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Abstract

Research in language documentation has the
potential to benefit from integration of ASR
models, especially through the assisted tran-
scription of recordings with audio. Recent ad-
vancements in ASR for low-resource languages
demonstrate the ability to adapt general, multi-
lingual models for unseen languages with lim-
ited fine-tuning data, supporting the creation
of custom ASR models. However, resources
are still required to collect and prepare the fine-
tuning data, necessitating exploration of opti-
mization of resource allocation within the pro-
cess of data collection and preparation. This
paper outlines important considerations for the
collection and preparation of data for customiz-
ing an ASR model for use in language docu-
mentation projects. With the development of a
Lamkang ASR model as an example, prioritiza-
tion of tasks within a language documentation
project is outlined by analyzing the relative im-
pact of time spent on transcription correction
versus time spent on manual alignment on ASR
model performance. Results from this research
suggest prioritization of transcription correc-
tion over manual-alignment of data and suggest
fine-tuning multilingual ASR systems produces
superior results to zero-shot ASR models, de-
spite recent advancements in the technology.

1 Introduction

In language documentation projects, the most valu-
able resource is commonly the time that the lan-
guage experts, both linguists and speakers, spend
refining the language data in a project. In the doc-
umentation process, a corpus of the language is
developed to provide a foundation for research on
the language and to guide the development of lin-
guistic resources (Himmelmann et al., 2006). Au-
dio recordings of speech acts, such as a conver-
sation, interview, or narrative, are included in the
corpus to provide acoustic examples of the lan-
guage. There recordings are frequently accompa-
nied by transcriptions that depict their contents.

The act of transcribing is considered the slowest
part of the process of documenting a speech act,
producing a phenomenon known as transcription
bottleneck, which refers to the idea that the speed
of transcription slows the rate at which a documen-
tation project can progress, both due to the time it
takes to transcribe and the amount of skilled tran-
scribers available (Bird, 2020).

The idea of a transcription bottleneck is further
complicated in language documentation projects
where the orthography of the language is being
established simultaneously. The process of estab-
lishing an orthography is time-intensive, but very
important for the language community’s ability to
interact with the project (Seifart et al., 2006). When
orthography development and language documen-
tation are happening concurrently, the initial tran-
scription of a speech act is subject to change, re-
quiring additional editing as decisions about the or-
thography progress. In such scenarios, the project
may decide to either transcribe recordings phonet-
ically, such as through the use of IPA, or through
the use of the developing orthography.

There are various pros and cons to each approach.
If using a phonetic representation, the transcrip-
tions can be converted to whichever orthography
is established after an orthography is established.
However, this requires the transcriber to be trained
to use a phonetic alphabet. Additionally, the tran-
scribed recordings are likely to be inaccessible to
most of the community until being converted to a
representation that is being used in the community
(Dobrin and Schwartz, 2021). Interpretability by
the community is important both for avoiding ex-
tractive research practices and creating space for
community language experts to contribute their in-
valuable knowledge to the project. This input dur-
ing the transcription process is the most significant
benefit of using the developing orthography instead
of IPA. Further, use of the developing orthogra-
phy supports familiarization and continued discus-

149

Proceedings of the Second Workshop on Customizable NLP: Progress and Challenges in Customizing NLP for a Domain, Application, Group, or Individual
(CustomNLP4U), pages 149-159
July 3, 2026 ©2026 Association for Computational Linguistics



sion within the community about the orthography,
which is required to further formalize the orthogra-
phy. The primary limitation of this approach lies
in the necessitation of updates, as transcripts using
a developing orthography require updates. More-
over, if the developing orthography moves from a
phonetically-condensed representation (such as us-
ing one character to represent multiple phonemes)
to a more phonetically-specific representation, the
ability to perform automatic conversion of the or-
thography is limited.

