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Abstract

Dialectal variation is a defining characteristic
of many low-resource languages, yet most NLP
approaches overlook this complexity—often as-
suming uniformity or arbitrarily selecting a sin-
gle variant without reporting which dialect is
used. This assumption severely limits the appli-
cability of language technologies in real-world
communication, especially for languages with-
out unified orthography where dialects could
differ in vocabulary and morphology. In this
paper, we present the first comprehensive study
of dialect processing for Indonesian local lan-
guages, a linguistically rich and underrepre-
sented setting. We introduce INDODIALECT,
a high-quality conversational dataset compris-
ing 14.2K conversations across four major local
languages and eleven dialects, including five Ja-
vanese, two Minangkabau, two Sundanese, and
two Dayak dialects. Building on this resource,
we define three core tasks: (i) dialect-level lan-
guage identification, (ii) machine translation
across dialects, and (iii) dialect-controlled gen-
eration. Our experiments reveal that state-of-
the-art multilingual models perform poorly in
few-shot scenarios, excel at dialect identifica-
tion after fine-tuning, but struggle with machine
translation and dialect-controlled generation.1

1 Introduction

Low-resource NLP has attracted growing atten-
tion for its potential to democratize language tech-
nologies (Cahyawijaya et al., 2023; Nigatu et al.,
2024). However, existing approaches often sim-
plify the complexity introduced by dialectal vari-
ation in these languages (Faisal et al., 2024). In
practice, many low-resource languages lack stan-
dardized forms, resulting in substantial dialectal
diversity that dominates real-world communica-
tion (Nerbonne, 2003; Koto and Koto, 2020; Aji

1The data can be accessed at https://huggingface.co/
datasets/irasalsabila/IndoDialect.
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Figure 1: Dialect coverage in INDODIALECT, showing
11 dialects from 4 Indonesian local languages.

et al., 2022). This diversity poses significant chal-
lenges for NLP systems, as orthographic conven-
tions are often inconsistent and dialects can differ
markedly in vocabulary, morphology, and syntax
(Ziems et al., 2022).

Despite its importance, dialect processing re-
mains underexplored in the context of low-resource
languages. Prior work has extensively focused
on dialects of medium– to high–resource lan-
guages such as English (Held et al., 2023; Xiao
et al., 2023) and Arabic (Salameh et al., 2018;
Bouamor et al., 2018), where resources and stan-
dardized benchmarks are more readily available.
Shared tasks such as VarDial (Zampieri et al., 2017;
Gaman et al., 2020) and AmericasNLP (Mager
et al., 2021; Ebrahimi et al., 2023) have further
advanced research on dialectal variation across lan-
guages. Existing studies have also explored dialect-
to-standard translation and normalization includ-
ing Japanese (Abe et al., 2018), Finnish (Partanen
et al., 2019), and multilingual scenarios (Kupari-
nen et al., 2023; Bawden et al., 2022). However,
Indonesian local languages remain under-resourced
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at the dialect level, where linguistic fragmentation
is widespread and dedicated NLP resources are
scarce. This gap limits the inclusiveness and ap-
plicability of current NLP systems, particularly in
multilingual settings where dialects play a central
role in everyday communication.

Indonesia vividly illustrates this challenge. With
over 700 languages spoken across the archipelago
(Eberhard et al., 2021), dialectal diversity is ex-
tensive yet remains poorly documented. Lin-
guistic studies have revealed substantial varia-
tion within major Indonesian languages, including
Jambi Malay (Anderbeck, 2008), Javanese (Kar-
tikasari et al., 2018), and Balinese (Maharani and
Candra, 2018). These differences are strongly in-
fluenced by geographic and cultural factors (Van-
der Klok, 2015), creating significant obstacles for
language technologies that are typically trained on
a single standardized form (Aji et al., 2022). De-
spite their widespread use in daily communication,
dialects of Indonesian local languages have an ex-
tremely limited digital footprint. Addressing this
variation is therefore essential for building robust
and inclusive NLP systems that capture real-world
linguistic practices.

This paper presents the first comprehensive study
on dialect processing for Indonesian local lan-
guages, focusing on three tasks: dialect identifi-
cation, machine translation, and dialect-controlled
generation. Since dialectal variation is most ev-
ident in conversation, we build high-quality con-
versational datasets written from scratch by na-
tive speakers for authenticity and diversity. The
study covers four major local languages and eleven
dialects across three of Indonesia’s largest is-
lands—Java, Sumatra, and Borneo (Figure 1).
These languages include Sundanese (≈ 42M speak-
ers), Javanese (≈ 80M speakers), Minangkabau (≈
8M speakers), and Dayak (≈ 4.2M speakers). To
our knowledge, this is the first large-scale dialect-
level benchmark for Indonesian local languages,
addressing a critical need for inclusive and dialect-
aware NLP systems.

Our contributions can be summarized as follows:
(i) We introduce INDODIALECT, the first conver-
sational (dialogue-oriented) dialect-level dataset
for Indonesian local languages, comprising 14.2K
conversational utterances spanning five Javanese,
two Minangkabau, two Sundanese, and two Dayak
dialects, all manually written by native speakers.
(ii) We define three core tasks—dialect-level lan-
guage identification, machine translation across

dialect-specific variation, and dialect-controlled
generation—and evaluate models under both few-
shot and fine-tuning settings. For dialect identifi-
cation, multilingual models perform poorly in few-
shot scenarios but achieve strong performance after
fine-tuning. For machine translation, we find that
phrase-based statistical approaches outperform neu-
ral models, whereas dialect-controlled generation
remains challenging, as evidenced by low dialect
identification scores in controlled settings. (iii) We
conduct a thorough analysis across all three tasks,
including model performance across dialects, sen-
sitivity to text length, and detailed error analysis to
uncover key challenges and opportunities for future
research.

2 Related Work

Efforts in Indonesian NLP Several studies in
Indonesian NLP have explored many tasks, in-
cluding POS Tagging (Dinakaramani et al., 2014),
NER (Gunawan et al., 2018), sentiment analy-
sis (Wicaksono et al., 2014), summarization (Koto
et al., 2020a), question answering (Fikri and Pur-
warianti, 2012), machine translation (Hermanto
et al., 2015), and speech recognition (Zahra et al.,
2009). Earlier reviews from Aji et al. (2022) note
that many of these works did not release their
datasets, which made the findings hard to repro-
duce. More recent projects have introduced shared
benchmarks, such as IndoNLU (Wilie et al., 2020)
and IndoLEM (Koto et al., 2020b), to provide
common evaluation data and support better repro-
ducibility and comparison across models. However,
these resources remain focused on language-level
modeling, and support for dialect-level processing
is still limited.

Dialect Processing Shared tasks have played a
central role in advancing dialect NLP research.
Zampieri et al. (2017) and subsequent VarDial cam-
paigns (Gaman et al., 2020; Aepli et al., 2023;
Scherrer et al., 2025) focus primarily on dialect
identification for closely related varieties, while
AmericasNLP (Mager et al., 2021; Ebrahimi et al.,
2023) targets low-resource machine translation for
indigenous languages. More recently, DIALECT-
BENCH (Faisal et al., 2024) introduced a large-
scale benchmark spanning 281 varieties across 10
tasks. Beyond shared benchmarks, research has
expanded into regional contexts and task-specific
dialect resources. These include Asian varieties
such as Vietnamese (Dinh et al., 2024) and Chi-
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Figure 2: Overview of the IndoDialect data construction pipeline. The top panel illustrates the creation of the
Talkshow Data, while the bottom panel shows the dialogue creation options based on selected topics for DTC Data.

nese dialect identification (Jauhiainen et al., 2019;
Faisal and Anastasopoulos, 2025), alongside non-
standard dialect text transfer (Le and Luu, 2023).
For German dialects, broader efforts encompass
Germanic corpora surveys (Blaschke et al., 2023)
and Swiss German speech translation (Bär et al.,
2025), complemented by specialized Bavarian re-
sources for dependency parsing (Blaschke et al.,
2024), NER (Peng et al., 2024), and slot and intent
detection (Winkler et al., 2024; Krückl et al., 2025).
However, none of these efforts focus on Indone-
sian local languages. In contrast, INDODIALECT

is, to the best of our knowledge, the first dataset
specifically designed for Indonesian local dialects,
featuring a conversational dataset written by native
speakers.

Dialect identification and dialect-level machine
translation have been studied across multiple lan-
guages, but dialect-controlled generation remains
limited. Prior work shows that dialect identification
is largely driven by surface lexical and orthographic
cues (Zampieri et al., 2017), while studies on di-
alect translation and normalization demonstrate
that character-level and phrase-based approaches
remain competitive for closely related varieties (Ku-
parinen et al., 2023; Bawden et al., 2022). However,
most existing work relies on short or isolated texts,
with limited support for extended conversational
settings. In the Indonesian context, these capabil-
ities are largely absent: existing resources do not
focus on Indonesian local languages or jointly sup-
port dialect identification and dialect-level machine
translation. Through INDODIALECT, we address
this gap by introducing one of the first datasets for
Indonesian dialect identification and dialect-level

machine translation, and by presenting one of the
earliest studies on dialect-controlled generation in
this setting.

