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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, Noémi Aepli, Verena Blaschke, Tommi Jauhiainen,

Nikola Ljubesié, Preslav Nakov, Jorg Tiedemann, and Marcos Zampieri

http://sites.google.com/view/vardial-2026/
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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-

1

Monolingual Prompts
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If you were a corporate law with 15 years of
mergers and acquisitions experience, how would
you pivot to launch an Al enable tech startup step
by step and in detail? Explain in Moroccan Arabic.

SN A g o jad Gl G pual) A y3 o dlals Y
Oeli Sl dey e aginaS s 5 Al ga il 3 2033

|Q|

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 specifications! 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/IS0_639_
macrolanguage
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According to the Ethnologue,” 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..? 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
LLM:s 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 LLLM 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-

2h’ctps ://www.ethnologue. com/

3" Amiya," or " Lwsle" 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 split* 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
Corpus> 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
Shttps://magichub.com/datasets/
egyptian-arabic-conversational-speech-corpus/



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.

SADSIyC 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.®

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 LLLM 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



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 Gemini’ 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++ (Popovié, 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 SmolLM3-3B® and Llama-3-8B-Instruct’
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
SmolLLM as contrastivel.

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.'’ 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

Yhttps://huggingface.co/Qwen/Quen2.5-1.
5B-Instruct



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, contrastivel, 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-
Instruct'! fine-tuned in this way. Their contrastive
submissions used Qwen-2.5-7B-Instruct'? (Yang
et al., 2024; Team, 2024) post-trained as a trans-
lator; contrastivel was trained with RL as well
afterwards, while contrastive?2 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

Zhttps://huggingface.co/Qwen/Quen2.
5-7B-Instruct



submission mar egy pse syr sau

Aladdin-FTT primary 378% 152% 14% 21.5% 4.9%
Aladdin-FTI contrastivel 37.5% 15.1% 71% 245% 3.6%
BYU primary - - 54% - -
MBZUAI primary 56.9% 445% 9.5% 17.8% 10.1%
MBZUAI contrastivel 54.0% 39.0% 8.6% 173% 8.5%
MBZUAI contrastive2 57.5% 452% 10.1% 213% 14.2%
NUS-IDS primary 701% 629% 122% 102% 7.3%
NUS-IDS contrastivel 68.5% 56.0% 133% 362% 14.6%
NUS-IDS contrastive2 32.0% 0.6% 13% 0.6% 0.7%
SDNLP primary - - - 28.0% -
UM primary 67.9% - - 38.9% 46.4%
Baseline 102% 11.1% 19% 13% 09%

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 323 342 37.6 22.6 36.3
Aladdin-FTI contrastivel 32.0 33.2 363 20.1 36.2
BYU primary - - 1338 - -
MBZUAI primary 227 336 369 31.0 34.1
MBZUAI contrastivel 26.8 34.3 340 31.0 362
MBZUAI contrastive2 25.8 31.2 30.5 25.7 32.6
NUS-IDS primary 86 11.7 12.1 119 132
NUS-IDS contrastivel 11.9 15.8 153 14.0 15.8
NUS-IDS contrastive2 24.0 20.6 229 202 329
SDNLP primary - - - 1438 -
UM primary 30.0 - - 344 198
Baseline 239 303 324 31.6 355

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 sSyr sau

Aladdin-FTI primary 46.2 50.0 53.0 39.8 54.0
Aladdin-FTI contrastivel 45.6 49.6 53.5 39.8 54.5
BYU primary - - 112 - -
MBZUAI primary 449 477 504 54.1 584
MBZUAI contrastivel 51.0 534 58.0 52.7 579
MBZUAI contrastive2 44.6 433 50.0 482 522
NUS-IDS primary 19.2 19.0 204 189 20.1
NUS-IDS contrastivel 17.9 21.3 223 21.1 232
NUS-IDS contrastive2 33.9 6.2 472 94 54.1
SDNLP primary - - - 362 -
UM primary 49.9 - - 519 0.0
Baseline 459 49.7 52.5 49.5 564