This specific study concerns a project that has
chosen the method of using a developing orthogra-
phy for transcription, detailing observations from
the process of trying to develop the best-possible
ASR model with the existing data. While low-
resource is used to cover an expanse of situations,
this particular project includes use of less than 3
hours of language data. The research questions
addressed in this paper are:

1. Does time invested in alignment of transcripts
or updating the orthography result have more
impact on ASR model performance?

2. How does the relationship of data quantity
and data quality impact training results in low-
resource settings?

3. How do various models designed for use in
low-resource settings compare to one another,
both in performance and usability?

2 ASR and Language Documentation

ASR-aided transcription is often proposed as a
method with the potential to address the transcrip-
tion bottleneck. Examples of near-perfect per-
formance of transcription tasks for high-resource
languages motivate researchers to investigate how
these tools could be adapted and applied in lower-
resource settings. Previously, traditional ASR
systems for low-resource languages made use
of phoneme and lexicon dictionaries to produce
language-specific systems, but recent research has
proven the utility of end-to-end (E2E) systems for
the task. Particularly, multilingually-trained E2E
systems have been successfully fine-tuned on a
small subset of labeled data in many low-resource
settings (Olev and Alumae, 2022; Shi et al., 2021;
Sadeque et al., 2022; Coto-Solano et al., 2022),
both in scenarios where the initial E2E system in-
cludes the language in their training data and in
scenarios where fine-tuning is the system’s first

exposure to the language. This approach requires
less language-specific preparation of phoneme and
lexicon dictionaries, lowering the barrier of prepa-
ration required to utilize ASR systems for unseen
languages.

Limited research exists on the utility of the gen-
erated transcripts or the threshold of performance
required by the ASR model to produce a useful tran-
script. Specifically, research is needed to determine
at which point a transcript has too many errors,
making error-correction a more difficult task than
generating the transcript manually. This is a com-
plicated topic of research as many factors are likely
to impact the perceived difficulty of error correc-
tion, including transcriber preference, setting of the
initial recording, and standardization of the opera-
tional orthography. For example, Prud’hommeaux
et al. (2021) worked with the Seneca community
and found that ASR-assisted transcription is able
to produce transcripts in a shorter time period and
with fewer errors, but that, regardless, many speak-
ers prefer to do unassisted transcription. There
is not a particular character error rate (CER) or
word error rate (WER) that has been established
as sufficient for aiding transcription, just a general
assumption that the lower the rate is, the easier and
faster the transcript will be to correct. However, it
is also important to note that error-correction tasks
come with their own challenges, as the distribu-
tion and types of error impact their detection (Sgby
et al., 2023; Point and Baruch, 2023).

Rendering an audio recording into a transcript
necessitates decisions about what should be tran-
scribed from the input. These decisions are of
on-going interest for both high-resource and low-
resource settings. For example, in high-resource
settings, ASR systems have been shown to create
accessibility issues for users with speech disfluen-
cies, such as stuttering, by not being able to prop-
erly identify what users are saying (Mujtaba et al.,
2024). Liao et al. (2023) suggest post-processing
of ASR transcripts to reduce the influence of the
transcription of disfluencies and speech errors on
the readability of the final transcript. However,
in language documentation scenarios where tran-
scribers are simultaneously learning the compo-
nents of speech that are relevant to the linguistic
inventory of the language, reduction of such phe-
nomena is complicated. Further, Ko and Burch
(2025) emphasize the relevance and importance of
maintaining speaker variation in transcription, as
variation in transcription can change for both differ-
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ent speakers and the same speaker on different days.
They note various transcriptions can be produced
that are valid representations of the audio, with dif-
ferent considerations for what is being annotated
and stylistic decisions.

