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Abstract

One of the greatest issues facing documentary
linguists is the transcription bottleneck. While
the large quantity of audio and video data gener-
ated as part of a documentary project serves as
a long-lasting record of the language, without
corresponding text transcriptions, it remains
largely inaccessible for revitalization efforts
and linguistic analysis. Automated Speech
Recognition (ASR) is frequently proposed as
the solution to this problem. However, two is-
sues often prevent documentary linguists from
making use of ASR models: 1) the thought that
the typical documentary project does not have
sufficient data to develop an adequate ASR
model and 2) that correcting the output of an
ASR model would be more time-consuming for
transcribers than simply creating a transcription
from scratch. In this paper, we tackle both of
these issues by developing an ASR model in
the larger context of a documentation project
for Nasal, a low-resource language of western
Indonesia. Fine-tuning a larger pre-trained lan-
guage model on 25 hours of transcribed Nasal
speech, we produce a model that has a 44%
word error rate. Despite this relatively high
error rate, tests comparing speed of transcrib-
ing from scratch and correcting ASR-generated
transcripts show that the ASR model can sig-
nificantly speed up the transcription process.

1 Introduction

The use of Automated Speech Recognition (ASR)
in language documentation and revitalization con-
texts has been met with almost universal enthusi-
asm due to its promise to loosen the transcription
bottleneck (see e.g. Berez-Kroeker et al., 2023).
The basic idea behind this approach is that while
the limited data of low resource languages is often
not able to produce highly accurate models com-
parable with those of high resource languages, it
is more efficient to correct the output of an ASR
model than to produce a transcription from scratch

(see Foley et al., 2018; Bird, 2021). This approach
crucially relies on an ASR model to generate tran-
scriptions accurate enough that making corrections
requires less time and effort than creating a tran-
scription anew. More recently, there is a grow-
ing number of ASR studies that demonstrate how
the accuracy of models with relatively little train-
ing data are able to be improved through the use
of pre-trained models of high resource languages
(Coto-Solano et al., 2022) or supplemental writ-
ten corpora in the target language (Bartelds et al.,
2023; San et al., 2023). Despite improvements to
ASR models in language documentation and re-
vitalization projects, it remains difficult to assess
the usefulness of such models as there has been
very little reported about how transcribers, who are
often native speakers and members of the speech
community, interact with the outputs of these ASR
models.

In this paper, we address this issue through a case
study of Nasal, an endangered, under-resourced
Austronesian language of Sumatra, Indonesia. The
study comprises two parts. The first discusses the
development of an ASR model for Nasal through
the fine-tuning of a pre-trained high-resource lan-
guage model using Whisper (Whisper 2024). The
second addresses the usefulness of such a model
for Nasal transcribers by comparing the process of
transcribing in ELAN from scratch against correct-
ing transcriptions generated by the ASR model.

This paper is organized as follows. The remain-
der of this section provides an introduction to the
Nasal speech community (§1.1) and the ongoing
Nasal documentation project (§1.2). §2 describes
the development of the ASR model for Nasal. §3
discusses the results from the model and the com-
parison between the two transcription methods. §4
provides some discussion on the viability of ASR
models for documentation projects, and §5 gives
some summary remarks.
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1.1 The Nasal speech community

Nasal [glottocode: nasa1239] is a Sumatran lan-
guage spoken by approximately 3,000 people in
southwest Sumatra, Indonesia (Billings and Mc-
Donnell, 2024). The Nasal speech community rep-
resents a fringe case of small-scale multilingualism
(Pakendorf et al., 2021) where, in addition to Nasal,
members of the community use two regionally
significant varieties of Malay – Kaur [glottocode:
kaur1269] and South Barisan Malay [glottocode:
cent2053] – in daily life. Nasal was not known to
linguists until 2007 (Anderbeck and Aprilani, 2013)
and thus little documentation of the language ex-
isted until the authors, a team of outsider linguists
and members of the Nasal speech community, initi-
ated a documentation project in 2017 that contin-
ues to the present (McDonnell 2017; McDonnell
et al. ongoing). At the onset of the project, several
members of the Nasal community, including the
third and fourth authors, were provided training
in a simplified system of Discourse Transcription
(Du Bois et al., 1993), methods for free transla-
tions into Indonesian (Schultze-Berndt, 2006), and
ELAN (ELAN 2024) and Fieldworks Language
Explorer (FLEx; Fieldworks 2024) software.

1.2 Documentation on Nasal

The documentation of Nasal consists of audiovi-
sual recordings of everyday conversations, cultur-
ally important events, active elicitation sessions to
elicit and discuss word meanings, and structured
tasks to elicit aspects of Nasal phonology and gram-
mar. In the vast majority of recordings, speakers
were recorded on separate channels using lapel or
headset microphones. Recording in this way better
facilitates the ability to train, test, and use ASR
models on conversational data by targeting individ-
ual speaker audio and reducing signal bleeding.

