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Abstract

Despite persistent efforts to develop low-
resource language technologies (LRLTS), lit-
tle attention has been paid to LRLT practition-
ers’ experiences, challenges, and opportunities.
We employ a qualitative approach and conduct
15 semi-structured interviews with LRLT prac-
titioners working on three Sino-Tibetan low-
resource languages. Through our analysis, we
identify not only technical challenges such as a
lack of textual data and reliable language pro-
cessing tools, but also linguistic, social, and
financial challenges that cause and exacerbate
them. Fortunately, we also find that participants
are generally optimistic about LRLT develop-
ment and mitigate these challenges by fostering
and seeking support from diverse sources and
leveraging large language models. We discuss
the complex nature of the challenges in rela-
tion to prior literature and provide recommen-
dations for practitioners, governments, and the
broader NLP community.

1 Introduction

Low-resource language technologies (LRLT's) de-
velopment has become one of the most promi-
nent and fastest-growing natural language process-
ing (NLP) research topics over the years (Schopf
et al., 2023). From cross-lingual transfer learn-
ing (Conneau et al., 2018; Ruder et al., 2019) to
data augmentation (Fadaee et al., 2017; Liu, 2022),
researchers have proposed various technical ap-
proaches to extend the development of language
technologies (LTs, including digital artifacts for
languages such as input methods, fonts, and lan-
guage corpora, as well as language models) in low-
resource settings.

Nevertheless, the challenges associated with
LRLT development extend beyond algorithmic and
technical considerations. While analyses of LRLT
artifacts produced by different communities (Yu
et al., 2022) can infer certain challenges, the NLP

literature rarely documents those associated with
the prerequisites for successful LRLT development.
Making these often-overlooked challenges explicit
can help direct the efforts of those who support,
or seek to support, LRLT development toward the
areas of greatest need, while reducing the burden
on LRLT practitioners by better aligning support
with their actual needs.

Accordingly, we adopt a qualitative research ap-
proach, specifically interviews with LRLT practi-
tioners, to surface the “behind-the-scenes” chal-
lenges that are typically absent from published
accounts. We recruited 15 practitioners who had
worked on Cantonese, Southern Min, or Tibetan
LTs and conducted semi-structured interviews cov-
ering broad topics (Knott et al., 2022). These
languages have relatively high levels of resource
availability (Joshi et al., 2020) and the largest
bodies of published NLP research (Liu and Best,
2025) among Sino-Tibetan low-resource languages
(LRLs). As we aim to find general patterns across
different LRLT communities, these languages serve
as a pragmatic and informative set that allows us to
study these challenges under comparatively favor-
able conditions. We asked participants about their
experiences developing LRLTSs for the language
or languages on which they had worked. Specifi-
cally, we are interested in the following research
questions:

RQ1. What are the different challenges faced by
the Sino-Tibetan LRLT practitioners?

RQ2. What do practitioners identify as ways for
them to mitigate these challenges?

Our analysis finds that LRLT practitioners must
also overcome the lack of standardization in both
written and spoken language when developing tech-
nologies (§ 4.1.1), as well as the lack of collabora-
tion and resource support inherent in LRLT devel-
opment (§ 4.1.3), beyond the technical challenge
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of the need for more reliable language process-
ing tools (§ 4.1.2). These challenges are not stan-
dalone but often entangled with each other such
that they collectively aggravate the already restric-
tive low-resource settings. It is also surprising how
challenges differ by language, even when practi-
tioners work in similar low-resource settings. How-
ever, LRLT practitioners have attempted to mitigate
these challenges with some success through sup-
port from the existing LRLT development commu-
nities and related areas (§ 4.2.1), further highlight-
ing the need for increasing support and collabora-
tion. More recently, they have leveraged advances
in large language models (LLMs) to directly ad-
dress some critical issues in LRLT development
(§ 4.2.2). We discuss what the broader NLP com-
munity can learn from these challenges and oppor-
tunities, and we recommend how LRLT practition-
ers can better overcome them. The contribution of
this paper can be summarized as:

1. We identify the challenges faced by Sino-
Tibetan LRLT practitioners. The challenges
may also be applicable to NLP practitioners
working on other low-resource settings.

2. We identify the ways through which these
practitioners are able to mitigate the chal-
lenges, and we suggest recommendations on
how these challenges can be overcome for the
advancement of LRLT development.

Through interviews and qualitative data analysis,
we reveal deeper insights about LRLT communi-
ties. We hope this work inspires more qualitative
and participatory research in NLP, advancing LTs
through a human-centered approach.