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

submission mar egy pse sSyr sau

Aladdin-FTI primary 26.6 28.8 31.2 232 432
Aladdin-FTI contrastivel 25.1 27.5 30.7 194 32.1

BYU primary - - 17.6 - -
MBZUAI primary 349 395 405 37.6 553
MBZUAI contrastivel 35.3 43.7 40.1 36.8 56.9
MBZUAI contrastive2 33.1 364 424 374 428
NUS-IDS primary 11.6 173 160 166 19.7
NUS-IDS contrastivel 11.2 16.5 15.5 157 17.5
NUS-IDS contrastive2 32.4 12.5 309 9.7 60.1
SDNLP primary - - - 156 -
UM primary 33.8 - - 403 242
Baseline 30.8 42.1 404 39.8 614

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: MBZUATI’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



submission mar egy pse sSyr sau

primary 274 294 312 246 42.1
contrastivel 27.1 28.0 30.7 21.3 342

Aladdin-FTI
Aladdin-FTI

BYU primary - - 173 - -
MBZUAI primary 393 439 41.6 40.3 65.3
MBZUAI contrastivel 44.1 50.6 429 444 66.3
MBZUAI contrastive2 37.9 39.1 41.8 34.6 53.2
NUS-IDS primary 13.3 175 159 149 21.6
NUS-IDS contrastivel 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 - - - 67 -
UM primary 39.5 - - 434 372
Baseline 393 473 444 42.1 68.5

Fluency level Rating
The response is indistinguishable from na- 5
tive Arabic text

The response is understandable, but likely 4
not native Arabic text

The response is clearly not native Arabic 3

text, recurrent disfluencies are glaring or

inhibit understanding (or includes copied

text from the input prompt alongside newly
generated text)

The response contains some fluent ele- 2
ments, but mostly not fluent (or copies the

input prompt without innovating)

The response is not fluent, or not Arabic 1

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

Adherence level Rating
The response fulfills user request com- 3
pletely
The response fulfills half or part of the user 2
request
The response does not fulfill the user re- 1

quest at all

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), MBZUATI’s Aya-based systems performed best;
these include all of their contrastivel systems
and their primary systems for Syrian and Saudi
DA. This could be in part because Aya (Dang et al.,
2024; Ustiin 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.

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



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 - - 299 - -
MBZUAI 320 359 348 343 337
NUS-IDS 1.43 222 240 246 2.83
SDNLP - - - 293

UM 3.37 - - 263 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 MBZUALI 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



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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A Annotator Observations

In this section we discuss some of the annotators’
qualitative observations as they conducted the hu-
man evaluation.



Prompt

[..] dataset which contains 2D images, [..] how to find the closest image?

Explain in Egyptian Arabic.

NUS-IDS

Aladdin

COJuJo ojyp BRI otéfuj.i..a u\p dj—“‘ ‘"C\:s Al
JMUWQ‘U‘MWLWOJJ‘L“J‘MWJ
LV..MQU‘ M‘ pASLuls Ja...\a)b

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

Flu. Adh.
2 3

matches the query image...
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
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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.
MBZUALI 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 Al-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-



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
MBZUALI, 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,
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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: d=.2.» (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 d=.a. with &J }& {0
(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.



Prompt If you were a corporate law [..] pivot to launch an Al enable startup [..] Explain in
Morrocan Arabic

Flu. Adh.
NUS-IDS 2 2
u).nA\ dks Jey L;)MJ wbwmq\gdjw sl ‘
Jus Gl djj Sod b b (o g ‘wj\...l\
oola ool Al &lia VS&KQM o laad! J_:- st JU‘ A
i3 Jor e b b ST
Aladdin Here’s an example of what I mean: An Al model predicts that for any 1 1
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...
MU . 3 5
P UK,;J\ i uﬁj.s S Gyl Ll s elols Yy
MBZUAI 3 4

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

Prompt e el : LoVl gall Jo Lablory ol oy Qad| sl L5

Flu. Adh.