The largest portion of the documentation con-
sists of everyday conversations, followed by active
elicitation sessions. The majority of recordings that
fall into the prior category have been transcribed
using Discourse Transcription and translated into
Indonesian using ELAN and later glossed in FLEx.
However, the majority of the recordings that fall
into the latter category have yet to be transcribed
or translated. The aim of these active elicitation
sessions is to discuss a large number of lexical
items with their associated meanings and uses by
facilitating conversations of various semantic do-
mains. This documentation forms the basis of a

Nasal dictionary project.
At the outset of this documentation project,

project leaders (which includes the second author)
hosted a series of meetings to discuss issues such as
project outcomes and orthography development as
well as training workshops in Discourse Transcrip-
tion, ELAN, and FLEx at the Atma Jaya Catholic
University of Indonesia. The third and fourth au-
thors participated in the workshop. During the
workshop, they began producing transcriptions, and
with the help of project team members with linguis-
tics training, they began transcribing recordings of
conversations. Over subsequent years, Nasal tran-
scribers have honed transcriptions and translations
as well as their methods for transcribing. Currently,
transcriptions and corresponding translations are
produced by the third and fourth authors in ELAN
with the following workflow:

1. Segmentation: Segment recording into Into-
nation Units in Segmentation Mode in ELAN

2. Transcription: Fill empty annotations with
Nasal transcriptions

3. Discourse & translation: Input correspond-
ing discourse transcriptions and Indonesian
translations necessary for analysis

4. Context: Create additional annotations for
various types of sporadic notes (speech con-
text, code-switching, etc.)

Of these four steps, the one to be addressed by
the ASR model is transcription. Depending on the
granularity of transcription, it can take upwards
of forty minutes to transcribe one minute of audio
(Seifart et al., 2018), often requiring listening to
each individual annotation up to five or ten times.
Given its drastically greater time requirement over
the other steps, we decided to work on implement-
ing ASR for transcription first with plans to tackle
the remaining three in the future.

2 Methods

2.1 Data preparation
The data used for training and testing the ASR
model consist of transcribed audio from twenty-five
recordings of various genres: everyday conversa-
tion (13), brief map game and role-play tasks origi-
nally recorded for prosody elicitation (10), and se-
mantic domain active elicitation sessions recorded
for dictionary development (2). Sessions lasted
anywhere from fifteen minutes to three hours for
approximately 25 total hours of recording time.
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Each session included two to four speakers with
49 unique speakers in total (seven appeared in
two recordings, one appeared in three recordings).
While nearly all of the dictionary elicitation ses-
sions feature both the third and fourth author as fa-
cilitators, one or two additional speakers, differing
by recording, are also present, and thus training the
model on a diverse speaker population accords with
the intended use case. The transcriptions for these
recordings were produced by the third and fourth
authors over a period of four years. The text for
these transcriptions constitute the corresponding
text input for the language model. Audio segments
corresponding to the timestamps for the annota-
tions were extracted from each individual speaker
audio file. This training data for the ASR model
totaled more than 160,000 words in 66,500 anno-
tations accounting for 17.5 hours of speech time
(that is, excluding all silence, i.e. non-annotated
segments, from each speaker audio file).

2.2 ASR training

The data was split into two sets, training data and
testing data, with a simple 80/20 division of the
annotations, respectively. The ASR model was
built by fine-tuning the small model from Whis-
per (Whisper 2024), using the small model’s pre-
trained tokenizer and feature extractor from Indone-
sian, a related language. Fine-tuning ran over 5,000
steps with evaluation according to word error rate
(WER) taken at every 500-step checkpoint. The
best of these checkpoints was used in generating
the transcriptions for the transcription task.

2.3 Transcription task

In order to determine the viability of using ASR-
generated transcriptions over transcribing record-
ings from scratch, we designed a short transcrip-
tion task. In this task, the first author selected two
excerpts, one from a conversation and the other
from an active elicitation session and neither of
which was used in training and testing the model.
The 2 minute and 30 second excerpts were seg-
mented in ELAN, leaving empty annotations. The
third and fourth authors then each produced four
transcriptions on the two excerpts. The third au-
thor transcribed the elicitation session first and
the conversation second, while the fourth author
transcribed the conversation first and the elicita-
tion session second. Both started their first file by
correcting the ASR-generated transcript and then
transcribed from scratch, whereas with the second

file, they first transcribed from scratch and then
corrected the ASR-generated transcript. The task
was designed in this way so as to balance any con-
founding influence from the order of session or
transcription method. The third and fourth authors
screen-recorded the process of transcribing each of
the four files and later compared their experiences
in each.