Results from languages without an established
orthography demonstrate that ASR systems are
able to produce a phonetically-consistent transcript
for an unseen language (Chizzoni and Vietti, 2024).
However, depending on the phonetic consistency of
a language’s orthography, this default ability to pro-
duce phonetically-consistent transcripts may not
contribute to improved results for a particular lan-
guage, as not all phonetically apparent components
are relevant to speakers. Bird (2020) builds on this
issue, asserting that careful transcription of all com-
ponents of a transcript may be misaligned with a
community’s priorities and that sparse transcrip-
tion could be more beneficial for some language
documentation projects.

While fine-tuning E2E systems is the popular
approach in most of the existing research, being
able to use an ASR system without additional fine-
tuning would increase access to the technology
for many language documentation projects. While
using off-the-shelf ASR systems for transcription
when the target language is not in the training
data has historically produced suboptimal results
(Lin et al., 2025; Zahrer et al., 2020; Zheng et al.,
2022), the recent Omnilingual model releases have
shown improvement for zero-shot ASR (Omnilin-
gual ASR Team et al., 2025), wherein the target
language is missing from the training data and no
fine-tuning is performed. Specifically, the zero-
shot model, omniASR_LLM_7B_ZS, is able to use a
multilingually trained ASR model plus an LLM to
generate a reasonable ASR model for the language
with just 1-10 recordings (of up to 30 seconds)
provided for context.

However, Omnilingual ASR Team et al. (2025)
do show that fine-tuning Wav2Vec2 models with
even just 10 hours of language-specific data outper-
forms usage of the zero-shot model. Other projects
have also seen promising results with less than 10
hours of data for fine-tuning an E2E, such as the
use of 4 hours for Cook Island Maori (Coto-Solano
et al., 2022) and the use of less than 99 minutes
of single-speaker data for Limbu, Dotyal, Duoxo,
Nahsta, Mwotlap, and Vatlong (Boulianne, 2022).
This suggests that given even a very limited amount
of transcribed data, fine-tuning an existing multilin-
gual E2E model is likely to provide improved per-
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Figure 1: Highlight of the Chandel district within
the Manipuri state of India, the primary area where
Lamkang is spoken (Commons, 2021)

formance over the zero-shot model. Nonetheless,
integrating results from both approaches in this
study allows for further discussion of strengths and
weaknesses of zero-shot ASR versus fine-tuning
multilingual E2E models.

3 Lamkang

3.1 Language Overview

Lamkang (iso: Imk) is a Tibeto-Burman language
in the South Central (formerly known as Kuki-
Chin) branch. It is spoken in Manipur, India by
about 10,000 people, based on the results from In-
dia’s 1999 census (Eberhard et al., 2024). The lan-
guage is primarily spoken in villages in the Chandel
District, though recent conflict in the Manipur re-
gion has resulted in the relocation of speakers to
nearby cities. The language is mentioned in the
1927 Linguistic Survey of India (Grierson, 1927),
two grammatical sketches have been written for
Lamkang (Thounaojam and Chelliah, 2007), as
well as a handful of linguistic articles about redupli-
cation, conjugation, and spatial terminology (Chel-
liah et al., 2020, 2019; Chelliah and Utt, 2017).
Two NSF grants (#1160640 and #0755471) from
2008-2016 were used to develop a corpus for the
language. The corpus includes transcriptions of
monologues, discussions, interviews, and elicita-
tion narratives from 6 speakers (Sumshot Khu-
lar, Rex Rengpu Khullar, Swamy Tholung Ksen,
Daniel Tholung, Shekarnong Sankhil and Kumar
Sankhil). The recording environment is partially
controlled, but background noise and crosstalk are
apparent. Transcriptions are accompanied by the



Updated mthungbi ava thung thang va, mtii
thang ngi, talu daat to boorkaang

ne

Original mbih ava’ thung thang vah, mtii
thang ngi, talu daat a boor kaang
ne

Translation | And then there, beneath there, what

was that, a basket, right?

Table 1: A side-by-side of a sentence in the updated
orthography and the original orthography. Punctuation
added for clarity in translation.

original recording audio, with a limited number
being time-aligned in ELAN.

