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Abstract

Tibetan, spoken by some seven million peo-
ple on and around the Qinghai-Xizang Plateau,
remains underrepresented in natural language
processing (NLP). We present, to our knowl-
edge, the first peer-reviewed systematic biblio-
metric survey of Tibetan NLP: 140 publications
from 2004 to 2026 in the ACL Anthology and
DBLP, annotated for venue type, research area,
first-affiliation country, and resource release.
Output has grown rapidly, with 84% of the
publications appearing since 2018, and has ex-
panded bottom-up along the NLP pipeline, from
corpora and word segmentation through script,
speech, and applications to large language mod-
els (LLMs). Researchers based in China first-
authored 87% of the publications, which span
all 25 represented research areas, whereas work
from other countries concentrates on Classi-
cal Tibetan. We argue that this full-pipeline
paradigm, realized under the compounded con-
straints of a complex script, dialectal diversity,
and geographic remoteness, offers a reference
model for other low-resource languages of the
Global South. We also identify gaps in dialect
coverage, responsible NLP, native and compara-
ble evaluation, cross-community visibility, and
resource release (only 29% of the publications
release data, code, or models), and recommend
open science, shared standards, and community
participation for the LLM era.

1 Introduction

The benefits of NLP remain unevenly distributed:
most of the world’s languages have little or no la-
belled data (Joshi et al., 2020), and LLMs, whose
capabilities depend on each language’s digital text,
threaten to widen this gap. The risk is compounded
in remote highlands, where geographic isolation,
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dialectal fragmentation, and limited digital infras-
tructure add to data scarcity; the Qinghai-Xizang
Plateau, the world’s highest, known as the Roof of
the World and the Third Pole, is an extreme instance.

Tibetan, the principal language of the plateau, is
spoken by some seven million people in the Xizang
Autonomous Region and the provinces of Qinghai,
Sichuan, Gansu, and Yunnan in China, and by com-
munities in Pakistan, India, Nepal, and Bhutan. Its
script does not mark word boundaries, its spoken
varieties differ substantially, and its digital text is
scarce (§2.1); in the taxonomy of Joshi et al. (2020),
it belongs to Class 1 (“The Scraping-Bys”), with
some unlabelled but almost no labelled data, a class
that, the authors argue, needs “a solid, organized
movement” to collect labelled data. Tibetan thus
tests whether such a movement can bring a low-
resource language into the LLM era.

Although Tibetan NLP has been studied for more
than two decades, its literature is fragmented across
communities and venues: 103 of the 140 publica-
tions we identify (74%) lie outside the ACL. An-
thology, the sole source of a recent survey of Sino-
Tibetan languages (Liu and Best, 2025), and the
closest Tibetan-specific overview is a brief edito-
rial (Long and Hill, 2021). We address this gap
with a bibliometric survey of these publications
(§3), guided by four research questions:

RQ1. How has Tibetan NLP output evolved over
time and across venues? (§4.1)

RQ2. Which research areas have received the
most and least attention, and how have priorities
shifted? (§4.2)

RQ3. Which countries have contributed, and
what role has China played? (§4.3)
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RQ4. What are the key open challenges, and what
could accelerate progress? (§§5-6)

Our central finding is that Tibetan NLP exempli-
fies what we call a full-pipeline paradigm: start-
ing from annotated corpora, lexicography, and
word segmentation, the field has successively added
script and speech processing, applications, and,
since 2022, pre-trained and large language models,
while continuing to build resources. We argue that
this paradigm offers a reference model for other low-
resource languages of the Global South, identify the
gaps to be closed in the LLM era, and release our
annotated bibliography with an audit of publicly
released resources.

2 Background

2.1 The Tibetan Language

Tibetan belongs to the Tibeto-Burman branch of
the Sino-Tibetan language family. Written continu-
ously since the seventh century, its literary language,
rooted in Classical Tibetan, serves as a shared writ-
ten standard across three main dialect groups, U-
Tsang, Kham, and Amdo, whose spoken forms dif-
fer so much in phonology that mutual intelligibility
is limited (Schmidt, 2020; Ren et al., 2026); even
lexical tone varies, from tonal U-Tsang through
Kham to largely atonal Amdo (Liang and Zerong,
2026). We use Tibetan collectively for the classical
and modern written language and its spoken vari-
eties, often classified as distinct Tibetic languages
(hence the plural in our title). This diglossia chal-
lenges NLP: models trained on written text may
transfer poorly to speech, and variety-specific sys-
tems generalize poorly.