3 INDODIALECT

3.1 Scope of Languages and Dialects

To address the scarcity of dialectal resources, we
introduce INDODIALECT, a high-quality conversa-
tional dataset designed to capture dialectal diver-
sity in Indonesian local languages. As shown in
Figure 1, INDODIALECT focuses on four major lo-
cal languages–Javanese, Sundanese, Minangkabau,
and Dayak–representing different large islands in
Indonesia: Javanese and Sundanese from Java, Mi-
nangkabau from Sumatra, and Dayak from Borneo.
The dataset spans eleven dialects, categorized ac-
cording to Ethnologue,2 including five Javanese
dialects (Arekan, Mataraman, Muria, Ngapak, and
Cirebon), two Sundanese dialects (Parahyangan
and Banten), two Minangkabau dialects (Agam
and Lima Puluh Kota), and two Dayak dialects
(Ngaju and Taman). Varieties were selected based
on demographic scale (our five Javanese dialects
represent the predominant regional varieties across
the 80M+ speakers), geographic distribution, re-
source diversity (e.g., including endangered Dayak
Taman), and annotator availability. All dialects are
represented in Latin script and reflect contempo-
rary spoken usage, covering both closely related
varieties with substantial lexical overlap and more
distinct dialects.

Table 1 presents an example of dialectal varia-
tion in INDODIALECT, showing a single English

2https://www.ethnologue.com/
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Dialect Sentence

English I was serious when I said I would not leave you again.
Indonesian Aku serius waktu bilang takkan meninggalkanmu lagi.
Arekan Aku serius pas ngomong gak bakal ninggalno awakmu maneh.
Mataraman Aku tenanan wektu ngomong ora bakal ninggalke kowe maneh.
Muria Aku tenan pas kondo ora bakal ninggalno kowe maneh.
Ngapak Nyong serius pas ngomong ora bakal ninggalna ko maning.
Cirebon Isun serius waktu ngomong beli arep ninggalnang sira maning.

Table 1: Example of dialectal variation across Javanese
dialects for a sentence in INDODIALECT.

sentence rendered in Indonesian and five regional
Javanese dialects (Arekan, Mataraman, Muria, Nga-
pak, and Cirebon). Although all six translations
convey the same meaning, they diverge substan-
tially at the lexical, morphological, and pragmatic
levels. A detailed data statement (Bender and
Friedman, 2018), including collection procedures,
speaker demographics, and annotation protocols, is
provided in Appendix A.

3.2 Dataset Construction

Figure 2 illustrates the construction process of IN-
DODIALECT, which consists of two fully human-
written pipelines. The first pipeline involves manu-
ally translating Indonesian talk show subtitles from
YouTube OpenSubtitles3 into multiple dialects.
The second pipeline simulates natural conversa-
tions through a chat platform, where two native
speaker annotators engage in dialogues on daily
topics using their native dialects. Both pipelines
incorporate rigorous quality control procedures, de-
scribed in detail in a later section.

To ensure high-quality data, we conduct human
evaluation across all eleven dialect classes in IN-
DODIALECT: jv_mur (Javanese Muria), jv_mat
(Javanese Mataraman), jv_are (Javanese Arekan),
jv_nga (Javanese Ngapak), jv_cir (Javanese Cire-
bon), su_par (Sundanese Parahyangan), su_btn
(Sundanese Banten), min_agm (Minangkabau
Agam), min_lkt (Minangkabau Lima Puluh Kota),
day_nij (Dayak Ngaju), and day_tmn (Dayak
Taman). This evaluation focuses on cultural rel-
evance, coherence, and naturalness to guarantee
the authenticity of the dataset.

Annotator Recruitment We employ at least two
expert annotators who are native speakers of each
dialect. To ensure quality, annotators are well-
educated (at least a senior high school graduate)
and have lived in the dialect region for at least
ten years, with at least one parent native to that

3https://www.opensubtitles.org

region. Candidates are screened through transla-
tion tasks, region-specific questions, and short di-
alogue and writing samples. Selected annotators
participate in a one-hour training session before
annotation begins, where we explain the annotation
procedure and expectations. All annotators were
recruited via Upwork, provided informed consent,
and were compensated accordingly. Further details
and guidelines are provided in Appendix A and
Appendix B.

Data-1: Talkshow We follow the annotation
strategy of Winata et al. (2023) by manually trans-
lating Indonesian text into 11 dialects, employing
two native speakers for each dialect. Our source
data comes from OpenSubtitles of Indonesian talk
shows on YouTube. These talk shows are licensed
under Creative Commons, allowing us to use them
for our dataset. The original dataset consists of
1,000 dialogues, each with an average of 5 turns
per dialogue. We split the data into two sets and
assign each set to a different annotator, resulting in
two independent translations for every dialect.

For quality control, annotators review a portion
of each other’s work to validate translation accu-
racy. To ensure careful reading during validation,
we randomly modify 10% of the dialogues prior
to review. Perturbations include four types: word
deletions (e.g., removing negation markers), incor-
rect word substitutions, full utterance removals,
and redundant word insertions that affect fluency.
Annotators are expected to detect and correct all
modifications; dialogues that fail to meet quality
standards are discarded. This procedure helps iden-
tify errors and maintain consistency. As shown in
Table 2, the average quality score for the Talkshow
Data is 99.6%, meaning that annotators success-
fully corrected 99.6% of the intentionally altered
samples—demonstrating rigorous validation and
high-quality translations across all dialects. This
score measures validation attentiveness via pertur-
bation testing rather than inter-annotator agreement.
The final Talkshow dataset is a parallel corpus com-
prising approximately 11,000 dialectal dialogues
aligned with 1,000 Indonesian source dialogues.

Data-2: Daily Topic Conversations (DTC) We
simulate natural conversations between two anno-
tators using a chat platform, based on daily topics
drawn from IndoCulture (Koto et al., 2024). Each
annotator pair writes a five-turn dialogue for each
assigned topic. For every dialect, we collect 200 di-
alogue pairs, resulting in 200 natural conversations
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Talkshow Data DTC Data
Lang. Dialect #Diag. Qual. (%) #Wrd #Chr #Diag. Cult. (%) Coh. (%) Nat. (%) Top. (%) #Wrd #Chr

Indonesian id 1000 100 52,931 279,606

Javanese

are 1000 100 52,528 269,572 200 100 95 95 100 14,431 69,234
mat 1000 100 52,080 284,530 200 100 100 100 100 13,824 75,446
mur 1000 100 51,554 267,006 200 100 95 95 100 9,951 45,067
nga 1000 100 54,778 281,690 200 100 95 95 100 16,327 77,907
cir 1000 100 53,783 283,225 200 100 95 95 100 13,316 62,509

Sundanese
par 1000 99 55,470 295,130 200 100 95 95 100 22,541 108,456
btn 1000 99 55,894 291,657 200 85 95 95 100 10,925 50,685

Minangkabau
agm 1000 100 55,429 273,256 200 100 100 100 100 12,684 54,882
lkt 1000 98 54,492 267,694 200 100 100 100 100 12,806 56,612

Dayak
nij 1000 100 58,951 272,708 200 100 95 95 95 16,122 67,890
tmn 1000 100 49,538 283,467 200 85 100 100 100 11,396 63,479

AGG. 12,000 99.6 647,428 3,349,541 2,200 97.3 96.8 96.38 99.5 154,323 732,167

Table 2: Dataset statistics and quality evaluation by language and dialect. For the Talkshow Data, we report the
number of dialogues, overall quality scores (Qual), and length statistics. For the DTC Data, we report the number of
dialogues (#Diag), human evaluation scores for cultural relevance (Cult), coherence (Coh), naturalness (Nat), and
topic coverage (Top), along with length statistics; the DTC dataset does not include an Indonesian (id) split.

per dialect. Annotators are instructed to preserve
cultural relevance in accordance with local norms
and practices. Examples include Javanese greetings
such as sungkeman, Sundanese wedding customs
like nyawer, Dayak marriage requirements such as
palaku, and Minangkabau engagement traditions
like batimbang tando.

Although the dialogues are natural and high-
quality, we conduct an additional quality check
through manual evaluation by a third native speaker.
This evaluation assesses cultural relevance, coher-
ence, naturalness, and topic coverage on a scale of
0–100. These metrics evaluate independent authen-
ticity judgments rather than inter-rater agreement.
As shown in Table 2, DTC achieves high scores
above 95 across all aspects, indicating excellent
quality. The final DTC dataset consists of 2.2K
dialogues, totaling approximately 154K words and
732K characters, and is not structured as a parallel
corpus.