2 Related Work
2.1 LRLT Development

LRLT development has become an important sub-
field of NLP, with its dedicated track in major con-
ferences (e.g. "Low-Resource Methods for NLP" in
ACL and EMNLP), workshops (e.g. LoResLM"),
conferences (e.g. LaTeLL?) and journals (e.g. TAL-
LIP?). Specifically for Cantonese, Tibetan, and
Southern Min, most LT research centers around
topics such as corpus creation (Meelen et al., 2021),
machine translation (Hong et al., 2024; Zhou et al.,

lhttps ://loreslm.github.io
*https://latell.org/2026/
3https://dl.acm.org/journal /TALLIP

2024), and speech recognition (Yang et al., 2023;
Li et al., 2025). There has also been more research
on how LLMs can support these languages, creat-
ing benchmarks for language models (Cheng et al.,
2025), or training LL.Ms for LRLs. (Lai et al., 2024;
Pan et al., 2025; Sha et al., 2025).

2.2 Qualitative and Participatory Research

Participatory research (Cornwall and Jewkes, 1995;
Vaughn and Jacquez, 2020), i.e., collaborative re-
search between researchers and community mem-
bers to understand a research topic from a com-
munity’s perspective. Community involvement
can broaden how the success of LT development
is evaluated by shifting attention beyond techni-
cal performance to whether technologies advance
community-defined goals, support culturally mean-
ingful practices, and contribute to language vital-
ity (Bird, 2020). NLP researchers have been in-
creasingly employing participatory research. Dolin-
ska et al. (2024) present the study most similar in
design to ours. Through structured interviews with
16 speakers representing 6 endangered-language
communities in Thailand, they examined speakers’
perceptions of their languages, their communities’
interest in and needs for digital tools, and the chal-
lenges surrounding their development. Harvey et al.
(2025) conducted semi-structured interviews to in-
vestigate challenges faced by practitioners when
using publicly available NLP tools to measure rep-
resentational harms. Siminyu et al. (2023) also
conducted interviews with content creators and
language technologists to investigate their moti-
vations and challenges in African LT development,
and provide recommendations. Beyond interview-
based studies, participatory research can involve
native speakers in other stages of the LT develop-
ment pipeline. Native speakers may participate
in collecting and validating speech data covering
domains relevant to their communities (Huaman
et al., 2026). Researchers may also consult speaker
communities to understand their priorities and in-
corporate community feedback into the design and
continued development of tools such as bilingual
dictionaries (Hunt et al., 2023).

Together, these participatory and qualitative stud-
ies demonstrate how community involvement can
reveal local goals and technology needs. Participa-
tory approaches can also support more sustainable
LT research communities (Nekoto et al., 2020), and
community ownership and governance of language
data (Hunt et al., 2023).
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3 Method

We conducted 15 semi-structured interviews, i.e.,
interviews with a topic guide instead of a closed
set of questions, with researchers and software de-
velopers who have worked on LT development for
Cantonese, Southern Min, and Tibetan after ap-
proval from the Georgia Institute of Technology
Institutional Review Board. We detail the proce-
dure for recruitment, interview, and analysis below.

3.1 Recruitment

We followed the purposive sampling (Etikan et al.,
2016) by sending email invitations to recruit partic-
ipants who have worked in the technologies for at
least one of the three targeted languages and have
at least three years of experience working in LTs
for developing applications for LRLs and/or pub-
lishing academic papers about LRLTSs. The partici-
pants’ email addresses were found on their publica-
tions and through Internet searches. In addition, we
employed snowball sampling (Parker et al., 2019)
by asking interview participants to connect us to
potential participants. We stopped recruiting par-
ticipants when we began to notice repetitive names
of potential participants and themes (Czarniawska,
2014). In the end, we recruited 15 participants to
conduct the interviews. The demographics of the
participants are listed in Table 1.

3.2 Interview Procedure

The first author conducted semi-structured inter-
views with 8 participants in-person and 7 online. In-
terviews were conducted in either Mandarin or En-
glish, based on the participant’s preference. Most
interviews lasted from 60-80 minutes and were
audio-recorded after obtaining the participants’
consent. Each interview was divided into three
major sections. First, we asked about the partici-
pant’s background in developing LTs and LRLTs.
Next, we proceeded with questions about the cur-
rent development of technologies for the target
Sino-Tibetan language, including the main research
foci and challenges. Lastly, we ended the interview
by asking about their opinions on the future of
LRLT development.