NUS-IDS 2 1

UW%MY-cwa‘W\-Nw %&

s &,\\ Gyas Mg V«;J.\A ﬁ;J\ B S r- 1™

- WPV
Aladdin ) o 3 2
Lk ol s Ladb Jﬂ & bl ded! » L;J\A

BYU ) ) 2 3

L@,ob«p‘ ;AL;:\H‘J\D\ g_.a.Q,:Lg.a‘J\D‘ k_d.;:\.p‘" | ;LLH

i S Ll Gl Ll Gl Ll il

f
MBZUAI 5 1
stk

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 ?L",j_,_,J\ é‘ﬁ*j—«g

Flu. Adh.
NUS-IDS 4 )
‘e &S MJJ.&«J‘ I.UJ;H Sl
ey L.J‘ oj.U éid‘ Sl ey Ll Q‘Jé:”
dquoJH tjyj ulodﬁm U.)J‘k!a.w PR
- on Ja\.zo\ Ca :LWH ij Ujj\‘ r\.w..ew f:P
A28y i JK...«L 4>5,U\

Aladdin 3 4

Lrgandl iy W)l il fk"j.b VS
UM 3 2

JK.M\H e Awg ol LV')J u...s\
0y oj;‘ J‘ Gl deb Lﬁ\ﬁkui JJU‘ fd&uﬂ d-““

MBZUAI 4 1
cwj\.wug ‘L-.U S adgml] J,-J‘&Loi\(}&
da g ol dw‘ 2 5 o 0

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.

Prompt 14, sl dnaall & o2
Flu. Adh.
NUS-IDS 3 1
i L Ll Vu\.«w}\j Jud! Lals ij (:/j
MAUA..KJ‘@L«.H Oabe VY 14 gl Amizall
M@Kuu\ P % To Jyﬁ.}wjj.d‘
}‘J\S— oJml‘oj...J‘ Py w‘f\a.b ; oﬂ‘
Aladdin ] 3 I
Ollall e oV e Gl & i gl Enial!
UM ) 1 3
f\,uuus‘da..\ad wx&u‘%ﬂ\f‘uﬁbu
MBZUAI 1 1
¢
SDNLP 3 1

T g donis S5 pe i ]

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 submission mar egy pse syr sau

Aladdin-FTI primary 354% 133% 89% 11.8% 3.2% Aladdin-FTI primary 21.1% 8.0% 33% 20.1% 1.2%
Aladdin-FTI contrastivel 33.8% 12.8% 9.8% 14.1% 4.5% Aladdin-FTI contrastivel 17.9% 10.2% 3.1% 22.8% 0.6%
BYU primary - 7.0% - - BYU primary - 1.0% - -
MBZUAI primary 533% 42.0% 13.7% 9.8% 10.8% MBZUAI primary 382% 252% 03% 147% 4.3%
MBZUAI contrastivel 54.8% 332% 162% 122% 8.3% MBZUAI contrastivel 342% 21.6% 0.6% 145% 3.0%
MBZUAI contrastive2 56.8% 51.5% 21.5% 27.5% 7.2% MBZUAI contrastive2 38.5% 21.1% 0.1% 154% 6.2%
NUS-IDS primary 73.9% 66.6% 163% 8.0% 3.9% NUS-IDS primary 86.1% 75.0% 10.6% 12.1% 8.2%
NUS-IDS contrastivel 43.4% 193% 12.8% 26.8% 2.9% NUS-IDS contrastivel 83.0% 79.3% 13.3% 34.9% 20.5%
NUS-IDS contrastive2 254% 0.6% 3.6% 07% 0.9% NUS-IDS contrastive2 204% 02% 0.1% 0.1% 0.2%
SDNLP primary - - 30.4% - SDNLP primary - - 10.5% -
UM primary 87.8% - 53.7% 53.9% UM primary 31.5% - 29.1% 37.6%
Baseline 57% 54% 43% 1.4% 04% Baseline 183% 16.6% 12% 05% 1.0%
Table 15: ADI2 on Palm prompts Table 19: ADI2 on FLORES MSA—DA MT outputs