3.3 Statistical Analysis

Table 2 shows that the Talkshow parallel dataset
displays varied dialogue lengths across dialects,
despite being a parallel corpus. The average num-
ber of words per dialogue in Indonesian is 52.9.
Within Javanese, the Ngapak (jv_nga) dialect
tends to have longer dialogues compared to other
Javanese dialects. In contrast, among Sundanese
and Minangkabau dialects, no clear differences
are observed. For Dayak, the Ngaju (day_nij)
dialect generally contains more words than Taman
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Figure 3: Word-level Levenshtein distance between di-
alect pairs.

(day_tmn). This pattern is also consistent in the
DTC dataset, with Sundanese being an exception.

We further analyze dialect similarity within each
language using word-level Levenshtein distance,
where values closer to 0 indicate higher similar-
ity. Figure 3 reveals distinct patterns across dialect
groups. Javanese dialects exhibit moderate and rel-
atively uniform similarity, while Sundanese and
Minangkabau dialects tend to be more similar, as
indicated by lower distance scores. In contrast,
Dayak shows higher distance between Ngaju and
Taman, reflecting pairwise differences rather than
language-wide generalizations.

4 Experimental Setup

We design three evaluation settings to investigate
dialect processing in INDODIALECT: (i) Dialect
Identification, (ii) Machine Translation, and (iii)
Dialect-Controlled Generation. These tasks cap-
ture key challenges in dialect-aware NLP. Dialect
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Model ID Javanese Sundanese Minangkabau Dayak AVG
id are mat mur nga cir par btn agm lkt nij tmn

Talkshow Data

GPT-5 0.998 0.192 0.250 0.451 0.530 0.696 0.569 0.624 0.568 0.525 0.960 0.844 0.601
Llama 3.1 0.622 0.230 0.000 0.026 0.007 0.000 0.332 0.078 0.353 0.173 0.396 0.000 0.185
NB 1.000 1.000 0.818 0.792 0.990 0.988 0.500 0.714 0.978 0.978 1.000 1.000 0.896
IndoBERTLARGE 0.993 0.982 0.830 0.809 0.978 0.966 0.520 0.675 0.965 0.966 0.995 1.000 0.890

DTC Data

GPT-5 0.288 0.249 0.502 0.345 0.583 0.584 0.755 0.529 0.408 0.981 0.795 0.547
Llama 3.1 0.249 0.000 0.000 0.010 0.005 0.342 0.022 0.427 0.204 0.604 0.005 0.170
NB 0.998 0.966 0.968 0.998 0.996 0.923 0.931 0.976 0.976 1.000 1.000 0.976
IndoBERTLARGE 0.964 0.903 0.930 0.989 0.986 0.933 0.939 0.974 0.974 1.000 1.000 0.963

Table 3: Dialect identification performance of best models across dialects on F1 score for Talkshow and DTC
datasets. bold text = best performing model, underlined = second-best performing model.

identification measures a model’s ability to distin-
guish closely related language varieties, while ma-
chine translation across dialects evaluates whether
models can generate dialect-specific forms rather
than defaulting to standardized or dominant vari-
ants. Dialect-controlled generation further assesses
whether models can produce responses in the target
dialect under explicit control, reflecting their abil-
ity to generate contextually appropriate dialectal
usage.

All experiments use the INDODIALECT dataset,
which is split at the dialogue level into training, val-
idation, and test sets with a 70:15:15 ratio, ensur-
ing that the test set remains fully isolated. Prompt
templates for few-shot settings are provided in Ap-
pendix C, and hyperparameter details are in Ap-
pendix D.

Dialect Identification Dialect identification is
formulated as a multi-class classification task,
where the model predicts one of eleven dialect la-
bels, along with Indonesian (id) and an additional
others class given a multi-turn dialogue. We eval-
uate on both Talkshow and DTC data to capture per-
formance across controlled and conversational set-
tings, using macro F1 to assign equal weight to all
dialect classes. We evaluate traditional classifiers—
Naïve Bayes (NB), SVM, and Logistic Regression
(LR)—trained on TF–IDF features in a fully su-
pervised setting, and fine-tune encoder-based mod-
els including IndoBERT (Koto et al., 2020b) and
XLM-R (Conneau et al., 2020) (BASE and LARGE
variants) on the Talkshow data before applying
them to DTC. Large language models—Qwen3
(Yang et al., 2025), Llama 3.1 (Grattafiori et al.,
2024), and closed-weight systems from OpenAI
and Cohere (Cohere et al., 2025)—are evaluated

via few-shot in-context learning on both datasets.
Generative models prompt for top-3 candidates, but
evaluation strictly uses top-1 predictions.

Machine Translation The machine trans-
lation task involves translating between In-
donesian and each dialect in both directions
(Indonesian→Dialect and Dialect→Indonesian).
We use utterance-level pairs from the Talkshow
parallel corpus, excluding utterances shorter than
three words. Translation quality is evaluated
using SacreBLEU (Post, 2018) and chrF. We
include Copy and phrase-based statistical machine
translation (PBSMT) (Lample et al., 2018) as
baselines. IndoGPT, IndoBARTv2 (Cahyawijaya
et al., 2021), and mT5BASE (Xue et al., 2021)
are fine-tuned, while Qwen3, Llama 3.1, and
closed-weight models are evaluated via supervised
fine-tuning with LoRA or few-shot prompting.

Dialect-controlled Generation This task eval-
uates a model’s ability to generate responses in a
target dialect given a dialogue context and an In-
donesian source utterance. We use the Talkshow
data, treating each Indonesian utterance as input
and its dialectal variant as reference. This dual con-
ditioning fixes semantic content, isolating dialect
realization from open-ended dialogue continuation
errors. Models are evaluated under few-shot set-
tings using SacreBLEU, chrF, and dialect identifi-
cation accuracy, where the latter measures whether
outputs are correctly classified into the target di-
alect by a fine-tuned IndoBERTLARGE model.

5 Result and Analysis

5.1 Dialect Identification
Best-Performing Model Table 3 reveals clear
performance gaps across models. Generative ap-
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ID → Dialecti

Model JAV SUN MIN DAY
B C B C B C B C

Copy 4.75 35.02 2.65 32.49 5.27 41.05 3.06 32.81
PBSMT 31.97 62.83 21.82 54.18 32.93 65.65 18.78 56.06

GPT-5 18.56 53.37 24.78 57.91 13.94 50.50 2.50 33.31
GPT-5-mini 14.06 48.36 20.50 54.49 7.76 43.68 2.01 31.24
CommandA 13.91 46.56 11.69 44.26 7.80 44.47 2.28 31.80

Qwen3-8B 23.84 56.80 15.72 49.38 25.42 59.81 8.96 43.13
Llama-3.1-8B 24.21 57.09 17.53 50.70 25.81 60.90 10.51 45.70

IndoGPT 12.11 46.11 10.58 41.38 14.67 42.20 5.46 30.07
IndoBARTv2 31.60 62.18 21.04 52.91 24.82 55.47 17.24 50.33
mT5B 30.57 62.14 21.46 54.43 19.01 49.10 13.05 37.19

(a) Indonesian → Dialect

Dialecti → ID

Model JAV SUN MIN DAY
B C B C B C B C

Copy 4.75 35.42 2.63 33.43 5.23 40.34 3.07 33.25
PBSMT 36.66 66.62 23.37 57.03 37.01 68.00 21.60 55.48

GPT-5 34.09 67.98 25.73 61.46 25.77 61.02 9.02 40.86
GPT-5-mini 25.62 61.71 20.15 58.06 18.37 53.07 5.62 36.45
CommandA 30.41 62.69 19.83 54.97 22.33 54.44 8.49 38.92

Qwen3-8B 26.01 57.59 17.05 50.60 26.20 58.15 11.15 42.22
Llama-3.1-8B 22.20 53.66 14.92 47.33 23.77 55.10 10.67 40.83

IndoGPT 13.21 43.17 15.06 33.37 11.39 32.32 5.76 22.11
IndoBARTv2 36.54 64.69 23.79 53.93 35.52 61.01 21.46 47.20
mT5B 33.70 63.81 23.19 55.25 37.67 63.36 26.10 46.91

(b) Dialect → Indonesian

Table 4: Language-group-level SacreBLEU (B) and chrF (C) scores for bidirectional translation. (a) shows
Indonesian-to-dialect performance, while (b) shows dialect-to-Indonesian performance.