Lamkang uses a Latin-based orthography, but is
still in the process of formalizing the orthography.
Chelliah et al. (2023) details orthographical vari-
ation in Lamkang based on speaker writings col-
lected during 12 years of language documentation
work. Comparing this variation to orthographical
decisions made in related languages and consider-
ing language-specific circumstances, suggestions
are made for a series of orthographical decisions,
such as segmentation and vowel length. Based
on this analysis, Lamkang orthography uses 39
graphemes to represent vowels and consonants, as
shown in the table found in the appendix 3. While
Lamkang is a tonal language, currently the orthog-
raphy does not mark tone. Analysis of the tonal
system of Lamkang is ongoing in the documenta-
tion progress, so discussion of specifics related to
Lamkang tone is left to future work.

3.2 Lamkang ASR Data

The current Lamkang project contains 38 tran-
scribed files. The audio includes monologues,
discussions, interviews, and elicitation narratives
(such as Pear Stories). The files are primarily
in Lamkang, though some of the interviews in-
clude questions posed in English. Additionally, in-
stances of Lamkang-English code-switching, com-
monly singular words borrowed from English into
Lamkang grammar structures, are found in some
of the recordings. The files are between 12 seconds
long and 20 minutes 26 seconds long with an aver-
age recording length of 5 minutes and 3 seconds.
Of the 38 files, 19 have been aligned manually
while another 19 are unaligned. The manually-
aligned files have been aligned at phrasal levels in
chunks varying in length from 1-12 seconds.

The initial transcriptions of the files were done

by linguists in conjunction with community mem-
bers. However, the orthography has evolved since
the initial transcriptions and the initial transcrip-
tions require updates based on recently established
orthographic conventions, primarily related to word
boundaries, representations of vowel length, and
inclusion of phonemes that have been reduplicated
or inserted at word boundaries due to phonologi-
cal rules. 8 of the 38 files have been updated to
reflect the latest orthography. Compared to the
original, if considering the latest orthography the
gold-standard, there is a character error rate (CER)
of .106 between the 8 updated transcripts and the
8 original transcripts. Variations in the initial tran-
scriptions make automatic methods of updating the
transcriptions to the existing standard unreliable,
meaning that original transcriptions require review
by a language expert or linguist. This leaves two
primary tasks for data preparation of the files: tran-
scription review and alignment.

4 Methodology

Considering the two data preparation tasks for the
Lamkang data, transcription review (updating the
orthography) and alignment, significant time is re-
quired to prepare the data for ASR. However, as
time is a costly resource, this research methodology
is meant to explore the most efficient allocation of
time in this context, specifically whether updating
transcriptions or manually aligning data provides a
larger boost to the performance of a Lamkang ASR
model, as well as how this relates to the amount
of training data. Specifically, should researchers
focus on correcting the original transcripts to the
current standard, depending on tools for automatic
alignment, or would it be better to correct and man-
ually align a subset of the original transcripts? This
question is intrinsically tied to the performance
of auto-alignment methods, as improvements in
automatic alignment methods should reduce the de-
pendence of projects on manual alignment. Addi-
tionally, it contributes to broader discussions about
data quantity versus quality.

With the goal of investigating the most produc-
tive path forward, 6 Lamkang ASR models are
fine-tuned or tested, as shown in table 2. The
first 5 models are fine-tuned versions of Wav2Vec?2
(Baevski et al., 2020) while the last model in the
table represents the results of in-context learning
(ICL) using the latest released Omnilingual ASR
model, omniASR_LLM_7B_ZS (Omnilingual ASR
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Team et al., 2025). Hyperparameters for fine-
tuning can be found in Appendix B. The fine-
tuned versions of Wav2Vec?2 are the primary fo-
cus for this paper due to the consensus about im-
proved performance reported in section 2, but the
omniASR_LLM_7B_ZS Omnilingual model was re-
leased during this research and results are presented
for comparison of performance and relative ease of
use.