3.3 Data Analysis

To ensure confidentiality, we used a modified ver-
sion of the OpenAl Whisper model (Radford et al.,
2023) on GitHub* that could be downloaded and

*https://github.com/SYSTRAN/faster-whisper

PID Language Base Years
P1 Cantonese East Asia 10+
P2 Cantonese East Asia 10+
P3 Cantonese East Asia 5-10
P4 Cantonese North America 5-10
P5 Cantonese East Asia 3-5
P6 Southern Min East Asia 10+
P7 Southern Min East Asia 10+
P8 Southern Min  East Asia 10+
P9 Southern Min East Asia 10+
P10 Southern Min East Asia 10+
P11  Southern Min East Asia 5-10
P12  Tibetan Europe 10+
P13 Tibetan Europe 10+
P14 Tibetan East Asia 5-10
P15 Tibetan North America 3-5

Table 1: Participants’ information showing their as-
signed participant IDs (PID), the Sino-Tibetan LRL
that they are working on (Language), where they are
currently working (Base), and the number of years that
they have worked in LT development (Years).

run locally to automatically generate transcriptions
for the recorded interviews. We used the medium
model size with all other hyperparameters set to
default. The generated transcripts were examined
and coded by the first author using a computer-
assisted qualitative data analysis software (CAQ-
DAS), QualCoder’ for data analysis. With our
research questions borne in mind, we conducted an
inductive thematic analysis, drawing on grounded
theory (Glaser and Strauss, 1967) coding tech-
niques including descriptive coding, i.e., annotat-
ing conversation segments by summarizing with
a short phrase (Saldafia, 2009), and in vivo cod-
ing, i.e., annotating conversation segments using
the actual language of the conversation (Glaser and
Strauss, 1967), to code everything related to the
research questions. Finally, these codes were re-
organized and grouped into different categories to
answer our research questions.

4 Findings

Our analysis yielded three main types of challenges.
The lack of standardization in both written and
spoken language (§ 4.1.1) creates an additional
barrier to data collection and limits the useful-
ness of developed LRLTSs. Basic processing tools

Shttps://github.com/ccbogel/QualCoder
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for LRLs often perform unreliably (§ 4.1.2), even
though further LT development and real-life de-
ployment may require near-perfect accuracy. Prac-
titioners receive limited support within their com-
munities, constraining collaboration and artifact
creation and sharing, and inadequate government
support, including limited funding and policy back-
ing. (§ 4.1.3). Practitioners identified two ways
of mitigating these challenges: seeking collabora-
tive and financial support from a diverse range of
communities, institutions, and individuals, where
such support was available (§ 4.2.1), and leveraging
emerging LLLM capabilities to assist with various
stages of the LRLT development pipeline (§ 4.2.2).

4.1 Three Types of Challenges

The core challenge for LRLT development lies in
the term "low-resource" itself, i.e., there is a lack
of data (more specifically, textual data, in the cur-
rent paradigm of NLP) for these languages. Yu
et al. (2022) found that most input text (unlabeled
text) is collected from the web. However, such a
data collection method is limited in low-resource
contexts. P6 gave specific figures to illustrate the
struggle in Southern Min data collection through
web scraping: "The text that we can get from the
Internet is only about 10 million characters, and
that is because some writers are donating their
work. Otherwise, what we could have scraped was
only about 5 million characters.” 10 million Chi-
nese characters take up a storage size of around
20-30 MB, which is even smaller than the clas-
sic SQuAD dataset (Rajpurkar et al., 2016), the
famous English Question-Answering dataset that
was annotated and released roughly a decade ago.
The large pre-training corpora these days for LLMs,
such as C4 (Raffel et al., 2020), which was used
to train many LLMs including LLaMA (Touvron
et al., 2023), are on the order of terabytes.

While data scarcity is the main challenge for the
development of LRLTSs, our analysis found chal-
lenges with the linguistic difficulties of the lan-
guages themselves, the limited resources and fi-
nancial support, and the need for developing basic
tools — all of which collectively contribute to the
low-resource-ness of these languages.

4.1.1 Lack of Standardization

Textual data can only be collected when people’s
thoughts are written down. This is not trivial as
reflected by PS5 whey they were trying to extend
their work to Shanghainese (a dialect of Wu Chi-

nese spoken mainly in Shanghai): "If you have 10
million speaker, you ought to have a standardized
orthography, or standardized romanization, and
the romanization need to come with a character
dictionary, and a compatible input method, and of
course, textbooks. I just assume these are going
to be taken for granted, but that is not the case."
While all three languages in our study have some
prescribed orthographies, we found that each of
them is associated with a reason why collecting
LRL textual data might be proven difficult.

1. Written Cantonese "lacks standardization”
(P1). Even when there is a standard orthogra-
phy published by the government, "We might
not [write] according to that standard" (P2).
People write Cantonese that often deviates
from existing standards, with homophonic
characters and the Latin alphabet.

2. Southern Min can be written in "Chinese char-
acters and two forms of romanizations" (P10),
but most researchers (and speakers) "cannot
read or write" (P7) the language even when
they speak and understand it.