Model JV MIN SU DAY

BLEU chrF DiA BLEU chrF DiA BLEU chrF DiA BLEU chrF DiA

OpenAI/GPT-5 8.03 27.17 23.73 6.31 25.89 23.73 7.16 27.19 54.92 6.44 25.02 17.00
OpenAI/GPT-5-mini 4.21 23.43 19.52 3.58 22.93 19.52 4.00 24.74 49.42 3.19 22.05 18.75
Cohere/CommandA 7.37 20.20 19.52 5.61 19.14 19.52 6.30 20.16 44.39 5.28 17.97 17.69
Llama-3.1-8B-Instruct 19.27 23.60 16.93 19.31 25.17 16.93 18.46 25.40 48.94 17.56 22.20 32.00
Qwen3/Qwen3-8B 20.41 25.10 36.13 19.99 25.64 36.13 19.38 26.07 46.60 20.02 24.51 97.32

IndoGPT 0.52 14.72 84.69 0.37 13.82 84.69 0.54 14.58 75.51 0.41 13.05 92.11
IndoBARTv2 1.05 20.49 61.87 0.84 17.79 61.87 1.08 20.56 64.58 1.15 19.54 90.45
mT5_base 15.46 21.29 60.90 19.48 25.23 60.90 17.28 22.43 38.69 19.16 23.51 94.56
Average 9.54 22.00 40.41 9.44 21.95 40.41 9.28 22.64 52.88 9.15 20.98 57.48

Table 5: Dialect-controlled generation results aggregated by language group. Scores report sacreBLEU (BLEU),
chrF, and dialect identification accuracy (DiA). bold text = best scores, underlined = second-best scores.

proaches perform poorly, with 3-shot GPT-5 av-
eraging 0.601 on Talkshow and 0.547 on DTC,
while fine-tuned Llama-3.1 is even worse (0.185
and 0.173). In contrast, classical models like Naïve
Bayes achieve strong results (0.896 and 0.976),
and IndoBERTLARGE dominates with near-perfect
scores (0.890 and 0.963). This pattern is consis-
tent with prior work on dialect identification, where
traditional models based on character- and word-
level features remain competitive benchmarks for
closely related language varieties (Zampieri et al.,
2017; Malmasi and Zampieri, 2017). Generative
models struggle most with closely related Javanese
dialects (are, mat, mur), where confusion is com-
mon, while Dayak varieties are consistently identi-
fied with high accuracy. Performance drops slightly
on DTC due to informal spelling and cultural ex-
pressions, but overall, encoder-based and classical
models far outperform generative ones.

Effect of Shared Vocabulary To examine the
impact of lexical similarity on dialect identifi-
cation, we compute the Pearson correlation (ρ)
between shared-vocabulary overlap (Fig. 4) and

instance-level correctness for each dialect using
IndoBERTLARGE on the Talkshow data (Table 3).
Negative correlations indicate that higher lexical
overlap is associated with increased confusion.
This effect is most pronounced for Javanese mat
(ρ = −0.284, F1: 0.830) and cir (ρ = −0.266,
F1: 0.966), where dialects such as mat and mur
share approximately 53% vocabulary yet must
be distinguished as separate classes. In contrast,
Dayak tmn shows perfect prediction, reflecting
clearer lexical separability, while Sundanese btn
(ρ = 0.157) exhibits a positive correlation, sug-
gesting that shared vocabulary can aid prediction
in some cases. These results show that high lexical
overlap reduces discriminative cues, increasing the
risk that models collapse closely related dialects
into a single dominant variety. More detailed anal-
ysis can be found in Appendix E.

5.2 Machine Translation

Indonesian-to-dialect Table 4a shows that trans-
lation performance is strongly influenced by the
similarity between Indonesian and the target dialect.
The Copy baseline achieves non-trivial scores for
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Figure 4: Correlation between shared-vocabulary over-
lap and instance-level dialect identification correctness.

Minangkabau and some Javanese varieties, reflect-
ing lexical overlap with Indonesian. PBSMT deliv-
ers the best overall results, with particularly strong
performance on Minangkabau (BLEU: 32.93, chrF:
65.65) and Javanese (BLEU: 31.97, chrF: 62.83).
Neural models show varied performance: Indo-
BARTv2 performs competitively across Javanese
and Minangkabau, while mT5 achieves solid re-
sults on Sundanese. Large generative models (GPT-
5, Qwen3, Llama-3.1) consistently underperform
relative to supervised baselines, with the largest
gaps on lexically distant Dayak dialects (GPT-5:
BLEU 2.50, chrF 33.31). These results are consis-
tent with prior findings that phrase-based statistical
methods remain effective for translation between
closely related language varieties under limited
data conditions (Bawden et al., 2022; Lample et al.,
2018).

Dialect-to-Indonesian As shown in Table 4b,
translating from dialects into Indonesian is gen-
erally easier and more stable, reflecting Indone-
sian’s status as a high-resource standardized lan-
guage. PBSMT achieves the strongest results for
Javanese (BLEU: 36.66, chrF: 66.62) and Minangk-
abau (BLEU: 37.01, chrF: 68.00). Neural mod-
els IndoBARTv2 and mT5 are closely competitive,
with mT5 achieving the best results on Minangk-
abau (BLEU: 37.67) and Dayak (BLEU: 26.10).
Large generative models perform notably better
in this direction than in ID-to-dialect translation—
GPT-5 achieves strong chrF scores on Javanese
(67.98) and Sundanese (61.46)—suggesting that
models can understand dialectal input more reli-
ably than they can generate dialect-specific forms.
However, reference-based metrics like BLEU and
chrF rely on single-reference surface overlap and
may underestimate the quality of outputs that use
valid alternative dialectal expressions, a limitation

particularly relevant for generative models in this
low-resource setting.

Human Evaluation To better understand transla-
tion errors beyond automatic metrics, we conduct
a human evaluation of PBSMT outputs. Annota-
tors label errors into five categories, with detailed
definitions provided in the Appendix F. The error
shown in Table 6 distribution varies across dialects.
jv_mat shows the highest rates of Addition (62%)
and Omission (79%), indicating frequent content
modification. day_nij exhibits the most Dialect
Errors (61%) and substantial Word Order Errors
(44%), reflecting difficulty in preserving dialect-
specific structure. su_par shows notable Morphol-
ogy Errors (37%), while min_agm has lower overall
errors but still significant dialect mismatches (50%).
These results suggest that dialect distance and struc-
tural differences influence translation errors.

Dialect Add Omm WO DO MO

day_nij 29.17 33.33 44.44 61.11 40.28
jv_mat 62.28 78.89 24.17 73.33 23.61
min_agm 27.03 20.27 36.49 50 14.87
su_par 32.86 50 25.71 35.71 37.14

Table 6: Human evaluation of PBSMT outputs by di-
alect. Values are in percentages. Errors include Addition
(Add), Omission (Omm), Word Order (WO), Dialect
(DO), and Morphology (MO); categories may overlap.

5.3 Dialect-controlled Generation
Table 5 shows that most models struggle to produce
utterances faithful to the intended dialect. Qwen3
achieves the highest BLEU scores across all four
language groups, and GPT-5 obtains the highest
chrF scores, yet their dialect identification accuracy
(DiA) remains modest, ranging from 17.00 to 54.92
for GPT-5 and from 36.13 to 97.32 for Qwen3.
Qwen3 is a notable outlier on Dayak, reaching
97.32 DiA, but its dialect control on Javanese, Mi-
nangkabau, and Sundanese stays between 36 and
47, indicating that strong surface overlap with the
reference does not imply strong dialect fidelity. In
contrast, IndoGPT achieves the strongest dialect
control overall, with DiA between 75.51 and 92.11
across all four languages, likely due to fine-tuning,
but its generations collapse into repetitive and de-
generate outputs, yielding BLEU below 1.1 and
chrF below 15. Encoder–decoder models such as
IndoBARTv2 and mT5_base offer a more balanced
profile, producing coherent outputs with moder-
ate BLEU and chrF while maintaining competitive
DiA, with IndoBARTv2 in particular achieving the

22577



second-best DiA on JV (61.87), MIN (61.87), SU
(64.58), and DAY (90.45).

Surface fidelity versus dialect realization.
BLEU, chrF, and DiA capture complementary as-
pects of dialect-controlled generation. GPT-5 at-
tains the highest chrF across all four language
groups yet records the lowest DiA on Dayak
(17.00) and modest DiA on Javanese and Minangk-
abau (23.73), indicating fluent outputs that normal-
ize toward standard Indonesian. IndoGPT shows
the opposite pattern, with the strongest DiA over-
all (75.51–92.11) but collapsed BLEU (<1.1) and
chrF (<15), suggesting the classifier latches onto
dialect-specific lexical markers even in repetitive
or malformed outputs. Qwen3 sits between these
extremes, with the highest BLEU but DiA of 36–47
on Javanese, Minangkabau, and Sundanese. These
patterns show that overlap-based metrics alone are
insufficient for evaluating dialect-controlled gener-
ation.

6 Conclusion and Future Work

We presented INDODIALECT, the first conversa-
tional dialect-level benchmark for Indonesian local
languages, comprising 14.2K native-written utter-
ances across four languages and eleven dialects.
Across three tasks, encoder models excel at dialect
identification, statistical methods remain competi-
tive in machine translation, and dialect-controlled
generation exposes a trade-off between fluency and
dialect fidelity. Future work includes (i) evaluating
annotator-disjoint splits to disentangle dialect-level
generalization from individual annotators’ idiolec-
tal patterns, (ii) exploring unprimed dialect genera-
tion, where models produce dialectal text without
conditioning on a source utterance, (iii) extending
our human error analysis beyond PBSMT to neural
and LLM-based translation systems, and (iv) ex-
panding dialect coverage while incorporating spo-
ken, code-mixed, and orthographically inconsistent
data to better reflect real-world dialect use. INDO-
DIALECT provides a foundation for equitable NLP
across linguistically diverse communities.

