraints are im-
plemented through prompt formulation rather than
decoding-time penalties, ensuring that generation
remains anchored to the semantic intent of the in-
put while allowing stylistic flexibility in colloquial
realization.

In addition to prompt-level control, a lightweight
post-processing step is applied to remove spuri-
ous surface-level artifacts. This step consists of
simple rule-based filtering to eliminate duplicated
tokens, unintended Latin characters, and residual
Modern Standard Arabic morphological endings
that occasionally appear in generated outputs. No
content-level rewriting or semantic modification is
performed during post-processing; the procedure
is limited to surface-form cleanup to preserve the
model’s original generation behavior.

The restriction to single-sentence outputs is moti-
vated by empirical observation rather than a formal
ablation study. In preliminary experimentation, un-
constrained prompts frequently resulted in longer,
explanatory responses that diluted dialectal consis-
tency. By contrast, explicitly constrained prompts
yielded outputs that were shorter, more predictable,
and more consistently aligned with colloquial Syr-
ian Arabic. This qualitative observation is reflected
in the example outputs presented in Section 3.

7 Evaluation

System predictions are generated for all test
prompts officially released as part of the AMIYA
shared task and provided by the task organizers
under the AL-QASIDA evaluation framework. The
prompts are processed in their original order with-
out re-ranking or filtering, and system outputs are
exported in a comma-separated values (CSV) for-
mat that preserves both the original sequence and
the exact number of entries, in accordance with the
shared task submission guidelines.

All evaluation is conducted centrally by the
AMIYA organizers. The evaluation framework
combines automatic metrics designed to assess di-
alectal characteristics with human judgments that
focus on perceived fluency and adequacy. No ad-
ditional test-time adaptation, prompt modification,
or post-hoc tuning is applied beyond the inference
constraints described in Section 6.

Table 1 presents the human evaluation scores pro-
vided by the task organizers. Adequacy measures
how well the generated responses align with the
intended meaning of the prompt, while Fluency re-
flects the perceived naturalness and conversational
quality of the output in Syrian Arabic. These hu-
man judgments play a central role in the AMIYA
shared task, where dialectal naturalness and spoken
plausibility are prioritized.

Table 2 reports the official automatic evalua-
tion scores. The ADI2 metric reflects overall di-
alectal performance, while the direction-specific
chrF-based scores measure cross-lingual and cross-
variety consistency between Dialectal Arabic (DA),
English (ENG), and Modern Standard Arabic
(MSA). These metrics are intended to capture stylis-
tic and distributional alignment rather than strict
semantic equivalence.

Taken together, the automatic and human eval-
uation results indicate that the proposed system
achieves competitive performance within the Syr-
ian Arabic track. While automatic metrics pro-
vide supporting evidence of dialectal alignment,
the evaluation framework places particular empha-
sis on human judgments, which better reflect col-
loquial fluency and dialectal authenticity. The re-
ported scores are consistent with the system’s de-
sign goal of prioritizing natural spoken Syrian Ara-
bic over strict semantic optimization.
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Submission ADI2 DA→ENG ENG→DA DA→MSA MSA→DA
SDNLP (Primary) 0.280 36.211 14.813 6.743 15.609

Table 2: Official AMIYA 2026 automatic evaluation results for the SDNLP primary submission on the Syrian
Arabic track. Directional scores are reported using chrF/chrF++ metrics as defined in the AL-QASIDA evaluation
framework.

Source (English) Base Model Output LoRA-Adapted Output

Where are you going
now?

ú
kðQ�K ¼YK. 	áK
ð ú
¾Êg. P úÎ« ú
×ñ
�̄ CK


	àñë 	áÓ ú
kðQ�K B
? �ém�'
 @P 	áK
ð 	àñë ú
ÎÒª

�K Ñ« ñ �� ú

�æ 	K @

I don’t want to talk
anymore.

ú
¾J

�
Ê 	g ½J
ë 	áÓ Q��» @ ú
¾k@ ø
 YK. AÓ A 	K @

ù

�®J
 	̄

ú
¾k ø
 YK. XA« AÓ 	àñë 	áÓ hðP ø
 YK.
½ªÓ

What should we do
now?

?½J
ë ���
ª	K h 	­J
» ?ÉÒª	K A 	KYK. ñ �� ?


Cë ÉÒª	K A 	KYK. ñ ��

It’s too late now. �éªK. @P �éËA 	g 	­J
ËB ú
æ
�� øñ���K. AÓ �I	K@ ½J
ë �I�̄ð ©J
 	�	� ú
«@X ú


	̄ XA« AÓ

Table 3: Qualitative comparison of output fluency between the base Llama-3.1-8B model and the LoRA-adapted
version.

8 Observations and Example Outputs

To assess the impact of dialect-specific adaptation,
we conduct a qualitative comparison between the
outputs of the LoRA-adapted model and those pro-
duced by the original Meta-Llama-3.1-8B base
model under identical prompting conditions. This
comparison is designed to isolate the effect of
parameter-efficient fine-tuning on stylistic and di-
alectal generation behavior, independent of task
formulation or prompt variation.

The evaluation prompts follow a controlled
instruction-based format. Each input explicitly re-
quests generation in Syrian Arabic using formula-
tions such as:

Respond in Syrian Arabic:
<sentence>
Rewrite in Syrian Arabic:
<sentence>

For clarity and readability, Table 3 reports only
the core semantic intent of each prompt, while the
full instruction templates are described here and
were applied consistently during evaluation.

Table 3 presents four representative examples
selected from a broader set of prompts used for
qualitative analysis. The examples correspond to
common conversational scenarios, including re-
fusal, hesitation, decision-making, and expressions

of temporal finality. They are not intended to be
exhaustive, but rather to illustrate systematic stylis-
tic differences in dialectal realization between the
base and adapted models.

Across these examples, the base model fre-
quently exhibits one or more of the following be-
haviors: (i) introduction of additional narrative or
explanatory content not implied by the prompt,
(ii) partial drift toward less context-appropriate or
more verbose responses, and (iii) overextended
utterances that exceed what is typical in sponta-
neous spoken Syrian Arabic. For instance, in the
prompt “Where are you going now?”, the base
model produces a longer utterance that introduces
additional imperatives and discourse elements be-
yond the pragmatic intent of the input.

In contrast, the LoRA-adapted model consis-
tently produces shorter, more direct utterances
that better reflect colloquial Syrian Arabic norms.
For example, in “What should we do now?”, the
adapted model favors a concise spoken formula-
tion that aligns closely with everyday conversa-
tional usage, while the base model expands the
response with speculative or emotionally loaded
content. Across the remaining examples, similar
tendencies toward brevity, pragmatic compression,
and reduced overgeneration can be observed.

These qualitative differences illustrate a con-
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trolled form of generalization rather than semantic
degradation. While certain outputs sacrifice literal
completeness, they remain contextually appropri-
ate and fluent within a spoken dialogue setting.
Importantly, these patterns are consistent with the
system’s observed behavior under the AL-QASIDA
evaluation framework, which emphasizes dialectal
fidelity, fluency, and naturalness over strict factual
accuracy. The examples therefore serve to con-
cretely illustrate how the proposed system satis-
fies the primary evaluation criteria of the AMIYA
shared task.

9 Conclusion

This work introduces a Low-Rank Adaptation
(LoRA)–based system for modeling the Syrian Ara-
bic dialect, developed and submitted within the
context of the AMIYA shared task. By concep-
tualizing the problem as a dialect modeling task
and integrating parameter-efficient fine-tuning with
prompt-guided inference, the proposed approach
attains a high level of dialectal fluency in accor-
dance with the AL-QASIDA evaluation framework.
The presented results underscore the suitability and
effectiveness of lightweight adaptation strategies
for advancing dialectal Arabic language modeling
while maintaining computational efficiency.

Limitations

The proposed system is not designed with the pri-
mary objective of maximizing factual accuracy or
delivering detailed technical explanations. Conse-
quently, when confronted with prompts involving
precise dates, named entities, or complex informa-
tional content, the generated responses may exhibit
a degree of abstraction or generalization. This be-
havior is an intentional outcome of the adopted
design strategy, which prioritizes dialectal authen-
ticity and conversational naturalness over exhaus-
tive semantic completeness.

Concrete examples of this abstraction can be
observed in Table 3, where the LoRA-adapted
model produces shorter, pragmatically appropri-
ate responses that condense or paraphrase the input
prompt rather than reproducing its full literal con-
tent. While this may result in reduced semantic
specificity, the outputs remain fluent, contextually
appropriate, and aligned with the evaluation objec-
tives of the AMIYA shared task.
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Abstract
In this paper, we describe models developed
by our team, NUS-IDS, for the Closed Data
track at the Arabic Modeling In Your Accent
(AMIYA) shared task at VarDial 2026. The
core idea behind our solution involves data aug-
mentation enabled by a dialect classifier trained
on AMIYA data. We effectively combine var-
ious translation, summarization, and question
answering prompts with the training data to
form dialectal prompts for use with state-of-
the-art Large Language Models (LLMs). Next,
dialect predictions on outputs from these LLMs
are used to compile preference data for Rein-
forcement Learning (RL). We report model per-
formance on dialectal Arabic from Egypt, Mo-
rocco, Palestine, Saudi Arabia, and Syria using
FLORES+, a benchmark dataset for multilin-
gual machine translation. Our experiments il-
lustrate that though our RL models show signif-
icant performance gains on dialectness scores,
they underperform on translation metrics com-
pared to base LLMs.

1 Introduction

Recent AI innovation in form of Large language
models (LLMs) has shown revolutionary poten-
tial for solving various data processing and lan-
guage understanding tasks. Indeed, state-of-the-art
(SOTA) proprietary LLMs from OpenAI, Google,
etc. demonstrate competitive performance on var-
ious linguistic tasks including translation, sum-
marization, question answering, and sentiment
analysis even in zero-shot settings using simple
prompts (Vatsal and Dubey, 2024). However, on-
going multilingual research studies note that SOTA
LLMs are not uniformly proficient in all languages
and their error rates are often significantly higher
when handling instructions in non-Latin scripts
such as Arabic, Russian, and Hindi (Hasan et al.,
2024; He et al., 2024). Similarly, there is room
for improvement in current LLM capabilities for
handling “dialects” or variants of a language that

are characteristic of a particular group of the lan-
guage’s speakers as shown in lower NLP task per-
formances when dialects are involved (Joshi et al.,
2025).