3. While there is a single standard orthography
used to write Tibetan, "We have very, very
little text of people writing in their mother
tongue" (P13) and "even newspapers now in
Tibetan sound a lot like classical Buddhist
texts, much more than they sound like how
people speak on the street" (P12).

Resource-rich languages use standardized writ-
ings adopted by the government and used by their
native speakers, often to reflect how they use the
language in everyday life. While there might be di-
alectal and individual differences, spellings remain
relatively homogeneous for each dialect. However,
for LRLs with non-standardized writing, no writing
at all, or if the standards are not used by the native
speakers, creating clean, homogeneous textual cor-
pora becomes challenging.

What about spoken data — if we only collect spo-
ken data instead of fixating on writing them down
in some prescribed orthography, would this be an
easier alternative? Unfortunately, this form of data
collection could be equally challenging for LRLs,
if not more. Since a lot of LRLs are also marginal-
ized languages where they are spoken, instead of
having one standardized form of speech, dialects
of these languages are spoken. P6, P7 and P11 all
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pointed out how Southern Min spoken in northern
versus southern Taiwan carries different accents.
Many ASR models would only recognize one di-
alect of the language, struggling with other dialects
(P11) or foreign accents (P9). In some cases, what
people often understand as dialects can be mutually
unintelligible, such as Amdo Tibetan and Lhasa Ti-
betan (P12; Tournadre, 2014), so that developing
LTs for only one "dialect" of the language will not
be usable by speakers of another "dialect".

Even just in the collection of written or spoken
data, our findings show that this lack of standard-
ization is slowing down LRLT development under
the current development paradigm. The standard-
ized orthography and speech adopted by speakers
are often the hidden prerequisites for large-scale
data collection, and the absence for these LRLs
becomes the underlying reason holding back LRLT
development, yet changing the status quo is out of
reach for these LT practitioners.

4.1.2 Unreliable LRL Processing Tools

Participants identified the unreliable language pro-
cessing tools for LT development as a critical chal-
lenge for LRLT development. This insufficiency
ranges from the need of evaluation tools such as
benchmarks (P3, P15) and auxiliary tools such as
OCR (P14) and grapheme-to-phoneme (G2P, P5),
to the absence of a good tokenizer (P12, P13), font
(P14), or even dictionary (P5). Sometimes prac-
titioners are forced to work with low-performing
tools and noisy corpora (P3, P8) without alterna-
tive choices. Participants raised concerns about the
quality of available tools and corpora, emphasizing
the need for more reliable tools and higher-quality
data to support NLP development:

"The core problem is that data are es-
sential for training an Al model, whether
an LLM or another type of model, yet
such data are extremely scarce, espe-
cially structured datasets. Much of the
available data is like what I mentioned
earlier - they are Cantonese data, but
they are also Mandarin data. They are
woven together. To put it bluntly, the
quality is extremely poor." (P3)

"The bar for Al is that [...] if it can do
80% of [a task] right, [...] that is pretty
good. [...] 1 just find a lot of it is noise
that doesn’t have the level of precision
needed to build other stuff on top. If it is

directly consumer facing, I think that’s
okay in certain contexts, but if you are
looking to build NLP stuff that other peo-
ple lean on, it is a really shaky founda-
tion." (P5)

However, deployable LRLTs in real life are of-
ten expected to be perfect. Tools such as subtitle
generators (P10) or G2P (P5) for labeling character
pronunciation are expected to have an error rate
within 5% or even smaller to be usable in real life.
P5 elaborated that "It was accepted that [G2P] is
not going to get any better than 1 in 19 [...] 1 in
19 means that if you want to do a relatively thin
book of 200 pages, or 150 pages, about 50,000
characters, you're looking at 5,000 errors that you
need to find. Your error management needs an
error management system of its own." Moving be-
yond concerns about technical performance, P14
warned that uncontrolled outputs from generative
Al systems could pose broader risks for marginal-
ized LRL communities: "This could potentially
involve sensitive ethnic issues. [...] once it pro-
duces content that cannot be controlled, no one
may be able to contain it, and it could be very dif-
ficult for anyone to bear the consequences of the
resulting public controversy or political problems."

Developing reliable foundational tools is thus
crucial both to advancing LRLT development and
to ensuring that LRL communities can benefit
from these technologies while minimizing poten-
tial harms. Continued reliance on existing tools
risks perpetuating a vicious cycle in which weak
foundational components impede the development
of more reliable and useful LRLTs.