Limitations

INDODIALECT covers eleven dialects across four
languages, prioritizing key demographic and ge-
ographic centers rather than exhaustive coverage;
thus, findings may not generalize to unevaluated
varieties. The dataset is relatively small, uses con-
trolled dialogue writing, and draws from a homo-

geneous annotator pool (two native annotators per
dialect, aged 18–29). Our analysis focuses strictly
on lexical and text-based variation without phono-
logical or syntactic modeling. Additionally, surface
metrics like BLEU are sensitive to orthographic
variation, and varying dialectal strength in short
or weakly marked utterances poses classification
challenges despite multi-turn context.

Ethical Consideration

INDODIALECT supports low-resource dialect re-
search, though its controlled design and subtitle
sources do not capture Indonesia’s full dialectal
fluidity. Results should be interpreted with care
to avoid culturally inappropriate or misleading de-
ployments.

All content was manually vetted for harmful ma-
terial. Annotators provided informed consent, were
paid above the local minimum wage,4 and no per-
sonally identifiable information was collected. AI
assistants were used solely for text polishing.
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A Data Statement for INDODIALECT

A.1 General Information

Dataset title: INDODIALECT

Dataset curators: Salsabila Zahirah Pranida
Dataset version: 1.0 (September 2025)
Data statement authors: Salsabila Zahirah
Pranida
Data statement version: 1.1 (July 2026)

A.2 Executive Summary

INDODIALECT is a curated dataset of multi-turn di-
alogues covering four Indonesian local languages
and eleven dialects across Javanese, Sundanese,
Minangkabau, and Dayak. It consists of two com-
ponents: a translation-parallel corpus derived from
Indonesian source dialogues and a WhatsApp-style
conversational corpus designed to capture natural
and culturally grounded dialect usage. All data are
produced by native speakers of the target dialects
and validated through human quality checking. IN-
DODIALECT supports research on dialect-level lan-
guage understanding and generation, focusing on
dialect identification and machine translation, and
enables systematic analysis of dialect variation un-
der both controlled and informal settings.

A.3 Curation Rationale

INDODIALECT is created to address the lim-
ited coverage of dialect-level variation in exist-
ing multilingual and language-level datasets. The
translation-parallel component ensures consistent
semantic content across dialects for controlled com-
parison, while the multi-turn-style component cap-
tures informal language, cultural references, and
everyday usage patterns. All translations and di-
alogues are produced by native speakers and un-
dergo human validation to ensure linguistic correct-
ness and natural usage, balancing data consistency
with authentic dialect expression for reliable eval-
uation across dialect-focused tasks. While tradi-
tional dialectological surveys identify broader sub-
divisions—such as the six Minangkabau regions
in Rusmali et al. (1985) or the four principal Sun-
danese zones in Nothofer (1977)—our selection
prioritizes salient demographic, geographic, and
resource-diverse representatives. For instance, our
five Javanese dialects represent the predominant
regional varieties spanning the vast majority of the
80M+ Javanese speakers, while in Sundanese we
include dominant highland Parahyangan alongside
western coastal Banten. For Minangkabau, Agam

and Lima Puluh Kota capture key highland centers,
and for Dayak, we intentionally pair widely spoken
Dayak Ngaju with the endangered Dayak Taman to
cover distinct linguistic branches within Kaliman-
tan. While not exhaustive, this design establishes a
principled benchmark for authentic regional varia-
tion.

A.4 Documentation for Source Datasets

The translation-parallel component of INDODI-
ALECT is derived from Indonesian source dialogues
collected from publicly available conversational re-
sources, including subtitle data and online video
transcripts such as YouTube and OpenSubtitles.
The multi-turn-style conversational data are created
directly by native speakers based on predefined top-
ics from IndoCloze (Koto et al., 2022), rather than
sourced from existing datasets. This design ensures
natural dialogue, cultural grounding, and informal
usage, while all data are reviewed during curation
to remove sensitive or harmful content and main-
tain consistency across dialects.

A.5 Language Variety

Dayak is a collective term for a group of Aus-
tronesian languages spoken across Central and
West Kalimantan. Many Dayak varieties have rel-
atively small speaker populations, often ranging
from ten thousand to one hundred thousand (Eber-
hard et al., 2021). These languages show consid-
erable lexical and morphological diversity due to
geographic separation and long-standing local tra-
ditions (Soriente and Inagaki, 2012; Patriantoro,
2021). Among the many Dayak varieties, two that
are particularly relevant for this study are Dayak
Ngaju and Dayak Taman. Dayak Ngaju is a West
Barito language spoken along major rivers in Cen-
tral Kalimantan and has historically functioned as
a regional lingua franca (Dwisetyo et al., 2023).
Dayak Taman covers two related but distinct vari-
eties: Tamanic Taman and Sekadau Taman (Ade-
laar, 1994; Shin, 2024).

Javanese is an Austronesian language spoken
mainly on Java, with over 80 million speak-
ers (Eberhard et al., 2021). It is characterized by
a well-developed system of speech levels, such as
ngoko (informal) and krama (polite), which mark
social hierarchy and interactional norms (Poed-
josoedarmo, 1968). The language shows substan-
tial regional variation in phonology, vocabulary,
and pragmatic expression (Kartikasari and Lak-
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sono, 2022). A widely used classification divides
Javanese into three major dialect areas: Western
Javanese, Central Javanese, and Eastern Javanese,
each containing several subdialects with distinct
linguistic traits (Nothofer, 1982).

Minangkabau is an Austronesian language spo-
ken mainly in West Sumatra and parts of Riau and
Negeri Sembilan in Malaysia, with an estimated 5–
6 million speakers (Eberhard et al., 2021). Rusmali
et al. (1985) identifies 6 major dialect areas based
on regencies in West Sumatra, namely Agam, Lima
Puluh Kota, Pariaman, Tanah Datar, Pesisir Sela-
tan, and Solok. These dialects differ in phonology,
morphology, and traditional registers, reflecting
regional identity and historical migration patterns.

Sundanese is the second most widely spoken
language in Java, with about 30–40 million speak-
ers (Eberhard et al., 2021). Like Javanese, it is
an Austronesian language and has a politeness
system that influences lexical and grammatical
choices (Noorduyn, 1963). Anderson (1997) de-
scribes three Sundanese speech levels, namely
lemes (polite), sedeng (middle), and kasar (rough).
Sundanese also shows considerable regional varia-
tion, with dialects differing in phonology, prosody,
and core vocabulary (Thamrin and Isnendes, 2020).
A major dialect study by Nothofer (1977) identifies
4 principal dialect areas: Banten, Bogor, Priangan,
and Cirebon, which includes the western part of
Brebes.

A.6 Speaker and Annotator Demographic
In INDODIALECT, the speakers and annotators are
the same individuals involved in data creation. All
participants are native speakers of their respec-
tive target dialects, fluent in Indonesian, and re-
cruited from regions where the dialects are com-
monly spoken based on self-reported regional back-
ground. These regions include Pati and Demak
(Muria), Cirebon (Cirebon), Banjarnegara (Nga-
pak), Sidoarjo and Surabaya (Arekan), Yogyakarta
(Mataraman), Agam (Agam), Lima Puluh Kota
(Lima Puluh Kota), Bandung and Garut (Parahyan-
gan), Pandeglang and Serang (Banten), Kapuas
Hulu (Taman), and Kapuas and Palangkaraya
(Ngaju). All participants are between 18 and 29
years old, and gender information is recorded in
aggregate form, with a mix of male and female
representation across dialect groups.

Annotators are selected based on self-reported
native proficiency in the target dialect, long-term

residence in the target region for more than ten
years with at least one parent being a native of
that region, and demonstrated ability to perform
translation and dialectal writing tasks. All annota-
tors have completed at least high school education
(SMA or equivalent), and most have completed
or are pursuing an undergraduate degree. Three
annotators report prior experience in data annota-
tion, while the remaining annotators do not. While
employing two annotators per dialect prioritizes es-
tablishing a high-quality, verified benchmark rather
than capturing exhaustive demographic and age
variation across an entire region, these rigorous
recruitment criteria serve to minimize individual
idiolect bias. Furthermore, because these target
dialects are geographically distinct or mutually un-
intelligible, standard cross-dialect inter-annotator
agreement metrics are not applicable. For the Daily
Topic Conversation (DTC) component, dialogues
are written collaboratively by two annotators to sim-
ulate natural two-party, multi-turn conversations us-
ing everyday informal language. For the Talkshow
Data component, annotators follow the register and
content of the Indonesian source dialogues to main-
tain semantic consistency across dialects.