submission mar egy pse syr sau submission mar egy pse syr sau

Aladdin-FTI primary 392% 82% 44% 84% 0.3% Aladdin-FTI primary 66.7% 33.3% 12.0% 41.9% 16.7%
Aladdin-FTI contrastivel 393% 7.7% 4.8% 11.8% 0.6% Aladdin-FTI contrastivel 65.7% 30.6% 9.5% 463% 12.2%
BYU primary - 6.8% - - BYU primary - 5.6% - -
MBZUAI primary 69.6% 592% 12.6% 13.0% 2.5% MBZUAI primary 63.6% 48.0% 10.6% 229% 17.7%
MBZUAI contrastivel 56.8% 47.8% 9.2% 13.5% 3.8% MBZUAI contrastivel 60.0% 47.2% 6.8% 21.4% 15.6%
MBZUAI contrastive2 71.6% 58.6% 11.6% 114% 9.2% MBZUAI contrastive2 69.3% 492% 6.7% 25.1% 24.6%
NUS-IDS primary 87.1% 668% 69% 21% 1.7% NUS-IDS primary 589% 51.9% 35% 93% 7.5%
NUS-IDS contrastivel 73.3% 17.1% 64% 322% 0.3% NUS-IDS contrastivel 89.8% 77.4% 17.3% 38.8% 29.1%
NUS-IDS contrastive2 39.7% 02% 09% 0.0% 0.1% NUS-IDS contrastive2 46.8% 13% 02% 12% 0.8%
SDNLP primary - - 29.7% - SDNLP primary - - 37.8% -
UM primary 77.5% - 45.5% 42.8% UM primary 66.0% - 38.0% 55.7%
Baseline 13.1% 123% 0.7% 12% 0.0% Baseline 102% 79% 1.0% 1.1% 0.6%

Table 16: ADI2 on FLORES monolingual prompts

Table 20: ADI2 on MADAR ENG—DA MT outputs

submission mar egy pse syr sau submission mar egy pse syr sau
Aladdin-FTT primary 41% 17.0% 11.3% 153% 4.9% Aladdin-FTT primary 61.0% 33.0% 122% 39.0% 10.5%
Aladdin-FTI contrastivel 49.7% 12.4% 11.9% 241% 2.2% Aladdin-FTI contrastivel 65.4% 37.8% 10.5% 39.9% 6.6%
BYU primary - 11.1% - - BYU primary - 3.1% - -
MBZUAI primary 72.8% 682% 19.3% 24.7% 16.0% MBZUAI primary 572% 451% 42% 20.8% 16.9%
MBZUAI contrastivel 74.7% 61.2% 16.6% 22.2% 14.3% MBZUAI contrastivel 51.2% 463% 5.6% 19.5% 16.2%
MBZUAI contrastive2 77.3% 66.6% 20.1% 20.1% 21.1% MBZUAI contrastive2 50.6% 48.0% 1.2% 222% 21.6%
NUS-IDS primary 852% 152% 93% 47% 4.8% NUS-IDS primary 70.0% 51.1% 32.0% 292% 15.3%
NUS-IDS contrastivel 58.6% 253% 8.0% 38.6% 0.5% NUS-IDS contrastivel 88.6% 82.7% 17.2% 27.5% 29.5%
NUS-IDS contrastive2 52.6% 1.4% 28% 0.6% 2.7% NUS-IDS contrastive2 38.8% 0.6% 03% 0.8% 02%
SDNLP primary - - 36.3% - SDNLP primary - - 223% -
UM primary 82.3% - 57.5% 47.9% UM primary 63.3% - 36.0% 53.4%
Baseline 203% 27.1% 31% 4.8% 13% Baseline 13.7% 19.6% 22% 1.0% 2.6%
Table 17: ADI2 on MADAR monolingual prompts Table 21: ADI2 on MADAR MSA—DA MT outputs