For naming shorthand, Man and Auto are used to
refer to manual versus automatic alignment while
C and O refer to use of corrected versus original
transcripts. Com is shortened to indicate combined
and Omni to indicate the Omnilingual model. Of
the Wav2Vec? fine-tuned models, the ManC model
is trained on 7 recordings that have been manually
reviewed by both a linguist and a native speaker
and manually-aligned, representing prioritization
of thoroughly cleaned and reviewed data at the ex-
pense of quantity. The ManO model includes the
same 7 manually-aligned recordings, but retains
the original transcriptions, showing the impact of
updating the orthography. The AutoC model uses
the 7 corrected transcripts, but replaces the manual
alignment with automatic alignment, allowing for
assessment of manual alignment versus automatic.
Lastly, the AutoO model uses 37 of the original
transcripts and automatic alignment with the goal
of evaluating whether data quantity is more impor-
tant than quality for ASR performance.

The ComC model uses the 7 corrected record-
ings, but uses both the manually-aligned and
automatically-aligned transcripts to test the im-
pact of a data augmentation method. This dif-
fers slightly from a simplistic duplication of the
fine-tuning data by introducing the model to differ-
ent prosodic chunks of the audio. For the OmniC
model, 10 examples can be provided to the base
model. For this set of 10, the 7 longest clips from
each of the 7 corrected, manually-aligned record-
ings were selected, plus the 3 next longest clips
when looking at all of the clips in aggregate. Doc-
umentation suggests use of clips of less than 30
seconds for the context examples, but when a set
of clips that were about 20 seconds long on aver-
age were used for training, the transcript produced
repetition loops. Providing a smaller subset of 5
recordings with the same average duration of 20
seconds long produced the same error, suggesting
that using longer durations of audio for ICL of the
Omnilingual model does not improve the results
and may trigger a common LLM failure mode, such

as repetition loops. The average duration of the
clips used in the reported model is 6.55 seconds, as
this set of clips did not produce the repetition loop
error.

The total length of the set of audio clips used
for fine-tuning or ICL is reported in the third col-
umn of 2. Note that small discrepancies in the
total time of the audio clips of the ManC, ManO,
and AutoC models is a result of differing seg-
mentations and pauses between words in those
different segmentations. Code for data prepara-
tion, fine-tuning, and testing models is found at
https://github.com/aconeil/lamkang_asr.

S Data Preparation

For the AutoC and AutoO models, the first step
of data preparation was to automatically-align the
files using the accompanying text transcripts. An
initial review of the text files, both corrected and
original, included removing any speaker diarization
marks, general punctuation cleanup, and references
to indistinct noise or uncertainty'. While many of
these aspects are handled later on in the ASR fine-
tuning pipeline, cleanup was required to compare
the updated and original transcriptions and sup-
port correct segmentation for automatic alignment.
Manual correction was used in place of automatic
cleanup of the text files to protect against accidental
deletion of transcript-relevant phenomena. Auto-
matic alignment was done by resampling the audio
to 16000Hz and using the MMS forced alignment
model (MMS_FA) (Pratap et al., 2024) with Py-
Torch. This produced word-level alignment for the
transcripts, with white-space in the transcripts de-
limiting words. The alignments were exported to
ELAN files using the speach Python library.

For all Wav2Vec? fine-tuned models, the ELAN
files were split by annotation segments to produce
wav files for training the model. An accompany-
ing csv file was produced for the split annotations
that maps the annotations to each wav file. The
automatic word-level alignments are too short for
fine-tuning ASR models, so the words are grouped
into 7-gram long segments with remainder words
in a transcript being appended to the final recording
clip of the file. This methodology means that the
manually-aligned segmentations are more likely to
follow human-intuition and account for supraseg-
mental features, such as prosody and tone, while

'Sequences were marked variably in transcripts and re-

ferred to different phenomena (i.e. mumbling, fast speech,
trailing speech)
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the automatically-aligned segmentations are split
without regard to these features. Selection of the
clips for the OmniC model follows the descrip-
tion provided in 4 section, with clips coming from
the processing and segmentation of the corrected,
manually-aligned files described above.