The lower performance of SOTA LLMs for non-
English languages, and dialect variants has often
been attributed to the absence of large-scale re-
sources for these language variants available for
LLM pretraining (Inoue et al., 2021). Indeed, for
languages such as Arabic, though numerous region-
specific dialects are used in spoken and informal
communications (such as tweets and blogs), most
available corpora are based on formal settings (such
as news and education) for which Modern Standard
Arabic (MSA) is employed. Possibly as a result
of this disparity between the scale of MSA and
Dialectal Arabic (DA) corpora available for LLM
pretraining, a recent study noted that SOTA LLMs
do not naturally respond in dialectal Arabic and
instead employ MSA even when the prompts used
are in DA (Robinson et al., 2025). Motivated by
these observations on LLMs for Dialectal Arabic
and to encourage research on handling the same,
the Workshop on NLP for Similar Languages, Va-
rieties and Dialects (VarDial) 2026 included the
Arabic Modeling In Your Accent (AMIYA) Shared
Task (Robinson et al., 2026).

Task Description and Datasets: We (the
NUS-IDS team) participated in the AMIYA Shared
Task, which requires participants to contribute
LLMs trained or adapted for Dialectal Arabic.
Specifically, in the Closed Data track, task partici-
pants are required to only use the provided training
data to fine-tune open-source LLMs such as those
from the Llama1 and Qwen families.2

The training data released for this competi-
tion includes sentences in Dialectal Arabic from
five countries: Egypt, Morocco, Palestine, Saudi

1https://huggingface.co/meta-llama
2https://huggingface.co/Qwen
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Arabic and Syria (Egy/Mar/Pse/Sau/Syr) and in-
cludes sentences from parallel corpora (same
sentences written in multiple dialects) such as
MADAR (Bouamor et al., 2018). In addition,
the development split from the FLORES+ bench-
mark (Perez-Ortiz et al., 2024) was made available
for model tuning with final evaluation centered
around a different set of dialectal prompts from the
benchmark.

The metrics proposed by task organizers
for evaluation include the ADI2 dialect fi-
delity score (Robinson et al., 2025), ChrF++
scores (Popović, 2017) used in machine transla-
tion (MT) as well as human evaluation of flu-
ency and adherence to DA instructions. Note
that the translation score ChrF++ involves the
computation of character n-gram overlap with
ground-truth (available for MT data) whereas ADI2
combines dialectness (MSA is considered non-
dialectal) with whether the output was in the spe-
cific regional dialect (requested in the prompt) to
assign a “reference-free” dialect fidelity score. For
the experiments in this paper, we directly employ
the implementations provided by the task organiz-
ers in AL-QASIDA3 for computing the above met-
rics. We refer the reader to the Task Overview
Paper for details on the datasets and metrics used
for this task (Robinson et al., 2026).

2 Data Augmentation

Building on the observations from earlier stud-
ies (Robinson et al., 2025) and our own investiga-
tions with smaller open-source LLMs, we note the
tendency of LLMs to respond in Modern Standard
Arabic (MSA) instead of Dialectal Arabic (DA).
We posit that this limitation may be addressed by
incentivizing the LLM to respond in DA when the
instruction/prompt calls for it. For example, when
the prompt is in DA (without an explicit dialect
mentioned) or prompts requesting the LLM out-
put to be in a specific dialect. That is, a pairwise
preference dataset that can be used to train a given
LLM with Reinforcement Learning (RL) to prefer
a DA response over an MSA one is required for
suitably aligning the LLM. Indeed, this notion of
fine-tuning LLMs using preference data compiled
from human feedback through reinforcement learn-
ing (RLHF) is a widely-used technique for aligning
LLM behavior with user intent in various scenar-
ios (Ouyang et al., 2022; Lee et al., 2024). How

3https://github.com/JHU-CLSP/al-qasida

can we build preference pairs data for RL using
the given AMIYA datasets? We employ the data
augmentation pipeline illustrated in Figure 1 for
this precise purpose.

Figure 1: Data Augmentation Pipeline

First, the training data from AMIYA was used
to learn dialect classification and translation mod-
els by instruction tuning open-source LLMs from
Meta4 and Qwen.5 We employed these open-
source LLMs and proprietary models (GPT-4o6 and
Gemini-2.5-Flash7) for creating preference pairs as
follows:

1. The summarization, paraphrasing, and story
writing prompts from the AL-QASIDA
dataset were combined with the sentences
from the AMIYA training data sampled after
applying thresholds on dialectness scores (Ke-
leg et al., 2023) and number of words.8

2. The (prompt, input) pairs compiled in the
above step were used with our selection of
LLMs to obtain multiple output responses for
the same pair.

3. The dialect classifier is used to label the di-
alects of LLM responses from the second step.
If the label does not match the desired dialect,
we employ the translation model to convert the
response to the desired dialect and re-check

4https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

5https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

6https://platform.openai.com/docs/models/
gpt-4o

7https://docs.cloud.google.com/vertex-ai/
generative-ai/docs/models/gemini/2-5-flash

8For example, short sentences (with fewer words) can be
used to complete a story whereas long texts comprise inputs
to summarization prompts.
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using our classifier. In this fashion, we ob-
tain “positive” and “negative” responses for
the same LLM input.

4. Finally, positive and negative responses
obtained above are used to form pref-
erence pairs for RL. That is, if di is
the desired dialect, and R refers to an
LLM response, (prompt, input,Rdi) ≻
(prompt, input,Rdj ) where j ̸= i.

3 Experiments and Results

Datasets and Setup: Our dialect classifier was
trained on ∼ 300K sentences obtained by randomly
sampling around ∼ 50K sentences for each dialect
from the training data in AMIYA. For training our
dialect translation model, we used ∼ 697K sen-
tences compiled from the parallel data provided in
the training data and employing the NLLB transla-
tion model (Costa-jussa et al., 2024) when parallel
translations were unavailable.9 In particular, we
used NLLB for translating from MSA to English
or vice-versa when only the MSA-DA pair or the
English-DA pair was included for a given sentence
in the training data from AMIYA.

For compiling preference pairs, we used about
24 prompts available for each dialect in AL-
QASIDA10 and randomly sampled about 1000 sen-
tences with dialectness scores (Keleg et al., 2023)
above 0.36 in the training data, for each dialect.
Additionally, we employed translation prompts for
MSA to DA using random samples of sentences
provided in the training data. Overall our data
augmentation pipeline resulted in a set of approxi-
mately 9.6K preference pairs for use with RL. The
datasets compiled by us for the AMIYA compe-
tition along with descriptions of the process are
shared to enable further research on the topic.11

We used the LoRA (low-rank adaptation) train-
ing scripts provided in LlamaFactory (Hu et al.,
2022; Yao et al., 2024) for all our supervised fine-
tuning and RL experiments. The number of epochs
were set to three and default values provided in
the training scripts in LlamaFactory were used for
other parameters. For the rest of this paper, we
refer to the base models, Llama-3.1-8B-Instruct4

9https://huggingface.co/facebook/nllb-200-3.
3B

10https://github.com/JHU-CLSP/al-qasida/blob/
main/data_processing/prompt_templates/json/dial8.
json

11https://github.com/mouad157/Amiya26

and Qwen-2.5-7B-Instruct,5 as llama and qwen,
respectively. The base models fine-tuned with trans-
lation data are referenced as llama-T and qwen-T,
respectively. We tested RL using the base mod-
els as well as our fine-tuned translation models as
starting points. Models after Reinforcement Learn-
ing using the direct preference optimization algo-
rithm (Rafailov et al., 2023) are indicated using the
+RL suffix. All our experiments were performed
on an NVIDIA A6000 server with 2 GPUs each
having 48GB RAM .

Classification Performance: We show the F1
scores on a sample held-out test dataset from
AMIYA that contains about 200 sentences for each
dialect Egy/Mar/Pse/Sau/Syr as well as MSA in
Figure 3. Our dialect classifier which is a Llama
3.1-8B-Instruct model fine-tuned (FT-Llama) on
the considerably large sentence-level training data
from AMIYA yields high F1 scores with the per-
formance on the Saudi Arabian dialect being the
lowest at 0.83 F1 and the Palestinian dialect be-
ing the highest at 0.94 F1. Our fine-tuned dialect
classifier is able to accurately discriminate among
the five dialects and MSA, and shows remarkable
performance gains compared to the zero-shot set-
ting with the base Llama model (FT-Llama versus
Llama/zero in Figure 3).

We tested the NADI baseline12 employed in pre-
vious works for dialect prediction (Abdul-Mageed
et al., 2024; Robinson et al., 2025). Our FT-Llama
predictor is instruction fine-tuned using a multiple-
choice QA-style instruction “Which of the fol-
lowing dialects (a) Egyptian (b) Palestianian...is
most applicable...”. We specifically trained our
model for the five dialects and MSA targeted in the
AMIYA competition using the dataset shared by
them. In contrast, the NADI baseline comprises
a fine-tuned MARBERT model (Abdul-Mageed
et al., 2021) for discriminating up to 18 dialects of
Arabic (and does not include MSA). As such, on
our evaluation dataset, the F1 scores with NADI
were 0.68, 0.80, 0.59, 0.79, 0.83 for Egyptian, Mo-
roccan, Palestinian, Saudi, Syrian dialects, respec-
tively and are significantly lower than those ob-
tained with our FT-Llama model on these dialects.

Translation Performance: We evaluated our
models on the FLORES+ dataset (Perez-Ortiz
et al., 2024), using the dev portion included in

12https://huggingface.co/AMR-KELEG/
NADI2024-baseline
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Figure 2: ADI2 Macro Scores for Eng-DA and MSA-DA in FLORES/dev
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Figure 3: Dialect Classification Performance

AL-QASIDA and provided in the competition. The
ADI2 macro scores for the different dialects are
highlighted in Figure 2. As observed in previous
studies, the dialectness scores with the base models
(llama and qwen) are very low highlighting the ten-
dency of these LLMs to “avoid” dialectal Arabic in
their responses. Fine-tuning the base models with
translation data yields considerable improvements
for most dialects in qwen-T but not in llama-T.
To test if this difference is a result of error-prone
augmented data from NLLB model9 used for train-
ing the translation variants of the base models, we
tested the models using only the “clean” translation
data for which ground truth was available without
employing NLLB for augmentation.