As Figure 1 shows, Tibetan script is an abugida
in which 30 consonant letters and 4 vowel signs
(Liu et al., 2014) combine under strict orthographic
rules to form syllables. Syllables are delimited by
the tsheg, but word boundaries are not marked, so
word segmentation has long come first in text pro-
cessing (Liu et al., 2011), although neural models
can operate directly on syllables (Lai et al., 2018).
Even syllable boundaries can be implicit: several
case particles fuse with the preceding syllable and
resemble ordinary final letters, a major source of er-
rors in segmentation, syllable analysis, and subword
machine translation (MT) (Li and Yu, 2013; Zhu
et al., 2019; Gyatso et al., 2025). Encoding raises
further problems: unlike Unicode, Chinese national
extension standards encode whole stacks, 7,198 in
all, as single characters (Liu et al., 2014; Wang
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Figure 1: The Tibetan word q%u}u:}%" (programming),
illustrating the three-level structure of Tibetan script:
letters (30 consonants and 4 vowel signs, each encoded
by a Unicode code point, shown at the bottom) combine
into syllables according to strict orthographic rules, and
syllables, each followed by the inter-syllable mark tsheg
(), form words whose boundaries are not marked.

et al., 2019); stacks may be stored in variant code-
point orders (Faggionato and Meelen, 2019); and
replacing the tsheg with spaces degrades fine-tuned
models (Cao et al., 2023). Tibetan is verb-final
with ergative marking (An and Long, 2021), case-
particle forms depend on the preceding syllable’s
final letter (Khysru et al., 2021), and verbs have up
to four stems (Khysru et al., 2019); its conserva-
tive orthography retains prefixed, superscribed, and
subscribed letters and leaves Lhasa tones unwritten
(Yang et al., 2015), both of which grapheme-to-
phoneme conversion must model. Together with
scarce digital text, each property has spawned a
sustained line of research (§4.2).

2.2 Related Surveys

Surveys of geographically defined, under-resourced
language groups, such as African languages (Ade-
bara and Abdul-Mageed, 2022; Alabi et al., 2025),
the indigenous languages of Latin America (Tonja
et al., 2024), and the languages of India (Kumar
et al., 2026), inform our design. Our survey dif-
fers from the two closest overviews of Tibetan NLP
in scope, coverage of the LLM era, sources, and
annotation (Table 1).

3 Methodology

Scope and inclusion criteria. We include peer-
reviewed publications in which Tibetan, modern or
classical, is the primary language of study or a prin-
cipal experimental object, and whose contribution
concerns computational processing of Tibetan text,
speech, or script; multilingual studies qualify when
Tibetan is among their principal experimental lan-
guages. Coverage runs from 2004, the year of the
earliest Tibetan NLP paper in our sources, through
00:00 UTC, September 25, 2026.

1089



Feature Our Survey NAACL Survey TALLIP Editorial
(Liu and Best, 2025) (Long and Hill, 2021)
Scope Tibetan only Sino-Tibetan family (49 low- Tibetan only
resource languages)
Coverage 2004-2026: from the earliest 1952-2022: the ACL OCL cor- 2016-2021: editorial for a spe-
Period identified paper through 00:00 pus (Rohatgi et al., 2023); venue  cial issue of ACM TALLIP
UTC, September 25, 2026 trends for 20002021
Corpus 140 publications, annotated for 253 papers (274 language—paper No fixed count: narrative
venue type, research area, coun- matches for 23 of the 49 lan- overview of key developments
try, and resource release guages), annotated for topic
Sources Hybrid: ACL Anthology Bib- ACL Anthology only, via the Selected by the special-issue edi-

TeX and DBLP Search API

ACL OCL corpus

tors

Table 1: Comparison of our survey with the two most closely related overviews of Tibetan NLP.

Step 1 — Automated Retrieval

ACL Anthology BibTeX
Download Full BibTeX File

L ]

Retrieve Publications

DBLP Search API
Query Keyword "Tibetan"

item Type is "Journal Articles"
& Verified by Web of Science

Retrieve Publications

"Tibetan" in Title or Abstract
Item Type is "Conference Papers”

& Recommended by 7th CCF Catalogue

!

Combined Candidate Pool
Merged Results from Both Sources

T
Step 2 — Manual Screening
v

Manual Screening ‘

Relevance Review by Researchers

‘ Final Set of Relevant Publications ‘

Figure 2: Two-step construction of the survey corpus.
Step 1 (automated retrieval): entries with Tibetan in
the title or abstract are retrieved from the full ACL An-
thology BibTeX file, and publications matching the key-
word Tibetan are retrieved through the DBLP Search
API, retaining journal articles verified by Web of Sci-
ence and conference papers from venues recommended
in the 7th edition of the CCF catalogue. Step 2 (manual
screening): the merged and deduplicated candidate pool
is reviewed for relevance, yielding the final set of 140
publications.