6 Results

The evaluation of these models uses character error
rate (CER) and word error rate (WER). Since CER
represents the normalized edit distance between
two strings by calculating the insertions, deletions,
or substitutions needed to turn one string into an-
other and the next step of using an automatic tran-
scription tool is to have a proficient speaker or lin-
guist review and edit the output, CER can be used
to approximate the edits required by the reviewer.
WER is also provided, as updates to tokenization
in Lamkang are part of the ongoing process of stan-
dardizing the orthography and the cognitive effort
of identifying word breaks is likely to impact the
speed of transcript correction.

In order to compare the performance of the mod-
els to one another, the test set is the same for all of
the models. Additionally, since the goal in a docu-
mentation project would be to conform to the most
updated orthography, the test set comes from one
of the corrected transcripts. The test set consists of
one recording with updated orthography, coming
from a recording that is 1 minute and 47 seconds
long. Accordingly, all versions of the transcription
of this file and audio are removed from fine-tuning
sets, including the transcription of the audio in the
older version of the orthography.

The relative performance of these models sug-
gests that updating the orthography is more benefi-
cial to model performance than manual alignment,
at least when the updates to the orthography are
around a 10% CER, as is the case with this dataset.
Using original orthography and manual alignment
resulted in a model with a WER and CER that were
respectively 11.8% and 3.7% worse, while using
updated orthography and automatic alignment pro-
duced a model with a WER and CER that were
1.7% and 3.5% worse. Though the updated orthog-
raphy has about a 10% CER when compared to the
original orthography, the CER between the AutoC
and ManO models is similar. However, there is a
more than 10% improvement in WER in the AutoC
model, demonstrating the utility of using the up-
dated orthography to facilitate correct tokenization.

The best-performing model, the ComC model,
achieves the lowest CER and WER, showing that
automatic alignment can be leveraged for model im-
provement when used as an augmentation method.
Compared to just using the manually-aligned and
corrected recordings, the addition of automatically-
aligned and corrected recordings gave a WER im-
provement of 8.7% and a CER improvement of
1.9%. Though the significant decrease between per-
formance in the ManC and AutoC models shoes
that using automatic alignment in place of man-
ual alignment decreases performance, it is benefi-
cial when used in conjunction with the manually-
aligned data.

In this research, the automatic alignment model
consisting of all of the original transcripts (AutoO)
is unable to properly fine-tune, regardless of adjust-
ments to hyperparameters. In the best configuration
of hyperparameters, very early stopping (at step
500) could result in a AutoO model with a CER
of around .80, suggesting an underlying issue with
the data itself in that the addition of data is actually
hurting the model’s performance almost immedi-
ately. Through error analysis and manual review of
the automatically-aligned ELAN files, a significant
issue that arose with automatic alignment was attri-
bution of non-speech sounds to words in the tran-
script. This was especially problematic for record-
ings that began with or included a longer period of
background noise. Trimming the beginning of such
audio files and performing noise reduction would
likely result in improved alignment, but removing
these elements from the recordings would also di-
minish the ability of the model to appropriately
handle such occurrences in recordings. Generally,
more review of the transcripts would be required to
make them useful for automatic alignment, though
it is not clear that these steps would fully address
this issue. Further, it is not clear manual cleaning
of the recordings would be significantly faster than
manual alignment.