The dialectness macro scores for the different
MT directions (FLORES data) are shown for the
Qwen and Llama base models as well those trained
with augmented (‘-Aug’) and non-augmented trans-
lation data (‘-Clean’) in Figure 7. As can be seen
in this figure, for Qwen models, fine-tuning with

translation data improves performance on most di-
alects, with NLLB augmented data producing sig-
nificant increases in dialectness scores. However,
fine-tuning with translation data did not improve
performance when the base model is from Llama.
We hope to investigate these contradictory results
in Llama versus Qwen in our on-going research
beyond this paper. For the present, we speculate if
this lack of improvement in Llama is possibly due
to having seen the data during model pretraining
and potential overlap with NLLB datasets (since
NLLB is also a model released by Facebook/Meta).

In Figure 2, we note from the Eng-DA and
MSA-DA plots that ADI2 macro scores signif-
icantly improve with RL. However, the overall
dialectness scores are lowest for the Saudi Ara-
bian dialect. The character n-gram overlap scores
(ChrF++) (Popović, 2017) used in MT evaluation
are shown for MT directions Eng-DA, MSA-DA,
DA-Eng, DA-MSA in Figures 4 and 5, respectively.
In these plots we note that the MT performance
notably degrades for all dialects after RL. This re-
duction in scores reveals a core weakness in our
data augmentation pipeline–focusing on using “di-
alect” accuracy to form preference pairs for RL is
inadequate. With dialect correctness alone as an in-
centive, the models seem to veer off their objective
to optimize the quality of the generated response.
We confirmed this possibility by manually analyz-
ing a small sample of model outputs for each MT
direction.

In Figure 6, we show sample generated re-
sponses from our qwen-T+RL and llama+RL
models alongside the ground-truth references.
While the translations are reasonably good in some
cases (Set 2), our models seem to make errors when
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Figure 6: Example generated responses from RL-based models. Except the third (egy-eng) example that was
generated by the llama+RL model, the rest are the outputs from our qwen-T+RL model
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Figure 7: Dialectness Macro scores on FLORES/dev are shown for our translation models.

Model SpBLEU chrF++ AvgALDi
llama 15.48 32.09 0.1659
qwen 10.12 33.35 0.1429
llama-T 16.67 32.88 0.1663
qwen-T 16.71 30.22 0.2441
⋆qwen3-T 12.43 26.52 0.2194
⋆llama+RL 7.74 23.03 0.6949
qwen+RL 7.75 26.54 0.4192
llama-T+RL 8.07 24.93 0.6491
⋆qwen-T+RL 10.30 23.89 0.5780

Table 1: Validation Performance across all models

the translation inputs involve numeric information
such as times and numbers and proper names. For
several cases, (in models with and without RL),
characters are indefinitely repeated resulting in
garbage responses (‘msa-sau’ example in Set 1).
RL models seem to have a propensity to choose
dialectal responses. This aspect was noticed while
testing DA-Eng translation data where several LLM
outputs are in dialects that can be written using the
Latin script (‘egy-eng’ example in Set 1) instead of
in English as required in the prompt.

We note from Figures 4 and 5 that the transla-
tion scores on the Saudi dialect for base models
for MT directions (MSA-DA and DA-MSA) are
unusually higher than for the rest of the dialects.
This peculiarity coupled with the lower classifica-
tion performance in Figure 3 as well as the low
dialectness scores in Figure 2 for this dialect is in-
dicative of the proximity between the Saudi dialect
and MSA compared to the other dialects consid-
ered in this evaluation (Alsudais et al., 2022) and
also seems to be an artifact of the FLORES dataset
which mostly contains MSA for Saudi portion of

the dataset (Perez-Ortiz et al., 2024).
Model selection for the competition: For select-

ing the top-3 models for consideration in the final
evaluation of the shared task, we set aside about 50
examples for each dialect from our data augmen-
tation pipeline for validation, by treating the GPT-
generated response in the desired dialect (as iden-
tified by our classifier) as “gold/correct” response.
All model variations were tested on this subset and
the models indicated with an asterisk (⋆) in Ta-
ble 1 were chosen for final evaluation. llama+RL
outputs correspond to our primary run in AMIYA
whereas ‘qwen-T+RL’ and ‘qwen3-T’ outputs cor-
respond to the contrastive1 and contrastive2 runs,
respectively.13

Our test/competition performance (Robinson
et al., 2026), provided by the task organizers, is
shown in Table 2. In this table, we included the
best scores among our different models for each
metric and the overall best scores from the com-
petition. The primary and contrastive runs are in-
dicated using ‘p’ and ‘c’, respectively. Mirroring
our own evaluation on the FLORES dataset, our
primary model obtains a significantly high score
on the ADI2 metric but the translation scores are
significantly lower than the best scores in the com-
petition.

4 Conclusions

We participated in the Dialectal Arabic model-
ing shared task (AMIYA@VarDial 2026) in the
Closed Data track. To handle current LLM models’
tendency to respond in Modern Standard Arabic

13The ‘qwen3-T’ model is similar to qwen-T but uses
the base model from https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507.
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Team Overall ADI2 DA-ENG ENG-DA DA-MSA MSA-DA
NUS-IDS 0.629 (p) 21.338 (c1) 15.764 (c1) 19.738 (c1) 17.280 (p)
MBZUAI 0.452 (c2) 53.436 (c1) 34.314 (c1) 50.639 (c1) 43.728 (c1)

Table 2: Our best performing scores are compared with the overall best scores (in bold font) from the competition.
Columns 3-6 show ChrF++ scores for the MT directions indicated in the header

rather than dialectal variants despite prompting,
we adopted a Reinforcement Learning based solu-
tion. Our main contribution to enable RL pertains
to the development of a novel data augmentation
pipeline that uses the training data from the com-
petition to learn a dialect classifier and a translator
and combine it with LLM outputs from various
state-of-the-art proprietary and open-source LLMs.
Our experiments showcase significant performance
improvements in dialectness-related metrics with
RL-tuned LLMs but at the cost of a degradation
in MT performance. We hope to investigate this
contradictory behavior in future work.
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Abstract

This paper presents our contribution to the
closed data track of the AMIYA Shared Task
on Dialectal Arabic text generation. In this
track, we train fully open-source Large Lan-
guage Models (LLMs) on five Arabic dialects:
Egyptian, Moroccan, Palestinian, Saudi, and
Syrian, using the provided training datasets.
We experiment with different base and instruct
models using several pretraining and instruc-
tion tuning approaches. In total, five models
were submitted, with three variants per dialect.
Our best-performing models for the five di-
alects are ALLaM for Egyptian, LLaMa for
Moroccan, and Palestinian, and Aya for Saudi
and Syrian.

1 Introduction

Arabic is a morphologically rich language charac-
terized by diglossia (Ferguson, 1959), a linguistic
phenomenon in which Modern Standard Arabic
(MSA), the standard and formal form of the lan-
guage, co-exists with a non-standard variety, Di-
alectal Arabic (DA). Complicating matters, there
are multiple DA varieties, each differing from one
another and from MSA in phonology, morphol-
ogy, syntax, and lexicon (Keleg et al., 2023), and
are commonly classified regionally (e.g., Egyptian,
Levantine, Gulf).

While MSA is used in formal settings such as
news and education, it is not the native language
of any Arabic speaker. In contrast, dialects consti-
tute the true native varieties of Arabic, historically
connected to Classical Arabic and shaped by re-
gional linguistic contact. Although DA is primarily
spoken, it is widely used in informal written com-
munication, particularly on social media and online
platforms.

Despite their widespread use, Arabic dialects
are severely underrepresented in large-scale textual

*Equal contribution.

resources. Compared to abundant and standard-
ized MSA corpora, dialectal data is scarce, noisy,
and highly heterogeneous, with inconsistent orthog-
raphy and frequent code-switching. As a result,
LLMs are predominantly pretrained on massive
quantities of MSA text, with limited exposure to
dialectal Arabic. This imbalance leads to substan-
tial performance gaps, causing LLMs to struggle
with understanding, generating, and reasoning over
dialectal input (Bergman and Diab, 2022).

In this paper, we aim to bridge this gap by de-
scribing our system submission to the AMIYA
Shared Task (Robinson et al., 2026). We explore
adapting 12 open-source LLMs to five Arabic di-
alects: Egyptian (EGY), Moroccan (MAR), Pales-
tinian (PSE), Saudi (SAU), and Syrian (SYR). Our
models are evaluated using AL-QASIDA bench-
mark (Robinson et al., 2025), an evaluation suite
that measures an LLM’s dialectal fidelity, under-
standing, generation quality, and sensitivity to
MSA-DA diglossia. Our adaptation framework
consists of two primary phases: Continual Pretrain-
ing (CPT), applied to base models only, and Instruc-
tion Tuning, applied to both base and instruction-
tuned models. For CPT, we explore two strategies:
1) Curriculum CPT, where we train first on MSA
and English before transitioning to DA-only data;
2) Mixed CPT, where we train on a mix of MSA,
English, and DA data. Our results indicate that
the superiority of either CPT setup relies on the
model’s architecture, while fine-tuned instruct mod-
els achieve superior performance across all dialects
compared to base models adapted using CPT.

2 Background

2.1 Dialectal Arabic NLP

DA NLP research has received growing attention
in the Arabic NLP community, driven largely by
the development of monolingual and multilingual
dialectal resources and benchmarks (McNeil and
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Faiza, 2011; Zaidan and Callison-Burch, 2011;
Zbib et al., 2012; Cotterell and Callison-Burch,
2014; Salama et al., 2014; Jeblee et al., 2014; Al-
Badrashiny and Diab, 2016; Zaghouani and Charfi,
2018; Abdul-Mageed et al., 2018; Bouamor et al.,
2019; Sajjad et al., 2020; Abdul-Mageed et al.,
2020, 2021, 2022; Nagoudi et al., 2022; Abdul-
Mageed et al., 2023, 2024). These efforts have
enabled research across a wide range of dialectal
NLP tasks, including machine translation (MT),
dialect identification, and cross-dialect modeling.