submission mar egy pse syr sau submission mar egy pse syr sau
Aladdin-FTI primary 388% 103% 4.6% 292% 1.9% Aladdin-FTI primary 44% 05% 13% 67% 0.7%
Aladdin-FTI contrastivel 36.9% 11.3% 3.7% 32.0% 1.7% Aladdin-FTI contrastivel 3.0% 05% 1.1% 5.6% 0.6%
BYU primary - 1.4% - - BYU primary - 5.0% - -
MBZUAI primary 642% 33.9% 44% 143% 4.9% MBZUAI primary 452% 358% 6.8% 213% 83%
MBZUAI contrastivel 52.3% 25.0% 09% 165% 2.8% MBZUAI contrastivel 46.7% 33.1% 4.5% 182% 4.7%
MBZUAI contrastive2 53.6% 30.1% 3.1% 203% 8.0% MBZUAI contrastive2 449% 347% 5.1% 28.4% 13.4%
NUS-IDS primary 71.8% 594% 6.6% 69% 3.9% NUS-IDS primary 23.8% 563% 85% 92% 11.3%
NUS-IDS contrastivel 78.2% 83.1% 15.0% 36.9% 15.0% NUS-IDS contrastivel 87.6% 77.0% 16.5% 51.4% 15.6%
NUS-IDS contrastive2 24.5% 04% 01% 02% 02% NUS-IDS contrastive2 23.5% 0.4% 03% 08% 0.5%
SDNLP primary - - 255% - SDNLP primary - - 31.0% -
UM primary 47.5% - 31.1% 37.7% UM primary 44.8% - 232% 44.5%
Baseline 79% 1.6% 01% 0.1% 0.1% Baseline 29% 14% 05% 08% 0.8%

Table 18: ADI2 on FLORES ENG—DA MT outputs

Table 22: ADI2 on Arena-Hard prompts
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submission mar egy pse syr sau
Aladdin-FTI primary 31.7 351 373 240 35.7
Aladdin-FTI contrastivel 314 344 363 214 35.6
BYU primary - 17.7 - -
MBZUAI primary 20.7 319 364 303 31.8
MBZUAI contrastivel 25.7 33.5 337 30.2 33.8
MBZUAI contrastive2 25.0 29.1 29.0 24.1 294
NUS-IDS primary 11.5 157 16.1 154 163
NUS-IDS contrastivel 23.7 18.1 192 17.7 19.2
NUS-IDS contrastive2 28.3 259 31.5 21.8 35.8
SDNLP primary - - 137 -
UM primary 29.1 - 36.4 21.1
Baseline 258 329 351 344 37.1

Table 23: chrF++ on FLORES ENG—DA

submission mar egy pse syr sau
Aladdin-FTI primary 25.1 292 30.6 25.1 46.0
Aladdin-FTI contrastivel 23.9 28.3 30.0 21.1 324
BYU primary - 22.7 - -
MBZUAI primary 353 399 43.0 38.6 585
MBZUAI contrastivel 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 144 232 222 22.1 259
NUS-IDS contrastivel 22.5 19.3 20.0 21.3 229
NUS-IDS contrastive2 33.9 144 354 163 67.3
SDNLP primary - - 16.6 -
UM primary 35.0 - 43.6 27.1
Baseline 334 469 44.0 437 699

Table 24: chrF++ on FLORES MSA—DA

submission mar egy pse syr sau
Aladdin-FTI primary 43.1 494 522 406 524
Aladdin-FTI contrastivel 42.5 49.2 53.0 40.8 53.0
BYU primary - 15.0 - -
MBZUAI primary 40.7 45.1 484 53.6 569
MBZUAI contrastivel 48.3 51.6 57.3 52.1 55.7
MBZUAI contrastive2 41.0 41.0 472 46.8 49.7
NUS-IDS primary 25.1 26.1 279 259 265
NUS-IDS contrastivel 45.8 264 28.5 28.6 279
NUS-IDS contrastive2 34.8 6.3 488 9.8 555
SDNLP primary - - 347 -
UM primary 46.7 - 524 0.0
Baseline 47.0 527 572 533 5838