Lastly, the OmniC model has a reasonably low
CER at .268, but a high WER at .815. As the
model required minimal resources and efforts for
ICL, the CER is impressive at .268. The high
WER but low CER indicates that tokenization is
a bottleneck for the omniASR_LLM_7B_ZS model,
though phoneme identification performs relatively
well. Though this project is in a low-resource set-
ting, providing 13 minutes of fine-tuning data to
Wav2Vec? is still able to produce superior results to
the omniASR_LLM_7B_ZS model, results that mirror
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Name | Description Duration | WER | CER
ManC | Manual-align, corrected | 00:13:18 | .575 | .205
ManO | Manual-align, original | 00:13:16 | .693 | .242
AutoC | Auto-aligned, corrected | 00:14:36 | .592 | .240
AutoO | Auto-aligned, original 02:58:13 | 1 1
ComC | Both, corrected 00:27:54 | .488 .186
OmniC | Manual-align, corrected | 00:01:05 | .815 | .268

Table 2: Description of models trained and total duration of wav files used for training (HH:MM:SS), followed by
their character error rate (CER) and word error rate (WER)

the findings of the model release paper (Omnilin-
gual ASR Team et al., 2025).

7 Discussion

Regarding the discussion of data quality versus
data quantity, the model results showcase how de-
termining which to prioritize is situation dependent.
The ManO model outperforming the ManC model
provides an example of quantity eclipsing quality.
However, as alignment issues arise with the Au-
toO model, we see that the quality of the data can
be detrimental to other parts of the ASR pipeline.
Automatic alignment presents some utility for data
augmentation, especially when used with the cor-
rected transcripts, as seen by the ComC model, but
is not able to produce adequate results with the
current state of the original data.

If the original transcription data is very clean,
such as list elicitation in a well-controlled envi-
ronment, it is possible automatic alignment would
be more beneficial to the project. For continu-
ing research on tone identification, establishing a
pipeline that utilizes list elicitation in a highly con-
trolled environment and using automatic alignment
could allow for efficient processing and integration
of tonal data and mitigate the issues seen with non-
speech sounds in automatic alignment of the exist-
ing transcripts. As for the more naturalistic settings
(interviews, story-telling, and discussion) found in
these transcripts, automatic alignment will be un-
likely to produce data that is ready for fine-tuning
an ASR model due to idiosyncrasies of trancsribers
and small deviations between transcript and audio
that naturally occur when transcribing longer audio
files with more background noise. It is possible that
automatic alignment at the word level could serve
as a starting point for someone manually aligning
the transcripts, with the caveat that adjusting the
annotation boundaries and merging words may or
may not be quicker for a transcriber than manually

selecting prosodic chunks.

Considering the process of fine-tuning the mod-
els, the Omnilingual model was much easier to use.
It does still require programming, but the bar to
entry is much lower in terms of data preparation
and data availability. This approach would likely
only be recommended in language documentation
situations in which there is no transcribed data in
the language, but a linguist and/or speaker are able
to transcribe 10 short recordings to get the process
started. At this point, there is the possibility that
the transcripts produced by the Omnilingual could
be used as a starting point for further transcription
via error correction, though, as mentioned in sec-
tion 2, additional research is needed to determine
at which point an ASR-produced transcript has a
CER that is sufficiently low enough for the process
of error correction to be faster than starting from
scratch. Further investigation of the utility and ap-
plication of the Omnilingual model at the nascent
phase of a language documentation project would
provide further insight as to the model’s utility, but
the model does not apply well for the needs of this
project.

8 Conclusion

Based on the initial results of this research, this
project would see a greater benefit from updating
the orthography than manually aligning the tran-
scripts. While both are important to improving the
results of an ASR system, greater gains in WER
and a comparable CER is seen when including up-
dates to the orthography compared to using the
original manually-aligned data. However, each
project must consider the resources available for
review. For example, manual-alignment of data
requires less knowledge of the language and spe-
cialized attention than updating the orthography,
so this approach may be a better option if those
available for review have less time and language-
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specific expertise.