Despite this progress, DA resources remain sub-
stantially more limited compared to MSA. Dialec-
tal data is unevenly distributed across varieties,
with certain dialects receiving considerably more
coverage than others. This imbalance stems in
part from the fact that DA is primarily a spoken
language; when written, it is most commonly pro-
duced in informal contexts such as social media and
online communication. Consequently, dialectal cor-
pora are often noisy and heterogeneous, exhibiting
a lot spelling variation. These challenges are fur-
ther exacerbated by the absence of standardized
orthographies for Arabic dialects. Although prior
work has proposed conventional orthography for
DA (Habash et al., 2012; Jarrar et al., 2016; Khal-
ifa et al., 2018; Habash et al., 2018; Eryani et al.,
2020; Alhafni et al., 2024), adoption remains lim-
ited, and most real-world data continues to reflect
unconstrained user-generated text.

With the emergence of LLMs, recent research
has increasingly focused on evaluating and adapt-
ing Arabic-centric models such as AceGPT (Liang
et al., 2024), ALLaM (Bari et al., 2024), Fanar (Fa-
nar Team et al., 2025), Jais (Sengupta et al., 2023;
Anwar et al., 2025), NileChat (Shang et al., 2025a),
and Atlas-Chat (Shang et al., 2025b) alongside the
development of large-scale benchmarks targeting
Arabic and its dialects (Koto et al., 2024; Faisal
et al., 2024; Hijazi et al., 2024; Ashraf et al., 2025;
Alghamdi et al., 2025; Mousi et al., 2025; Sadallah
et al., 2025; Alwajih et al., 2025; Almatham et al.,
2025; Robinson et al., 2025). Our work builds on
this line of research by systematically studying the
adaptation of open-source LLMs to multiple Ara-
bic dialects under controlled training conditions,
and by evaluating their dialectal fidelity, generation
quality, and sensitivity to MSA–DA diglossia.

2.2 AMIYA Shared Task
The Arabic Modeling in Your Accent (AMIYA)
Shared Task focuses on building and adapting

LLMs for DA. All models are evaluated using the
AL-QASIDA benchmark (Robinson et al., 2025).
AL-QASIDA consists of multiple evaluation tasks,
including monolingual generation (DA→DA) and
cross-lingual generation (EN→DA) for measuring
DA fidelity; DA→EN MT for assessing understand-
ing; EN→DA MT for evaluating generation qual-
ity; and MSA↔DA MT for probing diglossia.

The shared task has three tracks: 1) Closed Data
Track; 2) Closed Models Track; and 3) Open Track.
For all tracks, the shared task accepts submissions
for five Arabic dialects: Egyptian (EGY), Moroc-
can (MAR), Palestinian (PSE), Saudi (SAU), and
Syrian (SYR) We participate in the Closed Data
Track across all five dialects.

3 System Overview

We investigate the adaptation of 12 open-source
LLMs for DA, spanning two categories: base mod-
els and instruction-tuned models (Table 3). Our
adaptation framework consists of two phases: Con-
tinual Pretraining (CPT) and Instruction Tuning
(IT). CPT is applied exclusively to base models,
whereas IT is applied to both CPT-adapted base
models and instruction-tuned models. For CPT, we
examine two training strategies: 1) Curriculum
CPT, in which models are first trained on MSA and
English data before training on DA-only data; and
2) Mixed CPT, which trains models on a shuffled
mixture of MSA, English, and DA data.

4 Data

We use the training datasets provided the closed
data track of the shared task, namely: SauDial
(Alanazi et al., 2025), ASR-EGARBCSC, MASC,
DoDa (Outchakoucht and Es-Samaali, 2021),
Shami Corpus (Abu Kwaik et al., 2018), Atlaset
(Bounhar and Majjodi, 2025), SDC and EDC (Tar-
mom et al., 2019), Saudi Tweets (Alruily, 2020),
SADSSlyC (Alahmari, 2025), EDGAD (ElSayed
and Farouk, 2020), Casablanca (Talafha et al.,
2024), JODA (Abandah et al., 2025) and UFAL
(Sellat et al., 2023), with MADAR (Bouamor et al.,
2018) (excluding the off-limits portion) being used
for IT only. These datasets include one or multiple
Arabic dialects with a subset containing bitexts in
English and/or MSA.

The distribution of data used for CPT across both
Curriculum CPT and Mixed CPT is in Table 1.
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Dialect DA DA–MSA DA–EN

EGY 223.9K – –
MAR 1.3M – 233.2K
PSE 84.2K 58.5K –
SAU 235.1K 2170 404
SYR 124.1K 127.8K 24.6K

Total 2M 188.4K 258.25K

Table 1: CPT data statistics in terms of sentences for
DA monotexts and DA↔MSA/EN bitexts.

4.1 Data Preprocessing
To standardize the input across training data, we ap-
ply a unified preprocessing pipeline using CAMeL
tools (Obeid et al., 2020). The pipeline includes
diacritic removal; normalization of Alif, Ya, and Ta
Marbuta; character de-duplication; and the removal
of special characters, emojis, and URLs found in
social media text.

Moreover, the training data we use exhibits sub-
stantial imbalance across dialects, as shown in Ta-
bles 1 and 2 for CPT and IT data, respectively.
Moroccan dominates the corpus, while Egyptian,
Syrian, and Saudi data are smaller, and Palestinian
is particularly limited with only 12K samples af-
ter preprocessing. To address this, we augment
Palestinian data with linguistically similar Jorda-
nian samples and downsample Moroccan data, re-
taining approximately 40% of the available Moroc-
can samples to reduce majority-dialect bias.

4.2 Instruction Tuning Data
For IT, we train the model on three tasks: MT,
Monolingual Text generation (MonoGen), and
cross-lingual Text generation (XGen).

For MT, we utilize all available bitexts in our
dataset, excluding MADAR’s off-limits portion,
covering bidirectional translation for EN↔DA
and MSA↔DA. We use the following instruction
prompt:

Translate from {source_language} into
{target_language}. Output only the trans-
lation. Do NOT output anything else be-
fore or after it.

To address the scarcity of monolingual and
cross-lingual text generation data, we generate syn-
thetic instruction-response pairs using fully open-
source models: Command-A-111B (Cohere et al.,
2025) for Moroccan, Palestinian, and Saudi, and
Command-R-35B for Egyptian and Syrian. The

Dialect MonoGen XGen MT

EGY 695 613 35.3K
MAR 633 1857 65.4k
PSE 570 525 60.4k
SAU 644 602 11.9k
SYR 752 534 248.2k

Total 3.3K 4.1K 421.2K

Table 2: IT Dataset distribution by dialect and tasks.
Counts represent sentences.

selection of these models was based on a prelim-
inary inspection to observe which model is better
for each dialect. For the MonoGen task (DA→DA),
we randomly sample a subset of DA training data
and use the DA instruction prompts defined by
the AL-QASIDA benchmark to produce synthetic
DA outputs. For the XGen task (EN→DA), we
sample a different subset of DA data and prompt
LLMs to generate corresponding English instruc-
tion prompts paired with the original DA text.
Prompts used to generate the synthetic data are
in Appendix B.

Table 2 reports the statistics of the IT datasets.
While the synthetically generated monolingual and
cross-lingual data is relatively small compared to
the MT data, this design choice avoids introduc-
ing large volumes of synthetic content that may
negatively impact data quality.

5 Experimental Setup

All models used in our experiments are listed in
Table 3. For evaluation, we adopt the metrics de-
fined by AL-QASIDA benchmark. Specficially, we
use the Arabic Dialect Identification and Dialect-
ness (ADI2) score for both monolingual and cross-
lingual generation tasks, and chrF++ (Popović,
2015, 2017) for MT. The hyper-parameters we used
for our CPT and IT setups are detailed in Appendix
A. To streamline the evaluation process, we set
the generation limit for new tokens to 64. In addi-
tion, to ensure comparability between models, we
directly provide inputs to the model without any
prompts or instruction templates.

6 Results

Baselines We evaluate all models in a zero-shot
setting using the instruction prompts described in
Section §4.2. Baseline results for all five dialects
across three tasks are reported in Table 8 in the
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Model Type

Qwen3-8B-Base (Team, 2025) Base
Qwen3-8B (Team, 2025) Instruct
Llama-3.1-8B (Grattafiori et al., 2024) Base
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) Instruct
Aya-Expanse-8B (Dang et al., 2024) Instruct
ALLaM-7B-Instruct (Bari et al., 2025) Instruct
Gemma-2-9B (Team et al., 2024) Base
Bloom-7b1 (Workshop, 2024) Base
Command-R7B-Arabic (Alnumay et al., 2025) Instruct
Fanar-1-9B (Fanar Team et al., 2025) Base
Fanar-1-9B-Instruct (Fanar Team et al., 2025) Instruct
Jais-2-8B-Chat (Anwar et al., 2025) Instruct

Table 3: Models used in our experiments and their types,
Base or Instruct.

Dialect Model MonoGen XGen MT

EGY Fanar-B 0.72 0.03 29
MAR Fanar-B 0.48 0.02 27
PSE Jais-2 0.02 0.05 49
SAU Jais-2 0.04 0.03 61
SYR Fanar-B 0.32 0.02 28

Table 4: Top performing baselines for each dialect in
terms of ADI2 for MonoGen and XGen, and chrF++ for
MT. Best results are in bold.

Appendix. Table 4 summarizes the top-performing
baseline model for each dialect, averaged across
tasks. For Egyptian, Moroccan, and Syrian, the
base version of Fanar (Fanar-B) performs best,
achieving very high monolingual scores despite
lower cross-lingual and MT performance. For
Palestinian and Saudi, Jais-2 ranks highest, show-
ing strong MT results.

Candidate Model Selection We conduct
lightweight adaptation runs to identify promising
candidate models by evaluating our three training
strategies on reduced subsets of the data. For
Curriculum CPT, models are continually pretrained
on all available English and MSA data, followed
by 30% of the DA data. For Mixed CPT, models
are pretrained on a 30% mixture of English, MSA,
and DA data. For IT, models are trained on 30%
of the IT dataset. All results for these settings are
reported in Table 9 in the Appendix. Based on
these experiments, we select a subset of models for
full-scale pretraining and/or continued instruction
tuning, which we detail here.