4.1.3 Limited Support and Funding

Data scarcity can also be exacerbated by the lack
of support from LRLT development communities
and local governments. Success in data collec-
tion for resource-rich languages, such as English
and Mandarin Chinese, depends not only on data
availability, but also on the collective effort of the
NLP community to open-source the collective re-
sources. This includes open-source data collected
from large-scale web scraping projects such as the
CommonCrawl project®, as well as uploaded to and
shared through platforms such as GitHub and Hug-
gingFace. For LRLs, however, we found an inter-
esting pattern that even when corpora are collected,

®http://commoncrawl .org
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practitioners are often unwilling to open-source
them to their communities:

"No, I have never encountered cases of
sharing corpora, and it is unlikely |[...]
I bought a corpus from [a university].
They wouldn’t share it with me. I had to
buy it from them." (P11)

"So some papers of [nationality] re-
searchers saying ‘Oh, we did this and
that, and we have this big corpus, and we
have these numbers’, but there’s never
any data. So it’s like, well, good for you,
but can’t use any of it [...] It’s proba-
bly very well funded, but nothing comes
out of it [...] One paper, and, you know,
there’s no corpus [...] It’s probably good,
but we have no idea what it is." (P13)

Some participants justified such practice. P14
commented that "If you spent all the funding and
finally made it [...] you might not be willing to
share.” Similarly, P6 attributed this practice to
some members of the LRLT community and the
"immaturity of the field", saying that "More op-
portunities of sharing might come from more peo-
ple. And [English and Mandarin NLP] is relatively
more mature. When something is immature — still
in its early stage — such sharing will be difficult.”

The lack of support within the LRLT ecosystem
also manifests in limited collaboration and diffi-
culties recruiting and retaining new talent. There
is a lack of collaboration between academia and
industry (P3), as well as within academia (P11). P1
believed that there should be more conversations
across different communities, but there had not
been "much interaction between the Al people with
linguists", and people working on Sinitic languages
kept "reinventing the world" and "doing silly things
again and again". Moreover, fewer students are en-
tering the field, and "it’s hard to keep them" when
the alternative job options are often more lucra-
tive (P8). Together with limited resource sharing,
these challenges weaken the collective capacity for
LRLT development.

Another major part of the support comes from
the government, which drafts policies and provides
funding for practitioners of technological develop-
ment. For LRLTSs, however, such support can often
be insufficient, or sometimes entirely missing. P6
commented that government support can be limited
and "nominal but not real"”, as both P6 and P7 noted

that there had not been specialized governmental
agencies and policies for the equality of Southern
Min despite recognizing the endangeredness of the
language. For example, while Southern Min is now
taught in school, the education, with only 1-2 hours
of lessons every week, is insufficient for students’
mastery of the language (P6).

When discussing practitioners gathering in vari-
ous conferences, P1 pointed out that while there are
conferences for data collection and even LT devel-
opment for specific languages, "conference partici-
pation is an expensive thing, and low-resource lan-
guage people don’t have that [money]". Almost ev-
ery phase of LT development, from data collection
and model training (PS5, P12, P14) to student (P8,
P9) / participant recruitment (P8, P12) and confer-
ence traveling, depends on funding, yet for LRLT
practitioners, securing funding is a major hurdle as
what they develop can be deemed as unprofitable
(P4, P7, P11), not easily commercialized (P8), or
having less impact in academia and industry (PS5,
P12). They often have to "compete with [...] not
just NLP projects" (P1), and attempt to improve
their chances for funding, whether to expand their
work to more profitable and commercializable prod-
uct with the addition of resource-rich languages to
attract more users (P6, P7), or tweak their proposal
by adding "buzzwords" (PS) / "sprinkles on a cup-
cake" (P12), demonstrating their projects’ values
appealing to those providing funding. When fund-
ing of 10 thousand USD cannot be guaranteed (P5),
LRLT development becomes hardly possible. New
and existing practitioners might switch their focus
to areas with more available funding and compen-
sation, exacerbating the aforementioned challenge
of recruiting and retaining talent.

Overall, the lack of standardization (and thus tex-
tual and spoken data), collaboration, funding, and
tools all influence and affect each other. They col-
lectively contribute to the overall problem of low-
resource-ness and amplify the hardship in LRLT
development. This leads LRLT development into
the downward spiral described by the Matthew Ef-
fect (Merton, 1968), i.e., "the poor get poorer”,
causing these challenges to become even more se-
rious in the future.

4.2 Means of Mitigation

Despite the challenges, our interview participants
deeply care about LRLT development and are
highly motivated to preserve the identities and cul-
tures of LRL speakers (P5, P11, P14, etc.) espe-
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cially when they themselves are native speakers,
improve the lives of vulnerable speaker popula-
tion (P8, P9), and by intellectual curiosity (P12,
P15). These motivations encourage practitioners to
find ways to mitigate the challenges in LRLT de-
velopment, including seeking existing community
support and utilizing LLMs in their work.