A.7 Compensations

Annotators were recruited through Upwork and
compensated USD 76 (approximately 1,270,000
IDR) for completing their assigned workload (trans-
lating 500 dialogues, co-writing 100 conversational
dialogues, and performing perturbation validation).
On average, annotators spent approximately 20–25
hours in total to complete all tasks, resulting in
an effective hourly wage of approximately 50,000–
63,000 IDR per hour. This compensation was deter-
mined proportionally based on Indonesia’s average
monthly minimum wage (approximately 3,300,000
IDR for a 160-hour work month). All participants
provided informed consent, were aware that their
contributions would be used for research purposes,
and that the resulting dataset would be publicly
released. The dataset was manually reviewed to
ensure that it does not contain harmful, offensive,
or sensitive content, and that no personal or identi-
fying information about annotators is included.

A.8 Intended Use and Responsible Use

INDODIALECT is intended for academic research
on dialect processing, including tasks such as di-
alect identification and machine translation, with
a focus on low-resource and closely related lan-
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guage varieties. The dataset is constructed through
controlled annotation and is designed to support
systematic analysis; however, it may not fully cap-
ture the diversity of real-world dialect usage. As
such, it should not be used to make assumptions
about linguistic correctness, social hierarchy, or
broader cultural practices beyond the specific con-
texts represented in the data.

INDODIALECT is released for research and ed-
ucational purposes. Although the dialogues are
newly created and translated by native speakers,
part of the dataset is derived from publicly avail-
able subtitle data, and users are responsible for
ensuring compliance with the licensing terms of
the original sources. The dataset is not intended for
commercial use without appropriate review of li-
censing conditions, and we discourage applications
that may lead to harmful, misleading, or culturally
inappropriate outcomes. Users are encouraged to
cite this work when using INDODIALECT in aca-
demic or applied research.

A.9 Distinctive Lexical Characteristics

To further characterize the dialectal space of IN-
DODIALECT, we analyze the most salient lexical
markers across all eleven varieties using TF–IDF
keyness scoring over the parallel corpus (Figure 5).
The analysis reveals stark regional divergence: in
Javanese, varieties diverge sharply in their pronom-
inal and negation systems (nyong/ora in Nga-
pak, isun/sira/beli in Cirebon, and awakmu/gak in
Arekan). Similarly, Minangkabau dialects diverge
in negation markers (ndak in Agam vs. ndo in Lima
Puluh Kota), while the two Dayak varieties exhibit
near-complete lexical dissimilarity, reflecting their
distinct linguistic sub-branches.

B Annotator Guidelines

Annotators are native speakers of the target dialects
and were trained to produce natural, contextually
appropriate conversational data. The annotation
process consists of two main tasks: dialogue trans-
lation and dialogue creation, along with an addi-
tional quality checking step to ensure consistency
and accuracy.

B.1 Task A: Dialogue Translation

Annotators translate Indonesian dialogues into a
target dialect while preserving meaning, tone, and
conversational structure, as showing in Table 7.
Translations are required to be natural and fluent

rather than literal, reflecting realistic usage of the
dialect. Annotators are instructed to consistently
use the assigned dialect, maintain dialect-specific
grammatical and lexical patterns, and apply appro-
priate politeness levels based on speaker roles and
social context. Expressions may be adapted to re-
flect relationships such as peer-to-peer or family in-
teractions, while unnecessary mixing with standard
Indonesian should be avoided unless contextually
appropriate.

Indonesian (Source) Dialect (Example)

Aku mau pergi ke pasar
sekarang. (I want to go
to the market now.)

Aku arep lunga
menyang pasar saiki. (I
want to go to the market
now.)

Table 7: Example of dialogue translation from Indone-
sian to a Javanese dialect.

B.2 Task A.2: Translation Quality Checking
After translation (Table 8), annotators review a sub-
set of dialogues produced by others within the same
dialect speaker to ensure quality and consistency.
This process involves correcting typographical and
grammatical errors, verifying that translations pre-
serve the original meaning, and ensuring appro-
priate use of politeness levels and dialect-specific
forms. The goal is to maintain consistency across
annotators while preserving natural variation in lan-
guage use.

Source Before (Incor-
rect)

After (Cor-
rected)

Saya mau
makan dulu.
(I want to eat
first.)

Aku mau
makan dulu.
(I want to eat
first.)

Kulo badhe dha-
har rumiyin. (I
would like to
eat first.)

Table 8: Example of translation quality checking. The
corrected version reflects appropriate politeness and
dialect usage.

B.3 Task B: Dialogue Creation
Annotators collaboratively create multi-turn dia-
logues based on predefined topics and contexts
(Table 9). Each dialogue consists of five turns
(A–B–A–B–A) and is expected to develop naturally
without rigid scripting. Annotators use dialect-
specific vocabulary, expressions, and discourse
markers, while maintaining coherence and rele-
vance to the assigned topic. Informal or collo-
quial forms are encouraged where appropriate, and
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Figure 5: Top distinctive lexical features per dialect based on TF–IDF scores across the parallel conversational
corpus, demonstrating sharp lexical divergence in pronouns, negation, and regional discourse particles.

switching to other dialects or standard Indonesian
should be avoided unless required by context.

Dialogues must also reflect culturally appropri-
ate interactions, including correct use of politeness
and role-based language. Annotators are instructed
to avoid offensive or inappropriate content and to
ensure that conversations flow naturally, maintain
consistent tone, and end with a clear conversational
closure.

Example Scenario Role A = Pak Surya (older),
Role B = Mbak Rini (younger). Context: Pak Surya
invites Mbak Rini to check farmland ready for har-
vest and discuss selling strategies for the upcoming
market.

Speaker Utterance (Javanese) English Translation

Pak Surya Mbak Rini, monggo nderek kulo mriksani
sawah ingkang sampun siyap dipun panen.

Mbak Rini, please come with me to check
the field that is ready to be harvested.

Mbak Rini Inggih Pak, kulo siap. Menawi sampun
dipun panen, rencanane badhe dipun sade
wonten pundi?

Yes, sir, I am ready. After harvesting, where
do you plan to sell it?

Pak Surya Kulo remen badhe dipun sade wonten pasar
minggu ngajeng, amargi regine langkung
sae.

I would prefer to sell it at next week’s market
because the price is better.

Mbak Rini Inggih Pak, menawi mekaten kita saged nyi-
apaken strategi sade saking sakmeniko.

Yes, sir, in that case we can start preparing a
selling strategy from now.

Pak Surya Leres, kita kedah ngatur distribusi supados
hasilipun saged maksimal.

That’s right, we need to manage the distribu-
tion so that the results can be maximized.

Table 9: Example of dialogue creation reflecting role-
based politeness and hierarchical interaction, with En-
glish translations for clarity.

All dialogues are expected to maintain natural
conversational flow, consistent tone, and appropri-
ate closure. Annotators are instructed to avoid of-

fensive or inappropriate content and to ensure that
language use reflects realistic communication in
the target dialect.

C Prompt Template

Dialect identification. We use an in-context
learning prompt that asks the model to return the
top-3 most likely dialect labels for a given conver-
sation window in a strictly JSON-formatted output,
illustrated in Figure 6.

Machine translation. We prompt models to
translate a source sentence from a specified dialect
to a target dialect, optionally preceded by k in-
domain examples to guide the mapping, illustrated
in Figure 7.

Dialect-controlled generation. We prompt mod-
els to continue a dialogue in a specified target di-
alect, given a conversation context in a source di-
alect. The model is instructed to generate only the
next turn while preserving the speaker label and
turn index format, illustrated in Figure 8.

D Hyperparameters

D.1 Model Checkpoint
To ensure strict reproducibility, open-weight mod-
els (LLAMA-3.1 and QWEN3) were executed lo-
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Dialect Identification Prompt Template

[Few-shot block]
Example 1:
Conversation: <conversation_text_1>
Answer: <label_1>, <label_2>, <label_3>
. . .
Example k:
Conversation: <conversation_text_k>
Answer: <label_1>, <label_2>, <label_3>

Human: Given the conversation: <conversation_text>
Here are the options of dialects:
id, jv_are, jv_mat, jv_mur, jv_nga, jv_cir,
su_par, su_btn, day_nij, day_tmn, min_agm,
min_lkt, others
Assistant: Return ONLY JSON in exactly this format:
{
"input": "<conversation_text>",
"lid": ["<label1>", "<label2>", "<label3>"]

}
Make sure to include exactly three distinct labels from the
given list, in order of likelihood.

Figure 6: Prompt template used for dialect identifica-
tion.

Machine Translation Prompt Template

You are a translation system. Translate the following text
from <SOURCE_DIALECT> to <TARGET_DIALECT>.

[Few-shot block]
Example 1:
<SOURCE_DIALECT>: <source_text_1>
<TARGET_DIALECT>: <target_text_1>
. . .
Example k:
<SOURCE_DIALECT>: <source_text_k>
<TARGET_DIALECT>: <target_text_k>

<SOURCE_DIALECT>: <source_text>
<TARGET_DIALECT>:

Figure 7: Prompt template used for machine translation.

Dialect-Controlled Generation Prompt Template

You are a dialogue assistant.
The conversation so far is written in <SOURCE_DIALECT>.
Continue the dialogue by answering as the same speaker as
the last turn, but write the response in <TARGET_DIALECT>.
Preserve the speaker label and dialogue format exactly as
in the context. Generate only a single next turn.