We select six models for full training: three base
models (LLaMA 3.1, Gemma, and Fanar Base)
and three instruction-tuned models (Aya, ALLaM,

Dialect Model MonoGen XGen MT

EGY ALLaM 0.67 0.27 46
MAR LLaMa 0.72 0.51 38
PSE ALLaM 0.21 0.05 44
SAU Aya 0.2 0.03 61
SYR Aya 0.25 0.1 46

Table 5: Top performing instruction tuned models for
each dialect in terms of ADI2 for MonoGen and XGen,
and chrF++ for MT. Best results are in bold.

and Command R). During training, we save check-
points at multiple stages (30%, 50%, 70%, and
100% of total steps), enabling performance analy-
sis throughout training and selection of the most
effective checkpoint for submission. Table 10 in
the Appendix reports the evaluation results of all
shortlisted models across checkpoints.

6.1 Final Models

Following the shared task regulations, we submit-
ted three runs per dialect, totaling 15 submissions.
Runs were selected from checkpoints obtained at
different training stages based on validation perfor-
mance. Our submissions include early IT check-
points of ALLaM, Aya, and LLaMA, a fully
trained instruction-tuned Aya model, and a Fanar
Base model trained using Mixed CPT followed
by full IT. Table 11 in the Appendix details the
submitted models per dialect.

Table 5 reports the best-performing model per
dialect used for our submissions. These correspond
to IT checkpoints selected after 30% of the total
training steps, as they consistently achieved the
strongest validation performance. Model selection
was guided by a heuristic that maximizes the aver-
age performance across the three tasks, ADI2 for
MonoGen and XGen, and chrF++ for MT, which
provides a simple summary of cross-task behav-
ior but may mask trade-offs between generation
quality and translation performance.

We observe substantial performance variation
across dialects. Moroccan and Egyptian outper-
form Syrian, Saudi, and Palestinian in MonoGen
and XGen, while MT performance remains consis-
tent. The highest MT score is achieved for Saudi
using the Aya IT model selected at the 30% check-
point. Notably, despite having more IT data, Syrian
underperforms Egyptian, suggesting that continual
pretraining data volume plays a more critical role
than IT data in dialectal differentiation.
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Dialect Sys. Gen DA→EN EN→DA DA→MSA MSA→DA

EGY
C1 0.39 53.4 34.3 50.6 43.7
C2 0.45 43.3 31.2 39.1 36.4
P 0.45 47.7 33.6 43.9 39.5

MAR
C1 0.54 51.0 26.8 44.1 35.3
C2 0.58 44.6 25.8 37.9 33.1
P 0.57 44.9 22.7 39.3 34.9

PSE
C1 0.09 58.0 34.0 42.9 40.1
C2 0.10 50.0 30.5 41.8 42.4
P 0.10 50.4 36.9 41.6 40.5

SAU
C1 0.09 57.9 36.2 66.3 56.9
C2 0.14 52.2 32.6 53.2 42.8
P 0.10 58.4 34.1 65.3 55.3

SYR
C1 0.17 52.7 31.0 44.4 36.8
C2 0.21 48.2 25.7 34.6 37.4
P 0.18 54.1 31.0 40.3 37.6

Table 6: Official shared task results of our Contrastive-1 (C1), Contrastive-2 (C2), and Primary (P) systems across
dialects. Gen denotes overall generation performance (monolingual and cross-lingual) evaluated using ADI2. MT
results are reported using chrF++. Best results per dialect and task are in bold.

Dialect Adequacy Fluency

EGY 2.1 3.6
MAR 2.0 3.2
PSE 1.6 3.5
SAU 2.1 3.4
SYR 1.6 3.4

Table 7: Human evaluation in terms of adequacy and
fluency of our Primary system across dialects.

6.2 Official Results

Table 6 presents the official shared task results us-
ing automatic metrics. No single system dominates
all tasks across dialects: our Contrastive-1 (C1)
and Primary (P) systems are the best on several MT
directions, whereas Contrastive-2 (2) consistently
yields the highest generation scores. Compared to
other participants, our systems perform particularly
strongly on MT across dialects, whereas generation
remains more competitive across teams.

Table 7 presents human evaluation results in
terms of adequacy and fluency of our primary sys-
tems across dialects. Compared to other partici-
pants, our system achieves the best scores across
all dialects on both dimensions, with the exception
of fluency on Moroccan.

7 Error Analysis

Figure 1 in Appendix C shows t-SNE projections
of average sentence-level hidden representations
for the five target dialects and MSA. Each plot is
constructed from 600 parallel samples per dialect
from the MADAR Dev set, using representations
produced by the corresponding model. The visu-
alizations align with the findings in Section 6.1:
Egyptian and Moroccan dialects form more com-
pact and well-separated clusters, consistent with
their stronger MonoGen and XGen performance,
while Syrian, Saudi, and Palestinian dialects ex-
hibit more diffuse and overlapping representations,
indicating greater representational ambiguity.

8 Conclusion

In this paper, we evaluated multiple strategies for
improving DA performance in LLMs as part of our
participation in the AMIYA Shared Task (closed
data track). Across training setups, instruction-
tuned models consistently outperformed base mod-
els on the AL-QASIDA benchmark, often achiev-
ing peak performance using only 30% of the task
data. These results suggest that the volume of data
during continual pretraining may have a stronger
effect on the performance than IT data on DA tasks.
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Limitations

In this work, we explored several model training
approaches on a large list of models, but we ac-
knowledge the limitations that should be consid-
ered when interpreting the results. Although we
rely exclusively on the datasets provided by the or-
ganizers, the amount of data varies across dialects,
with some dialects (e.g., Moroccan) dominating the
corpus, while others are underrepresented. We try
to mitigate this imbalance through down-sampling
and data synthesis, but these methods do not fully
resolve the issue, and models continue to have un-
even performance across dialects.

Additionally, the use of synthetically generated
data for instruction tuning introduces the risk of
noise and hallucinations, and may not accurately
reflect real-world usage of these dialects. We also
note that our findings may not generalize to di-
alects not represented in the training data. More-
over, in some analyses, we rely on average perfor-
mance across tasks to summarize cross-task behav-
ior; while this provides a simple aggregate view, it
may obscure trade-offs between generation quality
and translation performance.

Finally, we limit our experiments to mid-sized
models (7–9B parameters) and, due to time con-
straints, do not conduct a more in-depth analysis of
the differences between the curriculum-based and
mixed pretraining strategies explored in this work.
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A Details Experimental Details

A.1 Continual Pretraining Setup

Across both CPT strategies, we use a batch size of
8 with gradient accumulation over 8 steps. Models
are optimized using AdamW with a cosine learning
rate schedule and a warm-up ratio of 0.03. Training
is conducted in bfloat16 precision with gradient
checkpointing enabled. The maximum sequence
length is set to 256 tokens. We adopt a higher peak
learning rate of 3 × 10−5 for Mixed CPT and for
the initial curriculum CPT stage (training on EN
and MSA), followed by a reduced learning rate of
1× 10−5 during the dialect-only curriculum CPT
stage to mitigate catastrophic forgetting.

To analyze intermediate adaptation behavior, ad-
ditional checkpoints are saved at approximately
30% of training progress for both the Mixed and
the dialect-only curriculum CPT strategies. Final
checkpoints are saved at the end of each training
run and used for subsequent instruction tuning and
evaluation.

A.2 Instruction Tuning Setup

The instruction tuning setup was standardized
across all experiments, using a maximum sequence
length of 256, a learning rate of 3× 10−5, a batch
size of 8 with gradient accumulation over 8 steps,
a weight decay of 0.01, and training for a single
epoch to avoid the risk of overfitting. Models were
optimized using the AdamW optimizer. All instruc-
tion tuning experiments were implemented using
Hugging Face’s Transformers.

B IT Synthetic Data Generation Prompts

MonoGen prompt Given the following question:
text, generate a natural and contextually appropri-
ate response written in DA.

• Only generate the response; do not generate
anything else.

• The response must be a reasonable reply to
the given prompt.

• Do NOT reply in MSA no matter what DA
and only DA.

Where DA represents the dialect of the mono-
lingual sample, and text refers to the monolin-
gual sample embedded in the DA prompt from
the Qasida repository.

XGen prompt Generate an English question
where text is the direct answer.

Requirements:

• The question must be specific enough that text
is the complete, natural response

• You MUST tell the user to answer in DA

• The question itself MUST be in English.

• Output the English question only while natu-
rally requesting to respond in DA.

• Only say “Respond in DA” without saying
please.

Where DA is the dialect of the sample, and text
is the monolingual sample.
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EGY MAR PSE SAU SYR

Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg

ALLaM 0.33 0.03 44 0.27 0.16 0.00 44 0.20 0.06 0.00 43 0.16 0.07 0.00 60 0.22 0.07 0.00 45 0.17
Aya 0.43 0.03 31 0.26 0.39 0.04 27 0.23 0.07 0.02 28 0.12 0.12 0.02 41 0.18 0.24 0.04 29 0.19
Bloom 0.34 0.00 11 0.15 0.22 0.00 11 0.11 0.04 0.00 11 0.05 0.04 0.00 12 0.05 0.08 0.00 11 0.06
CommandR 0.48 0.05 30 0.28 0.42 0.05 29 0.25 0.08 0.02 31 0.14 0.10 0.02 45 0.19 0.28 0.03 31 0.21
Fanar-B 0.72 0.03 29 0.35 0.48 0.02 27 0.26 0.15 0.01 27 0.14 0.20 0.01 37 0.19 0.32 0.02 28 0.21
Fanar-I 0.16 0.05 41 0.21 0.21 0.07 36 0.21 0.03 0.05 39 0.16 0.04 0.04 46 0.18 0.09 0.05 39 0.18
Gemma 0.50 0.00 19 0.23 0.37 0.00 20 0.19 0.08 0.00 20 0.09 0.13 0.00 22 0.12 0.18 0.00 20 0.13
Jais-2 0.19 0.05 51 0.25 0.21 0.06 46 0.24 0.02 0.05 49 0.19 0.04 0.03 61 0.23 0.02 0.04 50 0.19
LLaMa-B 0.27 0.00 11 0.13 0.28 0.00 12 0.13 0.07 0.00 11 0.06 0.08 0.00 15 0.08 0.13 0.00 12 0.08
LLaMa-I 0.41 0.05 28 0.25 0.39 0.04 25 0.23 0.08 0.06 27 0.14 0.05 0.05 38 0.16 0.13 0.05 27 0.15
Qwen3-B 0.51 0.01 27 0.26 0.46 0.01 24 0.24 0.10 0.01 25 0.12 0.09 0.01 36 0.15 0.27 0.01 25 0.18
Qwen3-I 0.11 0.00 17 0.09 0.08 0.00 14 0.07 0.02 0.00 15 0.06 0.03 0.00 22 0.08 0.04 0.00 15 0.06

Table 8: Zero-shot baseline results across for all models across dialects in terms of ADI2 for MonoGen and XGen,
chrF++ for MT. Avg denotes the macro-average performance across the three tasks after normalizing chrF++ to
[0, 1]. B and I denote base and instruct models, respectively. Best scores per dialect are in bold.