3 Results

3.1 ASR results

Over the 5,000 steps of fine-tuning the ASR model,
the lowest error rate attained in the training check-
points was 43.9%, a significant improvement over
the 67.2% of the previous model trained on Nasal
data (San et al., 2023). When tested against two seg-
ments of audio not included in the testing set (one
from an everyday conversation, one from an active
elicitation session), WER was higher at 60.1% (con-
versation) and 54.1% (active elicitation). Character
error rate (CER) was similarly calculated for both
to gain a better understanding of the kinds of errors
made by the model. These came out to be 21.4%
(conversation) and 20.4% (active elicitation), cor-
responding as expected with the WER above given
the distribution of word length in Nasal. On fur-
ther inspection of the ASR output, these rates were
found to be inflated by errors with interjections
(e.g. transcribing a single syllable m rather than a
two syllable mm) and orthographic variations intro-
duced by the training data (see Limitations at the
end of this paper).

3.2 Transcription comparison results

After completing the transcription task, the third
and fourth authors found that correcting the ASR-
generated transcriptions was able to significantly
speed up transcription time, with all four tests
showing improvements. It is unsurprising that the
gains were higher (23.49% compared to 11.30%,
32.29% compared to 21.92%) when the ASR-
assisted method occurred second — as the authors
had already been exposed to the media once —
but the improvement is nonetheless apparent. Al-
though many corrections needed to be made to the
generated transcripts, changes were most often mi-
nor, single-letter or single-word edits and rarely
required reannotating an entire IU. Furthermore,
revising the automatic transcriptions was preferred
over transcribing from scratch, since having a base-
line of transcribed text meant the audio needed to
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be listened to fewer times in order for the recorded
speech to be accurately determined.

4 Discussion

Documentary projects typically result in the pro-
duction of a large body of audio and video record-
ings of various genres, from narratives to conversa-
tion and elicitation. Whether to assist in the produc-
tion of language materials or in linguistic analysis,
creating transcriptions of these recordings is often
a normal part of a documentary linguists’ work-
flow. As has been demonstrated here for Nasal,
once a small body of transcribed audio data has
been produced, these transcriptions can be lever-
aged to fine-tune an ASR model to speed up the
transcription of remaining or future documentary
data. The authors, who themselves work directly
with transcribing the Nasal data, have found that
correcting the transcriptions generated by a model
trained on such data significantly aids in the tran-
scription process.

One of the primary motivations for developing
this ASR model for Nasal is the ongoing compi-
lation of the Nasal dictionary. A large corpus of
active elicitation sessions, now totaling 70 hours
of data, remains to be transcribed. Transcriptions
of these sessions – many of which contain lexical
items absent from the corpus of everyday conversa-
tion – would make the data more usable and more
easily linked with dictionary outputs. Although
recordings of active elicitation sessions contain a
greater frequency of new lexical items, the ASR
model developed here did not show significant dif-
ferences in accuracy in transcribing the active elic-
itation recording and the everyday conversation
recording, proving equally useful for the dictionary
compilation process.

As discussed above (§1.2), the transcription
workflow in the Nasal documentation project con-
sists of four steps. Since transcription time is the
most significant problem in this workflow, we de-
cided to tackle it first. ASR-generated transcrip-
tions for Nasal speech have already proven to sig-
nificantly speed up the transcription process. Ad-
dressing the remaining three steps could further
contribute to faster transcription of documentary
data. For example, further AI models targeting
prosody and intonation could be implemented to
speed up the IU-based segmentation used in our
transcriptions. Discourse transcription will likely
need to remain manual, but machine translation

has also shown promise in low resource contexts
(see van Esch et al., 2019) and Whisper AI may
even prove to be useful in this regard (see the de-
scription at Whisper 2024). Finally, the creation of
additional contextual notes, while important for lin-
guistic analysis, results in less than two percent of
the total number of annotations and thus needs not
be immediately addressed with computer-assisted
methods.

5 Conclusion

We fine-tuned a pre-trained ASR model with 25
hours of data typical to a documentation project.
Through comparing the processes of correcting
transcripts generated from this model and transcrib-
ing from scratch, it was demonstrated that such a
model proves effective for improving the transcrip-
tion workflow and reducing the amount of time
necessary for transcribing documentary data. We
believe that such models are more accessible to
documentary linguists than typically thought and
can greatly assist in the transcription process.

Limitations and future prospects

In reviewing the ASR-generated transcripts, it was
clear to the authors that a major contributor to the
increased WER and CER was the lack of standard-
ization in the Nasal orthography. For example,
many words contain two-vowel sequences and can
be written with or without a predictably inserted
glide (e.g., gauh, gawuh ‘just’ are both valid writ-
ten forms). In other cases, a shortened form of a
word used in rapid speech is variably reflected in
the transcripts either by the longer or the shorter
form (e.g., either jenu, nu ‘before, earlier’ may be
transcribed even if nu is uttered). For these and sim-
ilar issues training ASR models in the documentary
linguistics context, see Meelen et al. (2024).

In an effort to determine if better results could
be easily attained, the authors addressed the first
issue by standardizing spelling of vowel sequences
throughout the transcriptions, included seven ad-
ditional hours of recording, and used Whisper’s
medium baseline to generate a new model. Results
from this model show an improved WER of 37.0%
and CER of 14.4%.
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