When considering data quality and data quantity,
we see the importance of the two fluctuate depend-
ing on the degree of automation involved in the
pipeline. If depending on additional tools, such
as automatic alignment, data quality has a heavier
influence, but when considering quality in terms of
orthographic updates, quantity was more influen-
tial. Noting the limitations of automatic alignment
based on data quality, we see the potential to im-
prove model performance when the method is used
with cleaned, high-quality data, such as the cor-
rected transcripts.

Lastly, in considering the ease of use and perfor-
mance of the various models, the results support
preceding research in finding that significant gains
in performance are found when fine-tuning E2E
ASR models with limited labeled data. Though
the zero-shot model requires less effort for data
preparation and a dramatically reduced quantity
of data, the current results of the model are eas-
ily surpassed with about 13 minutes of annotated
data. The omnilingual model is more likely to ben-
efit the very beginning phases of a documentation
project and aid in the process of building enough
labeled language data to fine-tune a model. While
it presents a impressive step forward in zero-shot
ASR, more improvements, especially in tokeniza-
tion, are required for it to surpass the performance
of a fine-tuned, multilingually-trained E2E ASR
model.

Limitations

This research presents findings that are specific to
the development of an ASR model for the Lamkang
language documentation project, so research results
are influenced by the specific language and project
context. Though these results inform research
on low-resource languages, specifics of other lan-
guages and projects are necessary to gain a fuller
understanding of challenges and strengths of cur-
rent ASR models for low-resource languages. The
data used in the project is very limited, as it comes
from an actual language documentation project that
is in progress. The research guides the language
documentation project on the most efficient way
to create more annotated data, which can then be
used to increase the sample size and significance
of results. However, the current amount of audio
available does limit the statistical significance of
the results.
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A Lamkang Orthography

The following table displays graphemes in
Lamkang.

B Hyperparameters

The following hyperparameters were used during
training:
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Grapheme
a

aa

ai

aai

ao or au

b

ch

€c

»w s S 0 0 B B —_ ==t = ¢
= 3 S 8 & e~ =

t

th

thl or tI*
tl

tx or t*
txh or th*
u

uu

uui

-

Table 3: Vowels and Consonants in Lamkang, adapted from Chelliah et al. (2023). *Grapheme versions without the

Phoneme
[a], occasionally [9]
[a:]

[aj]

[a}]
[a:w]

[b]

[t[], ocassionally [ts]
[d]

[e]

[e:]

[e]]

(h]

[i]

[i:]

[1:w]

(k]

(k"]

(1]

[m]

[n]

[n]

[s], occasionally [¢]
(t]

[t"]

[t]

[t1]

[ts]

[ts"]

[u]

[u:]

[u:j]

[v]

]

[?] or [°]

Example
arhang kal ma
prkhaa
phaivang
psaai
phkao; auva
baak rek
chen

dii

chet lam da
mkheel thung bi ngu
nei

heem

in

kmiing
tkhiiu

keel
khuung
loon

mei

nii

ngaa

non

oon

puu

phul

raal

som

talu

thung
thlaa

tloo

txim

txhi

thuk

nuu

uui

vak

yaan

t’loo

combining dot diacritic are used in the current form of orthography

* learning_rate: 0.0001

e train_batch_size: 8
e eval_batch_size: 8

e seed: 42

* gradient_accumulation_steps: 2

Gloss

Don’t climb up
almond

ant

elephant
reptiles; that one
bats

to run

water

they went
when they asked
1

to hit

house

my name
seven

goat

drum

hill

fire

day

fish

snout

to call
grandfather/uncle
water pot

war

ten

what

inside
moon/month
do

half

to lead

come out
mother

dog

pig

night

to take

e total_train_batch_size: 16

* optimizer: Use Optimizer-
Names. ADAMW_TORCH_FUSED  with
betas=(0.9,0.999) and epsilon=1e-08 and
optimizer_args=No additional optimizer
arguments
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* Ir_scheduler_type: linear
* Ir_scheduler_warmup_steps: 300
* num_epochs: 100

* mixed_precision_training: Native AMP
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