Table 25: chrF++ on FLORES DA—ENG

submission mar egy pse syr sau
Aladdin-FTI primary 255 289 309 258 44.1
Aladdin-FTI contrastivel 25.2 27.4 30.7 22.0 339
BYU primary - 22.6 - -
MBZUAI primary 39.1 450 44.1 418 722
MBZUAI contrastivel 44.1 53.1 45.0 454 73.0
MBZUAI contrastive2 36.9 39.3 43.7 374 559
NUS-IDS primary 187 264 238 225 327
NUS-IDS contrastivel 35.1 254 239 268 56.7
NUS-IDS contrastive2 38.6 16.2 41.0 179 672
SDNLP primary - - 175 -
UM primary 42.6 - 49.7 438
Baseline 422 52.6 49.0 46.1 79.1

Table 26: chrF++ on FLORES DA—MSA
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submission mar egy pse syr sau
Aladdin-FTI primary 345 31.0 383 17.7 382
Aladdin-FTI contrastivel 34.0 28.7 359 157 384
BYU primary - 6.6 - -
MBZUAI primary 29.2 395 384 332 429
MBZUAI contrastivel 30.7 37.0 35.0 33.3 454
MBZUAI contrastive2 28.5 385 36.0 31.3 445
NUS-IDS primary 46 55 58 60 74
NUS-IDS contrastivel 5.6 11.5 9.6 83 104
NUS-IDS contrastive2 152 9.7 82 154 233
SDNLP primary - - 182 -
UM primary 32.6 - 289 16.7
Baseline 17.6 209 225 21.5 29.7

Table 27: chrF++ on MADAR ENG—DA

submission mar egy pse syr sau
Aladdin-FTI primary 314 269 333 16.1 322
Aladdin-FTI contrastivel 28.9 24.5 329 13.5 30.7
BYU primary - 7.6 - -
MBZUAI primary 33.6 381 31.0 335 428
MBZUAI contrastivel 34.6 37.9 329 335 437
MBZUAI contrastive2 33.9 35.8 29.0 355 41.6
NUS-IDS primary 79 91 78 88 103
NUS-IDS contrastivel 5.3 112 88 80 9.1
NUS-IDS contrastive2 26.7 7.6 167 44 29.8
SDNLP primary - - 138 -
UM primary 30.0 - 308 17.2
Baseline 22.1 254 272 256 29.6

Table 28: chrF++ on MADAR MSA—DA

submission mar egy pse syr sau
Aladdin-FTI primary 56.3 514 555 369 589
Aladdin-FTI contrastivel 55.3 50.7 55.1 364 59.0
BYU primary - 4.3 - -
MBZUAI primary 58.1 559 56.6 55.7 63.0
MBZUAI contrastivel 59.6 59.1 60.0 544 64.8
MBZUAI contrastive2 56.2 50.8 59.1 52.8 60.1
NUS-IDS primary 1.1 97 102 9.6 11.1
NUS-IDS contrastivel 7.8 14.0 139 12.1 159
NUS-IDS contrastive2 31.1 6.0 41.6 84 49.6
SDNLP primary - - 40.6 -
UM primary 59.4 - 502 0.0
Baseline 42.0 39.8 372 37.1 485

Table 29: chrF++ on MADAR DA—ENG

submission mar egy pse syr sau
Aladdin-FTI primary 340 309 319 204 347
Aladdin-FTI contrastivel 33.6 30.3 30.7 18.7 35.0
BYU primary - 7.9 - -
MBZUAI primary 39.7 40.1 333 351 427
MBZUAI contrastivel 43.7 42.5 35.8 40.8 442
MBZUAI contrastive2 40.8 38.1 35.3 255 44.1
NUS-IDS primary 58 63 57 54 67
NUS-IDS contrastivel 6.4 11.1 105 114 114
NUS-IDS contrastive2 239 4.8 143 52 295
SDNLP primary - - 44 -
UM primary 31.7 - 262 22.6
Baseline 302 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,
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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
word! 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 Dictionary? 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.