EGY MAR PSE SAU SYR

Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg

ALLaM-IT 0.67 0.27 46 0.47 0.73 0.36 41 0.50 0.21 0.05 44 0.23 0.24 0.06 51 0.27 0.15 0.13 41 0.23
Aya-IT 0.62 0.16 51 0.43 0.64 0.39 46 0.50 0.15 0.01 46 0.21 0.19 0.03 61 0.28 0.25 0.10 46 0.27
Bloom-Curr-IT 0.64 0.14 41 0.40 0.65 0.20 34 0.40 0.17 0.02 38 0.19 0.08 0.01 51 0.20 0.20 0.09 33 0.21
CommandR-IT 0.53 0.3 16 0.33 0.69 0.52 13 0.45 0.14 0.05 22 0.14 0.14 0.07 31 0.17 0.22 0.15 11 0.16
Fanar-Curr-IT 0.58 0.15 37 0.37 0.66 0.27 33 0.42 0.15 0.02 39 0.19 0.06 0.02 45 0.18 0.22 0.07 35 0.21
Fanar-Mix-IT 0.67 0.13 32 0.37 0.71 0.34 31 0.45 0.17 0.02 32 0.17 0.17 0.03 42 0.21 0.21 0.09 30 0.20
Fanar-IT 0.57 0.12 18 0.29 0.62 0.32 15 0.36 0.18 0.05 19 0.14 0.05 0.03 24 0.11 0.17 0.08 16 0.14
Gemma-Curr-IT 0.51 0.17 22 0.30 0.68 0.28 18 0.38 0.17 0.04 27 0.16 0.06 0.05 27 0.13 0.18 0.10 28 0.19
Gemma-Mix-IT 0.64 0.41 33 0.46 0.67 0.30 29 0.42 0.15 0.04 35 0.18 0.22 0.05 42 0.23 0.21 0.05 29 0.18
Jais-2-IT 0.44 0.27 44 0.38 0.44 0.36 39 0.40 0.16 0.04 42 0.21 0.13 0.07 50 0.23 0.14 0.11 39 0.21
LLaMa-Curr-IT 0.27 0.12 39 0.26 0.41 0.29 35 0.35 0.10 0.07 40 0.19 0.04 0.05 48 0.19 0.13 0.07 38 0.19
LLaMa-Mix-IT 0.29 0.12 38 0.26 0.41 0.27 34 0.34 0.10 0.02 40 0.17 0.04 0.04 47 0.18 0.12 0.09 35 0.19
LLaMa-IT 0.49 0.25 43 0.39 0.72 0.51 38 0.54 0.14 0.07 40 0.20 0.04 0.03 51 0.19 0.23 0.20 37 0.27
Qwen3-Curr-IT 0.25 0.07 39 0.24 0.68 0.27 33 0.43 0.16 0.02 38 0.19 0.04 0.01 46 0.17 0.23 0.10 35 0.23
Qwen3-IT 0.25 0.05 39 0.23 0.67 0.27 33 0.42 0.13 0.02 38 0.18 0.06 0.01 46 0.18 0.23 0.09 36 0.23

Table 9: Evaluation results of partially trained models using 30% of the data across dialects in terms of ADI2
for MonoGen and XGen and chrF++ for MT. Avg denotes the macro-average performance across the three tasks
after normalizing chrF++ to [0, 1]. Curr and Mix denote Curriculum and Mixed CPT, respectively, and IT denotes
instruction tuning. Best scores per dialect are in bold.

EGY MAR PSE SAU SYR

Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg

ALLaM-30% 0.67 0.27 46 0.47 0.73 0.36 41 0.50 0.21 0.05 44 0.23 0.24 0.06 51 0.27 0.15 0.13 41 0.23
ALLaM-50% 0.26 0.17 27 0.23 0.34 0.23 23 0.27 0.11 0.02 27 0.13 0.10 0.07 31 0.16 0.11 0.09 23 0.14
ALLaM-70% 0.24 0.16 23 0.21 0.33 0.19 21 0.24 0.11 0.03 25 0.13 0.08 0.05 29 0.14 0.09 0.08 22 0.13
ALLaM-100% 0.27 0.18 24 0.23 0.35 0.23 23 0.27 0.12 0.05 26 0.14 0.09 0.06 31 0.15 0.10 0.09 22 0.14
Aya-30% 0.62 0.16 51 0.43 0.64 0.39 46 0.50 0.15 0.01 46 0.21 0.19 0.03 61 0.28 0.25 0.10 46 0.27
Aya-50% 0.31 0.17 48 0.32 0.43 0.28 43 0.38 0.11 0.02 43 0.19 0.11 0.06 57 0.25 0.16 0.09 43 0.23
Aya-70% 0.31 0.17 47 0.32 0.41 0.27 43 0.37 0.10 0.03 43 0.19 0.11 0.06 56 0.24 0.14 0.11 42 0.22
Aya-100% 0.54 0.18 53 0.42 0.65 0.32 47 0.48 0.17 0.01 46 0.21 0.18 0.02 63 0.28 0.20 0.09 48 0.26
CommandR-30% 0.53 0.30 16 0.33 0.69 0.52 13 0.45 0.14 0.05 22 0.14 0.14 0.07 31 0.17 0.22 0.15 11 0.16
CommandR-50% 0.36 0.17 45 0.33 0.42 0.26 40 0.36 0.13 0.02 43 0.19 0.10 0.05 51 0.22 0.17 0.09 39 0.22
CommandR-70% 0.36 0.19 45 0.33 0.42 0.26 40 0.36 0.12 0.01 44 0.19 0.09 0.05 51 0.22 0.16 0.08 39 0.21
CommandR-100% 0.36 0.21 45 0.34 0.43 0.30 40 0.38 0.13 0.02 43 0.19 0.10 0.06 51 0.22 0.17 0.08 40 0.22
Fanar-Mix-30% 0.68 0.18 44 0.43 0.74 0.26 40 0.47 0.16 0.03 42 0.20 0.21 0.05 50 0.25 0.21 0.10 39 0.23
Fanar-Mix-50% 0.68 0.18 41 0.42 0.76 0.23 37 0.45 0.17 0.04 42 0.21 0.18 0.05 43 0.22 0.26 0.12 37 0.25
Fanar-Mix-70% 0.69 0.19 45 0.44 0.74 0.23 39 0.45 0.19 0.03 44 0.22 0.22 0.04 45 0.24 0.20 0.10 40 0.23
Fanar-Mix-100% 0.68 0.19 46 0.44 0.74 0.24 40 0.46 0.20 0.04 44 0.23 0.22 0.04 44 0.23 0.19 0.11 40 0.23
Gemma-Mix-30% 0.33 0.21 34 0.29 0.40 0.28 31 0.33 0.11 0.05 36 0.17 0.12 0.08 41 0.20 0.14 0.10 33 0.19
Gemma-Mix-50% 0.35 0.21 38 0.31 0.44 0.30 34 0.36 0.11 0.05 39 0.18 0.13 0.08 43 0.21 0.16 0.1 33 0.20
Gemma-Mix-70% 0.35 0.21 37 0.31 0.42 0.27 34 0.34 0.12 0.05 39 0.19 0.11 0.08 41 0.20 0.14 0.11 34 0.20
Gemma-Mix-100% 0.36 0.2 38 0.31 0.43 0.30 34 0.36 0.13 0.06 40 0.20 0.11 0.07 43 0.20 0.14 0.10 34 0.19

Table 10: Evaluation results of shortlisted models at instruction-tuning checkpoints (30%, 50%, 70%, and 100%)
across dialects in terms of ADI2 for MonoGen and XGen and chrF++ for MT. Avg denotes the macro-average
performance across the three tasks after normalizing chrF++ to [0, 1]. Best scores per dialect are in bold.

Submission EGY MAR PSE SAU SYR

Primary (P) ALLaM-30% LLaMa-30% ALLaM-30% Aya-30% Aya-30%
Contrastive-1 (C1) Aya-30% Aya-30% Aya-100% Aya-100% Aya-100%
Contrastive-2 (C2) Fanar-Mix-100% ALLaM-30% Fanar-Mix-100% ALLaM-30% LLaMa-30%

Table 11: Submitted models per dialect. Percentages denote the training step at which each checkpoint was selected.
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C Error Analysis

(a) ALLaM-30% (b) Aya-100%

(c) Aya-30%

(d) Fanar-Mix-100% (e) LLaMa-30%

Figure 1: t-SNE projections of the average hidden representations for sentences across the five dialects, categorized
by model.
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Abstract

We describe a closed track system for mod-
eling Palestinian Arabic that is developed for
the AMIYA shared task using a parameter effi-
cient fine-tuning strategy. A 1.5B instruction-
tuned language model was adapted with LoRA
(Hu et al., 2021), updating only .28% of the
model parameters, and trained on an aggre-
gated set of conversations between Palestini-
ans and resources covering both translation
and generation. Model selection was guided
by a comparative benchmark that prioritized
performance efficiency and its tradeoffs. At
the same time the paper focuses on targeting
error analysis as well as structured instruction
following. These findings illustrate both the
viability and shed light on the current limita-
tions of efficient adaptation methods for low-
resource Arabic dialects.