4.2.1 Seeking Support from Diverse Sources

In Section 4.1.3, we showed that many practition-
ers struggled to obtain support, particularly through
resource sharing and funding. However, such sup-
port was uneven rather than absent. Participants’
accounts suggest that progress in LRLT develop-
ment often depends on assistance from research
communities, government bodies, and interested
individuals. For practitioners who received it, this
assistance helped mitigate several challenges asso-
ciated with LRLT development.

Participants pointed to international research
conferences and workshops for potential venues
to seek collaboration for LRLT development. Ori-
ental COCOSDA’, EURALI®, and workshops for
regional LRLs in LREC® and CoLang'® were men-
tioned. Participants commented that these are ways
that "allow me to learn what neighboring countries
are working on" (P6) and for people to "gather”
and "talk to each other" (P1).

Research labs will also collaborate with IT com-
panies (P1, P6) and other research labs, sometimes
in another country (P3, P15). To seek collaboration
with limited funding, practitioner-initiated commu-
nities for LT development are formed. Researchers
and developers communicate through social me-
dia platforms to share their interests and discuss
progress in LRLT development (P1, P4). The re-
sulting networks could provide crucial support to
practitioners entering the field, as reflected by P5:
"The one thing that is very, very important in the
whole project, making any way forward, is sup-
port from people like [a fellow practitioner], who,
when I have brought nothing to the table yet, still
helped me try to get something on the table. And
the Cantonese Linguistics community tends to be
quite welcoming, and they’re willing to provide ad-
vice, provide help, even though they may already
be legends in what they do."

Support for LRLT projects can come from gov-

7https ://www.oriental-cocosda.org
8https ://sites.google.com/view/eurali/
https://aclanthology.org/venues/lrec/
Ohttps://www.colanginstitute.org/attend

ernments, nongovernmental organizations, private
individuals, and speaker communities, taking both
financial and nonfinancial forms. Although partici-
pants generally described public funding as limited,
P6 and P8 reported receiving it, while P1 and P14
were aware of other government-funded projects.
P13 noted that private individuals and nongovern-
mental organizations could also provide alterna-
tive sources of funding. Support from speakers
extended beyond direct financial assistance: P10
described how they could promote new LT products
on social media and purchase them, while P1 noted
that they could also participate in beta testing.

Although substantially more support is still
needed from governments, nongovernmental or-
ganizations, research communities, and individual
benefactors, participants’ accounts suggest that cur-
rent progress in LRLT development relies heavily
on the financial, emotional, and practical assistance
provided by these actors.

4.2.2 Emergence of LLMs

Prior work has revealed LLMs’ limited perfor-
mance on LRLs (Court and Elsner, 2024; Jadhav
et al., 2025) and raised social and ethical considera-
tions of using LLMs for LRLs (Smart et al., 2024).
Nevertheless, the majority of our participants ex-
press a positive attitude towards the effect of LLMs
on LRLT development.

Because all three languages in our study are
represented to varying degrees in existing LLMs,
participants reported that these models could help
address critical challenges in LRLT development,
including shortages of data and basic processing
tools. P1, P3, and P11 discussed leveraging LLMs
to generate LRL data through data augmentation
for model training. P12 described a pipeline for
human-LLM collaboration. LL.Ms can help with
data annotation, which is often expensive if done
manually, and practitioners develop filters using
different heuristics to improve the quality of the
automatic annotations. This aligns with recent lit-
erature describing the usage of LLMs to help with
various aspects of LRLT development, including
annotation (Kholodna et al., 2024) and data aug-
mentation (Wang et al., 2025). With the challenge
in language education (§ 4.1.3), P6 proposed that
LLMs can help language instructors prepare teach-
ing materials or be customized to check students’
learning progress. Most participants believed that
"LLM is a trend" (P15), and generally felt opti-
mistic about the positive impact, i.e., helping with
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basic language tasks, assisting with language edu-
cation, and potential future capabilities that LLMs
can bring to LRLT development.

However, despite all the benefits and practical
assistance listed above, some participants also ex-
pressed concerns about how LLMs will shape the
future for LRLs and LRLTSs, even including par-
ticipants who find LLMs useful. "If we envision
our products to be able to translate everything and
we don’t have to learn but just speak our own lan-
guages, then it becomes a challenge |[...] If every-
one is too lazy to learn, then wouldn’t it accelerate
the extinction of low-resource languages?", a con-
cern of LLMs discouraging people from learning
other languages expressed by P9 and also shared by
P7. Similarly, P6 was worried about the LLMs’ out-
standing performance on resource-rich languages
potentially forcing users to give up on using LRLs.
Some voiced their distrust in using LLMs for LRLT
development due to LLMs’ lack of interpretability,
unexplainable reasoning ability (P8), and halluci-
nation in their generations (P5).