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.

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

'Some slangs are phrases and are treated as such.

Zwww. urbandictionary.com; Accessed on 31 December
2025.
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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 varieties®: 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-
tionary*. 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.
“en.wiktiona ry.org; Accessed on 31 December 2025.
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Figure 1: Methodological Overview of Our Approach.
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Figure 2: Dataset Creation.
. Count _ = u Perp.
Variety -~ p d Latest Entry
WEB GEN WEB GEN WEB GEN

en-AU 313 1244 7.7 138 904 443.0 7015 489 Sept 102025
en-IN 64 248 8.0 1977 1141 468.2 4065 47.1 Oct 152025

Table 1: Constructional statistics of WEB and GEN. p, d and  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 R R, R, Sim. 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-

N . . ples in WEB (en-AU: 701.5) as compared to the
Table 2: Diversity analysis of generated scenarios in L )
GEN. R1.».1, are average ROUGE scores and Sim. is generated scenarios in GEN (en-IN: 47.1). This
the average cosine similarity between scenario embed- 18 due to the usage examples in WEB, being de-
dings, extracted using allMiniLM-L6-v2 (Reimers and ~ rived from peer-contributed web content. Further-
Gurevych, 2019). 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
22 Analysis English. We present example slang phrases and
Table 1 provides a constructional statistics of both their corresponding usage examples/scenarios in
WEB and GEN. We notice a higher number of slang ~ Appendix B.
phrases extracted for en-AU compared to en-IN.

en-AU 025 0.03 0.16 0.39
en-IN 024 003 0.15 0.37

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.
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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
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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 TImpact 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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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
T™WS 049 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.

e 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
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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



. TWP TWP* TWS
Domain
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).

. TWP TWP* TWS
Variety
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 pie
for a meat pie
Generic  Substitu- absolute unit ~ Someone very behemoth
tion heavy or large
Semantic Drift bogan An  unsophis- heavy metal
ticated person band
from a working-
class background
Contextual Misin- a  kangaroo Intellectually in- more to this pic-
terpretation loose in the adequate ture
top paddock
True Failure amber fluid Australian slang 34

for beer

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-
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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-



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
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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, 1labels, 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:
opposed to taking the stairs.

Answer (return only the answer with no
extra text):

i’d rather ride on the

as

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,



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: preeponed; prespon*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.

munted]

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

F Experimental

Table 8: Examples from WEB and GEN datasets.

G Model Performance Metrics With the

Novel Scenario Dataset GEN

Refer to Table 10 for model’s individual results

using the GEN dataset.

Language Models

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

Statistics

Refer to Table 9 for experimental language model’s
Refer to Table 11 for model’s individual results

statistics.
using the WEB dataset.

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- 3B September 2024
instruct
olmo-2-1124-7b- 7B November 2024
instruct
gqwen3-4b-instruct- 4B July 2025
2507

Table 9: Language Models used in Experimental Setup,
their approximate Parameter Counts and Public Release
Date
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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 0474 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
0lmo-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 0414 0.846 0.566 0.980
0lmo-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.

Proceedings of the Thirteenth Workshop on NLP for Similar Languages, Varieties and Dialects, pages 32—44
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Style SKN (fi)

LIA (no)

Transcript jos vuav ver 1dhtt60
Standard  jos vain veri ldhtee
English if only the blood bleeds

denn fysste kjirrkja sa va byggde # sto pa enn annja plass
den fgrste kyrkja som var bygd stod pa ein annan plass
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, naive 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, Himéldinen
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
FO monotonization (Parsons et al., 2025) or voice
conversion (Abdullah et al., 2025; Fischbach et al.,
2025), as well as model modifications (Luo and
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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 st<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>