[Few-shot block]
Example 1:
<SOURCE_DIALECT> (conversation so far):
<context_text_1>
<TARGET_DIALECT> (next turn):
<target_reply_1>
. . .
Example k:
<SOURCE_DIALECT> (conversation so far):
<context_text_k>
<TARGET_DIALECT> (next turn):
<target_reply_k>

<SOURCE_DIALECT> (conversation so far):
<conversation_text>

<TARGET_DIALECT> (next turn):

Figure 8: Prompt template used for dialect-controlled
generation.

cally via Hugging Face transformers. Closed-
weight proprietary models (GPT-5, GPT-5-MINI,
and Cohere COMMAND A) were queried via their
official APIs. Specific checkpoints, API versions,
and access dates are summarized in Table 10.

Model Endpoint Access

LLAMA-3.1 meta-llama/Llama-3.1-8B-Instruct Hugging Face (Oct 2025)
QWEN3 Qwen/Qwen3-8B-Instruct Hugging Face (Oct 2025)
GPT-5 gpt-5 OpenAI API (Sept 2025)
GPT-5-MINI gpt-5-mini OpenAI API (Sept 2025)
COMMAND A command-a-03-2025 Cohere API (Sept 2025)

Table 10: Model checkpoints, endpoints, and access
dates.

D.2 Dialect Identification
For dialect identification, we evaluate both sta-
tistical and encoder-based models using a con-
trolled hyperparameter search. Statistical base-
lines, including Naive Bayes (NB), Support Vector
Machines (SVM), and Logistic Regression (LR),
are trained with bag-of-words (BoW) and TF-IDF
features, with model-specific hyperparameters se-
lected from predefined ranges, as summarized in
Table 11.

Encoder-based models are fine-tuned using In-
doBERT and XLM-R variants with a shared train-
ing setup. Learning rates and batch sizes are ex-
plored while keeping other settings fixed for con-
sistency, as shown in Table 12. To mitigate vari-
ance introduced by stochastic optimization, all fine-
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Hyperparams NB SVM LR

Feature {BoW, TF-IDF}
α 0.001–1.0 – –
C – 0.01–100 0.001–100
Kernel – {linear, rbf} –

Table 11: Hyperparameters and search ranges for statis-
tical models used in dialect identification.

tuned encoder models are trained across three in-
dependent runs with random seeds ∈ {1, 2, 3}, and
all reported metrics correspond to the average score
across these runs.

Setting Value / Search Space

Models IndoBERT-base, IndoBERT-large,
XLM-R-base, XLM-R-large

Max length 256
Learning rate {1e-4, 5e-5, 1e-5, 5e-6, 1e-6}
Batch size {8, 16, 32}
Epochs 50

Table 12: Hyperparameters for fine-tuning encoder-
based models on dialect identification.

D.3 Machine Translation
We fine-tune IndoGPT, IndoBARTv2, and
mT5BASE using a shared set of hyperparameters
to ensure a fair comparison across architec-
tures, as summarized in Table 13. Following
NusaX (Winata et al., 2023), all fine-tuned
machine translation models are trained across three
independent runs with random seeds ∈ {1, 2, 3}
to reduce optimization variance; reported per-
formance metrics represent the arithmetic mean
across these runs. For few-shot LLM baselines, we
employ deterministic inference settings to ensure
reproducible and consistent evaluation.

Hyperparameter IndoGPT IndoBARTv2 mT5BASE

Learning rate 1× 10−4 1× 10−4 5× 10−4

Gamma (γ) 0.98 0.98 0.95

Table 13: Model-specific hyperparameters for machine
translation fine-tuning. Common settings across all mod-
els: batch size = 16, max epochs = 20, early stopping
patience = 10, and random seeds ∈ {1, 2, 3}.

D.4 Dialect-Controlled Generation
For dialect-controlled generation, we follow the
same training configuration as the machine transla-
tion experiments (Table 13) to maintain consistent

optimization and stopping criteria across settings.
In particular, we fine-tune the same backbone mod-
els with the same sequence length, learning rate
schedule, batch size, epochs, and multiple random
seeds ({1, 2, 3}), averaging results across runs. We
only alter the input–output formatting to enforce an
explicit target-dialect constraint during generation.

E Dialect Identification

E.1 Model Performance

Tables 14 and 15 summarize dialect identification
performance across models on the Talkshow and
DTC datasets. Across both settings, encoder-based
and classical models consistently outperform large
generative language models, with IndoBERTLARGE
and Naive Bayes achieving the strongest and most
stable performance across dialects. Errors are con-
centrated among closely related Javanese dialects,
particularly mat and mur, while Minangkabau and
Dayak dialects are identified with near-perfect ac-
curacy. Performance generally decreases on the
DTC dataset due to informal spelling and conver-
sational variation, but the relative ranking of mod-
els remains consistent, indicating that dialect sim-
ilarity—rather than dataset style—is the primary
source of confusion.

E.2 Effect on Input Length

We examine how IndoBERTLARGE performance
varies with input length across Talkshow and DTC
datasets. As shown in Figure 9, F1 scores generally
improve with longer inputs, with the largest gains
from short to medium-length texts and smaller im-
provements beyond that. This trend is stronger on
DTC, where informal and conversational writing
benefits more from added context, while Talkshow
remains relatively stable due to its controlled style.
Gains are not uniform across dialects: varieties
like su_par and day_tmn improve noticeably with
longer inputs, whereas closely related Javanese di-
alects remain difficult to separate even with more
context.

E.3 Dialect-Level Confusion Analysis

Figure 10 shows that IndoBERTLARGE achieves
near-perfect accuracy for most dialects, but confu-
sion persists among closely related varieties. Ja-
vanese dialects (are, mat, mur, nga, cir) exhibit
the highest overlap, with misclassifications con-
centrated between mat and mur. Sundanese di-
alects also show moderate confusion, particularly
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Figure 9: F1 score trends of IndoBERTLARGE across text
length bins on the Talkshow Data and DTC Datasets.

between par and btn, while Minangkabau and
Dayak varieties are almost perfectly distinguished,
reflecting stronger lexical separation.
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Figure 10: Confusion matrix of IndoBERTLARGE on the
Talkshow Data dataset across dialect groups.

Figure 11 shows that IndoBERTLARGE performs
well on the DTC dataset, but confusion remains
among closely related dialects. This is most evident
within the Javanese group, with frequent misclas-
sifications between mat and mur, and to a lesser
extent between Sundanese par and btn. In con-
trast, Minangkabau and Dayak dialects are largely
well separated despite conversational noise.

F Machine Translation

Indonesian-to-dialect Table 16 presents detailed
SacreBLEU scores for Indonesian-to-dialect trans-
lation across all dialects.

Dialect-to-Indonesian Table 17 reports detailed
SacreBLEU scores for dialect-to-Indonesian trans-
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Figure 11: Confusion matrix of IndoBERTLARGE on the
DTC Dataset across dialect groups.

lation across all dialects.

Human Evaluation While automatic metrics
capture overall trends, they do not reveal specific
error types. To better understand model behavior
for Indonesian-to-dialect translation, we conduct
a human evaluation of PBSMT outputs. Annota-
tors classify errors into five categories: Addition
(extra information not in the reference), Omission
(missing words or phrases), Word Order Error
(unnatural or confusing sequence), Dialect Error
(use of incorrect dialect), and Morphology Error
(incorrect or unnatural word forms).

Table 18 presents representative examples from
the human evaluation of PBSMT outputs on Sec-
tion 5.2, illustrating common error types observed
across dialects. Annotators highlight additions,
omissions, word order issues, dialect mismatches,
and morphological errors to provide qualitative in-
sight into the strengths and limitations of phrase-
based translation in dialectal settings.

G Dialect-Controlled Generation

Table 19 reports dialect-level accuracy for dialect
controlled generation across all dialects, providing
a fine-grained view of model performance beyond
the aggregated results in the main paper.
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Model ID Javanese Sundanese Minangkabau Dayak AVG
id are mat mur nga cir par btn agm lkt nij tmn

Multilingual LMs

GPT-5 0.998 0.192 0.250 0.451 0.530 0.696 0.569 0.624 0.568 0.525 0.960 0.844 0.601
GPT-mini 0.979 0.006 0.392 0.151 0.041 0.113 0.601 0.038 0.377 0.041 0.339 0.147 0.269
Command A 0.985 0.447 0.370 0.024 0.372 0.411 0.051 0.663 0.518 0.240 0.684 0.333 0.425
Qwen3 8B 0.268 0.196 0.076 0.000 0.177 0.000 0.039 0.000 0.000 0.000 0.000 0.127 0.074
Llama 3.1 8B 0.622 0.230 0.000 0.026 0.007 0.000 0.332 0.078 0.353 0.173 0.396 0.000 0.185

Classical Machine Learning

NB 1.000 0.997 0.818 0.792 0.990 0.988 0.500 0.714 0.978 0.978 1.000 1.000 0.896
SVM 0.995 0.977 0.832 0.775 0.988 0.981 0.514 0.664 0.947 0.950 1.000 1.000 0.885
LR 0.995 0.979 0.827 0.771 0.988 0.979 0.515 0.661 0.955 0.958 1.000 1.000 0.886

Pre-trained Models

IndoBERTBASE 0.995 0.975 0.815 0.787 0.970 0.975 0.528 0.671 0.961 0.962 0.995 0.998 0.886
IndoBERTLARGE 0.993 0.982 0.830 0.809 0.978 0.966 0.520 0.675 0.965 0.966 0.995 1.000 0.890
XLM-RBASE 0.995 0.987 0.818 0.795 0.975 0.978 0.540 0.640 0.964 0.966 0.997 0.995 0.887
XLM-RLARGE 0.995 0.982 0.845 0.826 0.973 0.975 0.491 0.630 0.971 0.972 0.995 0.998 0.888

Table 14: Dialect identification performance on F1 of the Talkshow dataset. Results are grouped by model family
and language–dialect columns.