LRLT practitioners are actively enlisting the as-
sistance of existing communities, organizations,
and interested individuals that they know of, as
well as the capabilities of LLMs to help them com-
bat the innate challenges of LRLT development.
However, the help that they are receiving is far
from enough, and we call for increasing attention
and assistance from relevant stakeholders.

5 Discussion

In this section, we situate our findings within the
existing literature and consider their implications.
We first examine how our findings corroborate and
extend prior research. Subsequently, we translate
these insights into recommendations for relevant
stakeholders, with the aim of supporting more in-
clusive and sustainable LRLT development.

5.1 Connections with Prior Literature

The identified challenges correspond to the aspects
of low-resourcedness categorized in Nigatu et al.
(2024). The lack of standardization (§ 4.1.1) and
the unreliability of existing tools (§ 4.1.2) primarily
concern the Artifacts aspect, whereas insufficient
support (§ 4.1.3) cuts across the Socio-Political,
Resource, and Agency aspects. In addition, our
findings highlight the complexity of some of the
aspects. Prior work identifies limited standardiza-
tion as both a feature of low-resourcedness (Nigatu

Socio-Political
- Economic
- Colonial/political

Resources Artifacts
- Human resources - Linguistic knowledge
- Access to Digital - Data
Devices - Technology

Figure 1: Illustration of how three aspects defined in Ni-
gatu et al. (2024) affect each other. An arrow pointing
from aspect A to aspect B suggests that A affects B.
Thin blue arrows are identified in Nigatu et al. (2024),
and broad red arrows are discovered in our study.

et al., 2024; Coto-Solano, 2022) and a barrier to LT
development across communities (Dolinska et al.,
2024). Our findings (§ 4.1.1) extend this observa-
tion by showing that the existence of a standard-
ized orthography is insufficient: digital resources
may remain scarce when competing standards co-
exist, speakers do not adopt the standard, or its
use is restricted to particular contexts. Similarly,
although all practitioners faced the same overarch-
ing challenge of securing funding, the particular
funding sources that were difficult to access varied
among them (§ 4.1.3), leading them to seek support
through different channels (§ 4.2.1). The situated
nature of these challenges calls for case-specific
investigations and recommendations.

Nigatu et al. (2024) identify three causal rela-
tionships among the Socio-Political, Resource,
and Artifacts dimensions. We set aside Agency
in this discussion because it functions as a cross-
cutting dimension that interacts with each of the
other three. Specifically, (1) Socio-Political condi-
tions constrain Resource availability; (2) Resource
availability influences the number of Artifacts pro-
duced; and (3) Socio-Political conditions also di-
rectly affect the production of Artifacts, including
documented linguistic knowledge. Our findings
suggest additional causal links among these dimen-
sions, forming bidirectional and self-reinforcing
feedback loops (Figure 1). First, shortages of fund-
ing and human resources can reduce the quality of
datasets and technologies. Tools developed under
these constraints may subsequently have limited
commercial viability, giving funders less incentive
to support further development (§ 4.1.3); this repre-
sents an influence of Artifacts on Socio-Political
decisions. Second, dataset development often de-
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pends on access to shared data, yet data scarcity
limits the material available for sharing and reuse
(§ 4.1.1), creating a loop in which a lack of Ar-
tifacts constrains the production of further Arti-
facts. Finally, a larger practitioner community and
greater availability of data and tools can help new-
comers enter the field, whereas scarcity in both
areas raises barriers to entry (§ 4.1.3; § 4.2.1). This
illustrates how existing Artifacts and Resources
can influence the future availability of Resources,
particularly human resources.

Participants’ accounts indicate that a central mo-
tivation for LRLT development is its connection
to practitioners’ linguistic and cultural identities
(§ 4.2). This connection is especially salient be-
cause many languages described as low-resource
in NLP are also socially or politically marginal-
ized in the societies where they are spoken (Smart
et al., 2024). Siminyu et al. (2023) similarly re-
port that native-speaker practitioners are motivated
to develop LTs for their own languages. Sociolin-
guistic research suggests that identity is not merely
reflected in language use but is also constructed
through linguistic practice and interaction (Bu-
choltz and Hall, 2005; Eckert, 2012). By expanding
opportunities for speakers to use their languages,
LRLTs developed with and for speaker communi-
ties may therefore support linguistic identity, lan-
guage maintenance, and cultural continuity.