1 Introduction

This paper presents our submission to the AMIYA
Shared Task (Arabic Modeling In Your Accent),
which aims to advance dialectal Arabic language
modeling. The competition includes three tracks
(1) closed data, (2) closed model, and (3) closed.
Each imposed different constraints on the allowed
training data and/or model choice. We participated
in the closed track as it aligns with the task con-
straints while still enabling informed system de-
sign and evaluation. Following the shared task
guidelines, which restrict the use of external re-
sources in the closed track, we carefully selected
and processed only the permitted datasets relevant
to our target variety. We eventually selected the
Palestinian dialect track, motivated by our prior ex-
perience developing a dialect-focused model and
our familiarity with Palestinian Arabic, which sup-
ported dialect-aware data selection and error anal-
ysis. This paper makes five primary contributions,
each addressing a distinct stage of the system de-
velopment process: (1) a multi-source Palestinian

Arabic dataset aggregation framework combining
more than four dialectal corpora; (2) a parameter-
efficient fine-tuning pipeline using LoRA adapters
(rank=16, alpha=32), updating only 0.28% of
model parameters; (3) a structured model com-
parison framework enabling systematic evaluation
of multiple LLM architectures using standardized
diagnostic metrics; (4) an instruction-tuning strat-
egy targeting both generation and translation tasks
through unified prompt formatting; and (5) a flex-
ible data preparation pipeline supporting repro-
ducible experimentation. Together, these contribu-
tions highlight both the scarcity of Palestinian di-
alect resources and the importance of shared-task
initiatives such as AMIYA in advancing inclusive
Arabic language technologies.

2 Database

The dataset is a Palestinian Arabic corpus prepared
for the AMIYA shared task at VarDial 2026 and
is used to train and evaluate LLMs for dialect
translation and generation. Examples are com-
bined from several existing dialect resources into
a single, constantly formatted JSONL dataset with
pairs of instruction-response.

Our data is constructed from four underlying
Palestinian dialect sources while the Combined Di-
alect Dataset is a reference to their union.(Abdul-
Mageed et al., 2024; Talafha et al., 2024).We ex-
tract the Palestinian subset, which adds conversa-
tional, spoken-style utterances to the corpus. The
dataset is constructed from the following dialectal
resources:

1. Maknuune Corpus (Dibas et al., 2022): A
Palestinian Arabic lexicon containing dialect
words and phrases paired with Modern Stan-
dard Arabic (MSA) and English glosses. The
corpus provides lexical entries and exam-
ple sentences, enabling PalestinianMSA and
PalestinianEnglish translation tasks.
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2. Shami Dataset (Kwaik et al., 2018): A Lev-
antine Arabic corpus derived from Twitter
data. We retain only samples explicitly an-
notated as Palestinian dialect to capture user-
generated, informal language typical of so-
cial media.

3. Casablanca Corpus (Abdul-Mageed et al.,
2024; Talafha et al., 2024): A speech tran-
scription dataset annotated for dialect, gen-
der, and code-switching. We extract the
Palestinian subset to incorporate spoken and
conversational utterances.

4. MASC Corpus: A Jordanian Arabic re-
view dataset consisting of 1,414 sentiment-
annotated customer reviews. This corpus
is used exclusively for auxiliary diagnostic
experiments and is not included in AMIYA
training or evaluation.

5. JODA Corpus: A large Jordanian Arabic
corpus comprising social media text, film
transcripts, and aligned MSA translations.
Similar to MASC, this dataset is used only
for diagnostic analysis and is excluded from
AMIYA system training.

6. Combined Dialect Dataset (ours): A uni-
fied JSONL corpus created by aggregating
Palestinian Arabic instances from Maknuune,
Shami, and Casablanca. Each example pre-
serves source metadata and is formatted into
instructionresponse pairs for generation and
translation tasks.

2.1 Data Statistics
The Combined Dialect Dataset (unified corpus)
contains 155,299 entries drawn from the five Ara-
bic dialect datasets, the average text length of
about 50 characters and a median of 35 characters.
At the dialect level Palestinian contributes 48,278
instances, Jordanian contributes 69,262, and Syr-
ian 37,759, giving a reasonably balanced Levan-
tine pool from which the Palestinian subset can
be extracted and used for AMIYA. In terms of
source datasets, JODA corpus is the largest com-
ponent with 59,135 sentences, followed by the
Shami twitter corpus (55,418), the Maknuune lexi-
con (36,302 entries), Casablanca speech transcrip-
tions (3,030 segments), and the smaller MASC re-
view corpus (1,414 documents) (Figure 1).

The Maknuune lexicon contains primarily of
very short lexicon items with a mean length of

Figure 1: Overall comparison

Figure 2: Maknuune analysis

roughly 8 characters (1̃.2 words), and entries of-
fer additional supervision: 18,140 entries include
example sentences, and all entries have their En-
glish glosses paired, and 11,905 (32.8%) provide
MSA translations (Figure 2). The Shami datasets
contain sentence-level conversational text in Pales-
tinian(10,642), Jordanian(7,017), and Syrian di-
alects(37,759), with average lengths between 67
and 86 characters with noticeable long tail of
longer tweets (Figure 3). JODA corpus adds
59,135 Jordanian sentences with a mean length of
49 characters (9̃.5 words); the split assigns about
91.5% of examples for training and 4.2% each to
validation and tests as illustrated by the length his-
togram and split pie chart below (Figure 4).

The remaining resources contribute more
domain-specific or spoken material. The MASC
corpus provides 1,414 Jordanian customer reviews
with an average length of 245 characters (4̃6.2
words) annotated with positive or negative senti-
ment labels (Figure 5). Casablanca adds 3,030
speech transcripts including 1,334 Palestinian and
1,696 segments whose length distributions speak
around 50-70 characters, with Palestinian utter-
ance is slightly longer on average against the Jor-

Figure 3: Shami Analysis
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Figure 4: Joda Analysis

Figure 5: Masc Corpus

danian segment (Figure 6).
Overall, these statistics and their visualizations

represent the pool from which we curate our Pales-
tinian AMIYA dataset spans short lexical entities,
sentence-level social media and translations pairs,
and longer narrative or conversational passages,
providing a diverse foundation for dialect gener-
ation and translation experiments.

Based on these statistics, we determined that
sufficient Palestinian dialect data is available
to support closed-track training without incor-
porating non-Palestinian dialects. Accordingly,
only Palestinian-labeled instances from Maknu-
une, Shami, and Casablanca were used for
AMIYA training and evaluation. Jordanian and
Syrian data were retained solely for auxiliary diag-
nostic analyses and were excluded from all shared-
task experiments.

2.2 Data Processing

For pre-processing the data we apply a uniform
pre-processing pipeline that (1) loads Palestinian
examples from all available sources, (2) filters and
normalizes the raw text (3) converts examples into
task specific input-output pairs, and (4) wrap them

Figure 6: Casablanca

into an instruction format that is compatible with
Llama-3 (Grattafiori et al., 2024). Dialect labels
and encodings are inherited from the combined
corpus pre-processing (section 3.b), where text has
been cleaned, normalized, and dialect tags stan-
dardized to lowercase.

For generation tasks, a function is created to
construct monolingual Palestinian examples by
identifying the appropriate text column in each
source (e.g. <Text>, < Sentences> , <exam-
ple_usage>) and discarding entries with missing
fields or length below a configured minimum
threshold. Valid texts are used as outputs and con-
ditions on the same content (for example, Write
in Palestinian dialect: or Generate Palestinian di-
alect text about: ), which makes the task instruc-
tion following rather than pure language model-
ing.

For translation tasks, a function is created that
exclusively operates on the Maknuune lexicon,
where it builds a Palestinian side by preferring ex-
amples sentences and falling back to the base di-
alect forms, splitting into multi-translations, it fil-
ters out very short or empty segments, and then
creates aligned pairs for 4 directions (MSADA,
DAMSA, ENDA, DAEN).

The resulting examples are converted into in-
struction style records, which puts each input-
output pair into a task-specific template from
<AMIYA_PROMPT_TEMPLATES> and stores
the rendered prompt in an <instruction> field
while preserving the raw input, output, task_type,
and source metadata.

We partition the final instruction-formatted cor-
pus into training, validation, and test sets using the
<split_data> routine function from all examples
to a pandas DataFrame, then applies a two-stage
random split with 80/10/10 proportions; 80% for
training, 10% for validation, and 10% for testing
using <train_test_split> (Pedregosa et al., 2011)
with a fixed random seed, ensuring that results are
reproducible and that no example appears in more
than one split.

The split is performed jointly over all task types
so that each subset contains a representative mix-
ture of generation and translation examples, while
preserving the original task type and source meta-
data for downstream analysis.

Listing 1: Pseudocode: data preparation and model se-
lection
DATASETS = [Maknuune, Shami, Casablanca]
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ALL = []

for ds in DATASETS:
rows = load(ds)
rows = keep_label(rows, "Palestinian")
rows = normalize_text(rows)
rows = drop_missing(rows)

gen = build_generation_pairs(rows)
trn = build_translation_pairs(rows)

ALL = ALL + gen + trn

TRAIN, DEV, TEST = split(ALL, 0.8, 0.1, 0.1,
seed=42)

CANDIDATES = [TinyLlama_1p1B,
Qwen2_1p5B,
Qwen2_7B,
Llama3p1_8B,
Dallah_3B,
Jais_13B]

SCORES = {}
for m in CANDIDATES:
subset = sample(DEV, n=500, seed=42)
y_true = get_labels(subset)
y_pred = infer_labels(m, subset)

acc = accuracy(y_true, y_pred)
f1m = macro_f1(y_true, y_pred)
tps = throughput(m, subset)

SCORES[m] = (acc, f1m, tps)

BEST = argmax(SCORES, key="f1m_then_tps")

3 Systems

Based on these statistics, we determined that
sufficient Palestinian dialect data is available
to support closed-track training without incor-
porating non-Palestinian dialects. Accordingly,
only Palestinian-labeled instances from Maknu-
une, Shami, and Casablanca were used for
AMIYA training and evaluation. Jordanian and
Syrian data were retained solely for auxiliary diag-
nostic analyses and were excluded from all shared-
task experiments.

• TinyLlama-1.1B (Zhang et al., 2024)

• Qwen2-1.5B-Instruct (Yang et al., 2024)

• Qwen2-7B-Instruct (Yang et al., 2024)

• Meta-Llama-3.1-8B-Instruct (Grattafiori
et al., 2024)

• Dallah-3B-v1

• Jais-13B-chat (Sengupta et al., 2023)

Metric Value
TinyLlama-1.1B

Accuracy 44.00%
Macro F1 20.37%
Weighted F1 26.89%
Avg Inference Time (s) 0.9161
Samples/sec 1.09

Qwen2-1.5B-Instruct
Accuracy 44.00%
Macro F1 24.76%
Weighted F1 29.83%
Avg Inference Time (s) 0.0975
Samples/sec 10.25

Table 1: Diagnostic model performance and inference
speed on a 500-sample subset. Detailed diagnostic
scores were retained only for the two top-performing
models, which were selected for further experimenta-
tion.