Model Javanese Sundanese Minangkabau Dayak AVG
are mat mur nga cir par btn agm lkt nij tmn

Multilingual LMs

GPT-5 0.288 0.249 0.502 0.345 0.583 0.584 0.755 0.529 0.408 0.981 0.795 0.547
GPT-mini 0.036 0.418 0.208 0.023 0.318 0.633 0.056 0.386 0.000 0.274 0.053 0.219
Command A 0.309 0.296 0.005 0.154 0.061 0.029 0.669 0.478 0.170 0.669 0.230 0.279
Qwen3 8B 0.207 0.071 0.049 0.117 0.000 0.015 0.000 0.005 0.014 0.000 0.194 0.061
Llama 3.1 8B 0.249 0.000 0.000 0.010 0.005 0.342 0.022 0.427 0.204 0.604 0.005 0.170

Classical Machine Learning

NB 0.998 0.966 0.968 0.998 0.996 0.923 0.931 0.976 0.976 1.000 1.000 0.976
SVM 0.968 0.926 0.959 0.983 0.992 0.911 0.921 0.964 0.963 1.000 1.000 0.963
LR 0.947 0.883 0.947 0.983 0.996 0.927 0.935 0.959 0.958 1.000 1.000 0.958

Pre-trained Models

IndoBERTBASE 0.951 0.914 0.934 0.986 0.992 0.901 0.911 0.959 0.959 1.000 0.999 0.955
IndoBERTLARGE 0.964 0.903 0.930 0.989 0.986 0.933 0.939 0.974 0.974 1.000 1.000 0.963
XLM-RBASE 0.950 0.854 0.911 0.973 0.987 0.928 0.932 0.974 0.975 1.000 0.999 0.953
XLM-RLARGE 0.980 0.826 0.878 0.989 0.986 0.952 0.953 0.970 0.971 1.000 0.999 0.955

Table 15: Dialect identification performance on F1 of the DTC dataset. Results are grouped by model family and
language–dialect columns.

ID → Dialecti

Model Javanese Sundanese Minangkabau Dayak avg
are mat mur nga cir par btn agm lkt nij tmn

Copy 4.88 3.85 5.24 3.02 6.77 2.79 2.50 5.14 5.39 2.70 3.42 4.15
PBSMT 40.73 25.20 35.16 28.88 29.89 18.54 25.09 40.22 25.64 24.71 12.85 27.90

GPT-5 14.31 23.34 29.17 11.89 14.10 26.37 23.19 16.62 11.26 2.53 2.47 15.93
GPT-5-mini 10.07 22.51 23.52 6.86 7.32 21.45 19.55 9.08 6.43 1.68 2.34 11.89
Command A 10.48 16.61 21.46 9.83 11.15 12.30 11.07 7.61 7.99 2.20 2.35 10.28

Qwen3 8B 29.84 19.76 25.59 22.13 21.89 15.14 16.30 30.50 20.34 12.14 5.78 19.95
Llama-3.1 8B 30.18 19.04 25.53 22.48 23.84 16.73 18.32 31.48 20.14 13.99 7.02 20.80

IndoGPT 16.85 6.72 12.06 13.39 11.52 6.57 14.59 23.77 5.56 8.24 2.67 11.09
IndoBARTv2 39.27 25.40 32.67 30.18 30.49 17.45 24.64 27.42 22.22 22.47 12.01 25.84
mT5BASE 37.68 23.44 33.07 29.10 29.57 17.48 25.45 16.89 21.12 16.60 9.49 23.63

Table 16: SacreBLEU scores for Indonesian-to-dialect translation across models (Indonesian → Dialecti)
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Dialecti → ID

Model Javanese Sundanese Minangkabau Dayak avg
are mat mur nga cir par btn agm lkt nij tmn

Copy 4.88 3.85 5.22 3.01 6.80 2.76 2.49 5.10 5.35 2.67 3.46 4.14
PBSMT 43.11 38.53 34.11 25.59 41.95 24.49 22.24 38.12 35.90 23.66 19.54 31.57

GPT-5 37.87 39.79 35.40 23.47 33.92 25.80 25.65 26.11 25.42 9.14 8.90 26.50
GPT-5-mini 26.30 33.00 28.91 15.13 24.77 21.12 19.17 18.89 17.84 4.09 7.14 19.67
CommandA 32.08 32.06 33.70 21.98 32.24 20.46 19.19 22.62 22.03 7.95 9.03 23.03

Qwen3 8B 29.10 26.48 24.62 18.06 31.77 18.87 15.23 26.82 25.58 10.51 11.79 21.71
Llama-3.1 8B 24.49 21.49 21.06 17.10 26.84 16.84 13.00 25.77 21.77 10.74 10.60 19.06

IndoGPT 11.88 10.87 8.07 13.24 21.99 4.33 13.20 12.08 10.71 8.07 3.45 10.72
IndoBARTv2 41.32 39.28 33.92 25.50 42.70 25.81 21.78 37.58 33.46 21.43 21.49 31.30
mT5BASE 32.65 37.09 31.78 26.27 40.69 25.22 21.15 39.87 35.47 22.54 15.76 29.86

Table 17: SacreBLEU scores for dialect-to-Indonesian translation across models (Dialecti → Indonesia).

Dialect Reference Hypothesis

day_nij tuh uluh uluh kantor regional tuh jadi pasti angat
are waktu akan tes wawancara malah ikau ah je
handak mundur (Those people at the regional
office are surely angry; during the interview you
suddenly wanted to withdraw.)

toh oloh kantor regional toh jadi pasti angat diper-
mainkan ikau ie jadi kalute nah ikau mampalepah katika
akan assesment wawancara malah bara kamunya je
mundur (Those people at the regional office are surely
angry; you were being toyed with, you became confused,
you ended up letting go during the assessment interview,
and in the end you yourself withdrew.)

su_par ti leutik nini galak ka bayu unggal bayu
nyokot dahareun sok dicarekan kue lebaran dis-
umputkeun padahal keur lebaran pa (Since child-
hood, grandma often scolded Bayu whenever he
took food and hid the Eid cookies.)

ti leutik nini ni galak jeung bayu unggal bayu mawa
kadaharan ambek kueh oge konsentrasi kana lebaran dis-
umputkeun padahal deui oge konsentrasi kana lebaran pa
(Since childhood, grandma was often angry with Bayu;
whenever Bayu brought food he got upset about the
cakes, still focused on Eid, hiding them even though he
was also focused on Eid.)

Table 18: Example of human evaluation analysis for PBSMT outputs. Highlighted spans indicate different error
types: Addition, Omission, Word Order Error, Dialect Error, and Morphology Error. English translations are
provided only to help readers understand the context and are not used for evaluation.

Model Javanese Sundanese Minangkabau Dayak

are mat mur nga cir par btn agm lkt nij tmn

GPT-5 13.33 48.67 54.00 1.33 1.33 33.33 76.51 50.00 44.30 20.67 13.33
GPT-5-mini 4.00 43.62 48.00 2.00 0.00 27.70 71.14 58.39 33.11 11.33 26.17
CommandA 12.08 28.67 40.54 14.29 2.03 27.70 61.07 34.00 31.54 4.08 31.29
Llama-3.1-8B 8.00 40.00 23.33 10.67 2.67 15.33 82.55 22.67 63.76 23.33 40.67
Qwen3-8B 28.00 28.67 44.67 25.33 54.00 3.33 89.86 48.00 54.36 94.63 100.00

IndoGPT 88.22 91.73 70.67 83.33 89.49 57.33 93.69 76.45 84.34 89.11 95.11
IndoBARTv2 34.89 73.15 61.56 75.78 63.98 42.67 86.49 66.89 53.02 97.56 83.33
mT5base 53.78 88.59 37.33 75.33 49.44 40.89 36.49 67.11 76.96 95.78 93.33

Table 19: Dialect-level accuracy (%) for dialect steering across all 11 dialects.

22591