5.2 Recommendations

Building interconnected communities grounded
in speaker participation. We recommend ex-
panding the existing LRLT communities and in-
creasing connections among them. Such com-
munities can be modeled after Masakhane (Orife
et al., 2020). Acknowledging the lack of focus
on African LTs, the opaqueness of research effort,
and the socio-economic factors hindering connec-
tions, Masakhane has expanded from 144 to over
3,000 participants in five years (Issaka et al., 2025),
publishing and releasing high-quality research ar-
tifacts. This example demonstrates how a well-
connected community could overcome challenges
faced by individual practitioners. LRLT practition-
ers could also involve LRL speakers in various
stages of LT development to understand their needs
and disagreements, and evaluate existing LTs to
better identify future directions (Matias and Price,
2025).

Enabling collaboration and language use
through supportive government policies. Com-

munications and collaboration from different re-
gions can be restricted by local governments. For
the collective effort in LRLT development, we en-
courage governments to ease the restrictions on
research collaborations. Local governments should
understand the connection between languages and
identities, and children’s ability to achieve bilin-
gualism (Byers-Heinlein and Lew-Williams, 2013).
Policies could promote the use of marginalized
languages by making their study compulsory in
primary and secondary education, granting them
official status, and encouraging their use in govern-
ment communications.

Coordinating multi-stakeholder support for
sustainable LRLT development. The broader
NLP community should continue the effort to wel-
come LRLT research and practitioners by lowering
the cost for conference registration, having ded-
icated paper submission tracks, workshops, and
conferences. NLP practitioners should continue
to develop LRL-specific or language-independent
tools. The prevalent use of LLMs in LRLT devel-
opment suggests the need to build more inclusive
LLMs. Funding opportunities dedicated to LRLT
development can be increased and made available
by governments, NLP communities, companies,
and individuals. Different stakeholders can also
convene to discuss and understand each other’s
perspectives, shaping a more sustainable path for
LRLT development.

6 Conclusion

In this paper, we used semi-structured interviews
with Sino-Tibetan LRLT practitioners to investigate
the challenges they face and the ways they seek to
mitigate them. Beyond data scarcity, participants
identified challenges related to the standardization
of written and spoken language, the reliability of ba-
sic LRL processing tools, and limited funding, col-
laboration, and research support. These interrelated
challenges not only hinder LRLT development but
also perpetuate the low-resource status of these
languages. Nevertheless, participants generally ex-
pressed optimism about the field’s progress. They
described drawing on support from diverse sources
and leveraging LLMs for basic language tasks. By
making these challenges and potential means of
mitigation explicit, this study calls for greater at-
tention and support from relevant stakeholders and
advocates for sustainable LRLT development with,
for, and by native-speaker communities.

19337



Limitations

Our recruitment process involves emailing practi-
tioners whom we can find online and snowball sam-
pling by connecting with more participants through
practitioners we have already connected with. We
acknowledge that this recruitment process likely
resulted in our participants being those who are
already connected with other practitioners and who
are open to voicing their experience. We also faced
challenges in our recruitment process when partici-
pants did not respond to emails, or even refused to
participate in interviews. The three languages se-
lected, i.e., Cantonese, Southern Min and Tibetan,
are languages with the richest resources among all
Sino-Tibetan LRLs. Practitioners working on other
Sino-Tibetan LRLs might be facing more severe
challenges and fewer ways to mitigate them. We
therefore consider our findings to be a subset of all
challenges and mitigation faced by Sino-Tibetan
LRLT practitioners (and therefore LRLT practition-
ers in general), and limited by the participants and
communities that we engaged with. Future research
should try to expand the investigation to practition-
ers who are less connected with the broader NLP
community and other practitioners, those working
on other LRLs (especially some extremely low-
resource ones), and comparing challenges across
different communities.
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A Appendix

A.1 Participant Consent Form

Here is the full text for the consent form with contact information redacted.

You are being asked to be a volunteer in a research study. The purpose of this study is to
investigate the assets and challenges of the research communities working on low-resource
Sino-Tibetan language technology by interviewing experts in this field. The interview will take
approximately 1 hour to complete.

To protect your privacy, your records will be kept under a code number rather than by name.
Your name will only be collected when signing the consent forms. The signed consent forms
will be kept in a secured locker, and unless you give specific consent otherwise, only study staff
will be allowed to look at them. Your name and any other fact that might point to you will not
appear when results of this study are presented or published.

The risks involved are no greater than those involved in daily activities. You will not likely di-
rectly benefit for joining this study, but your participation will help the NLP research community
to understand the direction for future development of low-resource language technology.

We will comply with any applicable laws and regulations regarding confidentiality. To make
sure that this research is being carried out in the proper way, the Georgia Institute of Technology
IRB may review study records. The Office of Human Research Protections may also look at
study records.

If you have any questions about the study, you may contact Dr. Michael Best at telephone

I o vio cmail ot [ 1 you have any questions about your

rights as a research subject, you may contact Georgia Institute of Technology Office of Research
Integrity Assurance at [ NI Thank you for participating in this study.
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