The first thing was to compare between them on
a small dataset of around 500 rows, mainly due to
limited resources. Next was to filter out all except
the 2 highest: TinyLlama-1.1B and Qwen2-1.5B-
Instruct (Table 1).

For completeness, Table ?? reports the same
diagnostic metrics for the remaining candidate
models evaluated on the same 500-sample subset.
These results are included only to contextualize
model selection and were not part of the AMIYA
official evaluation.

During preliminary screening, all candidate
models were evaluated using the same diagnostic
setup. However, detailed per-model metrics were
retained only for the two top-performing models
that were selected for fine-tuning and downstream
analysis. For the remaining candidates, evalua-
tion was used solely to inform relative ranking and
early filtering decisions, and detailed diagnostic
outputs were not preserved.

Accuracy, predicted labels, and true labels re-
ported in the confusion matrices correspond to an
internal diagnostic dialect classification task used
during model comparison. These metrics are not
part of the AMIYA evaluation framework, and
ADI2 or similar shared-task metrics are not appli-
cable at this stage. The purpose of this analysis
is to inspect error patterns rather than competitive
task scores.

Although Qwen was the winner in most of these
results, deeper analysis was required to ensure that
it will be the best model to work with (Figures 7
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Figure 7: Confusion matrix: Qwen2-1.5B-Instruct

Figure 8: Confusion matrix: TinyLlama-1.1B

and 8). From these truth tables the final deci-
sion to choose Qwen was taken. Next, we exam-
ined the models understanding of the different di-
alects, where a new analysis was run for the mod-
els where Qwen came out with the highest scores
of (Table 2). Dialect classification was used as an
exclusively diagnostic tool during model selection
and error analysis. It wasn’t created as part of the
AMIYA shared task evaluation and is not used at
inference time for the submitted system. The pur-
pose of this analysis was to assess the models’ sen-
sitivity to the varied dialects we are working on
prior to fine-tuning, rather than using it to optimize
performance for a standalone dialect identification
task.

It is also important to note that dialect classifica-
tion was conducted solely as a diagnostic tool for
model selection and error analysis. It is not part of
the AMIYA shared task evaluation nor used at in-
ference time in the submitted system. In this case
the results seemed to be too far apart to be used as
the main decision making tool, which is why there
was a restoration for other methods. So overall the
decision to go with Qwen as the model to work
on is a good decision because it has the better f1
score, has a much faster inference (10 samples per
sec), as well as lower latency (.9161 per sample).

The final system that was built uses
Qwen/Qwen2.5-1.5B-Instruct (Yang et al.,
2024) as the base model, a 1.5 billion - param-
eter decoder-only transformer optimized for
instruction following. The architecture follows

Metric Value
Jordanian

Precision 43.75%
Recall 95.45%
F1 score 60.0%
Support 22

Palestinian
Precision 0.00%
Recall 0.00%
F1 score 0.00%
Support 16

Syrian
Precision 50%
Recall 8.33%
F1 score 14.23%
Support 12

Table 2: Dialect classification metrics.

a standard GPT style decoder following the
multihead self attention techniques, feed-forward
networks, layer normalization, and residual
connections. The model is loaded with mixed
precision for memory efficiency, as shown in the
model initialization code. As a simple baseline,
we evaluated the base Qwen2.5-1.5B-Instruct
model in a zero-shot setting using the same in-
struction templates and prompts as our fine-tuned
system. Relative to this zero-shot baseline, LoRA
fine-tuning improved instruction adherence and
dialectal consistency, with the clearest gains
observed in generation outputs.

Listing 2: Model loading code
model = AutoModelForCausalLM.from_pretrained(

FINETUNING_MODEL_ID,
dtype=torch.bfloat16 if device == "cuda"

else torch.float32,
device_map="auto" if device == "cuda" else

None,
trust_remote_code=True,
low_cpu_mem_usage=True

)

This base model includes around 1.5 billion pa-
rameters, all of which remain frozen during fine-
tuning. Gradient checkpointing is enabled to re-
duce memory consumption during training, allow-
ing the model to really trade computation for mem-
ory by basically recomputing activations during
backpropagation rather than storing them.

The fine-tuning process was done using LoRA
(Hu et al., 2021) to adapt to only attention projec-
tion layers. LoRA injects trainable low-rank met-
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rics into the attention mechanism, enabling effi-
cient adaptation with minimal parameter overhead.
This would target the four projection layers in each
transformer block:

Listing 3: LoRA configuration and model wrapping
lora_config = LoraConfig(

r=LORA_R, # Rank: 16
lora_alpha=LORA_ALPHA, # Alpha: 32
target_modules=LORA_TARGET_MODULES, #

["q_proj", "k_proj", "v_proj", "o_proj"]
lora_dropout=LORA_DROPOUT, # Dropout: 0.1
bias="none",
task_type=TaskType.CAUSAL_LM,

)

model = get_peft_model(model, lora_config)

Here the rank parameter (r = 16) is controlling
the dimensionality of the low-rank decomposition,
while the alpha parameter (alpha = 32) acts as
a scaling factor. The configuration has resulted
in 4.2 million trainable parameters, representing
around only .28% of the base models total parame-
ters. This allowed training in a much smaller time
window and became much less resource depleting.

As for the training process it follows a struc-
tured pipeline beginning with data preparation
, where Palestinian dialect examples are loaded
from the JSON files and then converted to Hug-
gingFace Dataset format (Lhoest et al., 2021).
The training data here is just limited to 15,000
examples for computational efficiency, with task
type distribution monitored to ensure balanced rep-
resentation across the generation and translation
tasks. For the final presentation model further
training will be performed using the entire dataset.
As for training, the Trainer class from hugging-
face transformers (Wolf et al., 2020) orchestrates
the forward pass, loss computation and backprop-
agation as well as a couple of other tasks. The pro-
cess generates comprehensive training statistics,
including trainable parameter counts.

Training was conducted by using Hugging-
Face’s Trainer framework with AdamW optimizer,
a learning rate of 2e-4, batch size of 8 per device,
and gradient accumulation steps of 4 for a total
of 3 epochs. A fixed random seed was used for
data splitting and training. Experiments were run
on different GPUs with mixed precision enabled.
These settings were kept constant across all com-
pared models to ensure fair comparison.

4 Results

For the generation task, qualitative analysis
of model output was conducted revealing both
strengths and limitations. For example, when
prompted to generate a greeting the model out-
puts natural Palestinian dialect phrases that are
able to preserve regional linguistic features. Still,
translation tasks are revealing limitations when
translating from Modern Standard Arabic MSA
to Palestinian Dialect. The model also seems to
sometimes repeat the input MSA text rather than
producing actual dialect output, indicating insuf-
ficient translation training data. Sample outputs
have also demonstrated that the model is handling
longer, contextually rich inputs better than short
phrases or single words; this suggests that contex-
tual information aids dialect identification.

Listing 4: LLM-as-judge prompt template used for
qualitative audit
Given:
(1) Task instruction
(2) Model output
(3) Reference output

Decide one label: {Correct, PartiallyCorrect,
Incorrect}

Criteria:
- For translation: meaning preservation and

dialect appropriateness
- For generation: Palestinian dialect usage and

instruction adherence
Return:
- label
- 1-2 sentence justification

4.1 LLM-based qualitative audit (error
analysis)

Based on the 200-sample qualitative audit, we cat-
egorized model errors into a small number of re-
curring patterns. Table ?? summarizes the most
frequent error types observed in the sampled out-
puts, along with their relative frequency and rep-
resentative examples. These categories were de-
rived inductively by inspecting incorrect and par-
tially correct outputs and are intended to highlight
systematic weaknesses rather than provide an ex-
haustive error taxonomy.

The most frequent errors are closely tied to data
sparsity and prompt ambiguity, suggesting that
richer contextual prompts and additional dialectal
supervision may improve performance in future it-
erations.

In addition to the observed weaknesses, the
model also demonstrates consistent strengths in
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Error type Freq.
Dialect drift to MSA 31%
Instruction violation 24%
Input copying 18%
Semantic shift 15%
Hallucination 12%

Table 3: Distribution of error types in the 200-sample
qualitative audit.

Error type Typical manifestation
Dialect drift Output rendered in MSA
Instruction violation Wrong task format
Input copying Source text unchanged
Semantic shift Meaning partially altered
Hallucination Added content

Table 4: Qualitative descriptions of error types ob-
served during audit.

Phenomenon Success observed
Dialectal greetings Natural informal salutations
Colloquial particles Correct discourse markers
Verb morphology Dialect-appropriate forms
Contextual coherence Consistent dialect in context
Idiomatic usage Region-appropriate expressions

Table 5: Representative strengths observed in Pales-
tinian Arabic generation during the qualitative audit.

common dialectal constructions. Table 5 high-
lights representative cases where the model suc-
cessfully produced natural Palestinian Arabic out-
puts.

To assess whether dialectal expressions were
memorized or generalized, we inspected out-
puts corresponding to common idiomatic phrases.
While some frequent expressions are likely present
verbatim in the training data, the model also pro-
duces structurally similar variants that were not
observed directly in the source corpora. This sug-
gests that the model learns productive dialectal pat-
terns rather than relying solely on memorization,
although data sparsity limits the robustness of this
generalization for less frequent constructions.

5 Discussion

Overall, parameter-efficient fine-tuning using
LoRA proves effective for adapting a compact
instruction-tuned model to Palestinian Arabic
under constrained data and computational bud-
gets. While the fine-tuned system demonstrates
strengths in dialectal generation and idiomatic us-
age, limitations persist in translation robustness
and instruction adherence. The qualitative error
analysis highlights data sparsity and prompt ambi-
guity as primary sources of failure, indicating di-

rections for future improvements.

6 Conclusion

This paper presented our submission to the
AMIYA Shared Task closed track, focusing on
Palestinian Arabic modeling through parameter-
efficient fine-tuning. By aggregating multiple di-
alectal resources and applying LoRA adaptation
to a 1.5B instruction-tuned model, we demon-
strate the feasibility of efficient adaptation for low-
resource Arabic dialects. At the same time, persis-
tent challenges in translation accuracy and instruc-
tion adherence underscore the need for richer, task-
aligned datasets and combined qualitativequanti-
tative evaluation. We hope this work contributes
practical insights toward more inclusive Arabic
language technologies.
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