Retrieval and screening. We proceeded in two
stages (Figure 2). First, we retrieved all entries with
the keyword Tibetan in the title or abstract from the
ACL Anthology’s full BibTeX export!. To cover
research outside it, we queried the DBLP Search
API? with the same keyword and, to restrict results
to established peer-reviewed venues, retained only
Web of Science® indexed journal articles and papers
from international conferences recommended in the
7th edition of the China Computer Federation (CCF)

'https://aclanthology.org/faq/bib/
’https://dblp.org/faq/13501473.html
Shttps://www.webofscience.com

catalogue*. Second, four researchers independently
screened the deduplicated candidates against the in-
clusion criteria, considering only English-language
papers and resolving disagreements by discussion.
The final corpus has 140 publications: 37 from the
ACL Anthology (25 conference and 12 workshop
papers; Appendix A) and 103 from DBLP (29 con-
ference papers, 74 journal articles; Appendix B).

Annotation. Each publication was annotated
along three dimensions: (1) venue type (conference,
workshop, or journal); (2) country of the first au-
thor’s primary affiliation (Appendix C); and (3) re-
search area: up to two of the 29 areas of the ACL
Rolling Review (ARR) taxonomy® (Appendix D).
In practice, 115 publications received two areas and
25 received one, yielding 255 area assignments, SO
area counts sum to more than 140. We also recorded
whether the authors release code, data, or models
at a public URL (Appendix F).

4 Results
4.1 Publication Trends by Year and Venue

Annual output (Figure 3) was sporadic for nearly
two decades, with three papers in 2004-2006, none
in 2007-2009, and 19 in 2010-2017, before rising
sharply: 118 publications (84.3%) date from 2018
onward, and 61 (43.6%) from 2024-2026 alone, al-
though 2026 is only partially covered. This growth
coincides with the wider field’s adoption of deep
learning and, later, of pre-trained Transformers and
LLMs. Several annual peaks, however, reflect clus-
ters in single venues: five of the nine papers of 2018
appeared at PRCV 2018, seven of the 13 of 2019 in
IEEE Access, eight of the ten of 2021 in TALLIP,
six of them in the special issue introduced by Long

*https://www.ccf.org.cn/Academic_Evaluation/

By_category/
*https://aclrollingreview.org/areas
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and Hill (2021), and five of the 21 of 2026 in one
issue of Data Intelligence. Dedicated venues have
thus shaped growth, and yearly fluctuations should
not be over-interpreted.

P A N S N S

Figure 3: Annual number of Tibetan NLP publications
by venue type (left; stacked bars) and overall share of
each venue type (right; counts in the legend), 2004—-2026.
The year 2026 is only partially covered. The full-scale
version is Figure 7 in Appendix E.

Journal articles form the largest share of the cor-
pus (74; 52.9%), followed by conference papers
(54; 38.6%) and workshop papers (12; 8.6%), dis-
persed across 10 workshops, 22 conferences, and
25 journals, led by TALLIP (19 articles) and I[EEE
Access (14 articles) (Figure 4). Only 37 publica-
tions (26.4%) appear in the ACL Anthology, but
17 of these date from 2024-2026, including papers
at ACL, EMNLP, AACL, COLING, and LREC:
Tibetan NLP is entering the core NLP venues, al-
though most of its literature circulates elsewhere.

# Aty

W

Figure 4: Number of publications per conference (top
left), workshop (top right), and journal (bottom). Pa-
pers at joint conferences (ACL-IJCNLP 2015, IICNLP-
AACL 2025) are counted under each constituent venue,
so the conference counts sum to 57 for 54 papers. The
full-scale version is Figure 8 in Appendix E.

4.2 Research Areas

The 255 area assignments (Figures 5, left, and 6)
cover 25 of the 29 ARR areas but are highly skewed:
Multilingualism and Cross-Lingual NLP (41 publi-
cations) and Resources and Evaluation (40) account
for 31.8% of all assignments and the five largest ar-
eas for 56.1%, whereas 11 areas have between one

and four publications and four (Dialogue and Inter-
active Systems; Ethics, Bias, and Fairness; LLM
Agents; and NLP and Code Models) have none. We
discuss them in four groups corresponding broadly
to layers of the NLP pipeline.

Figure 5: Number of publications per ARR research
area (left; descending order) and per country of the first
author’s affiliation (right; ascending order). As a publi-
cation can belong to more than one area, area counts sum
to 255. The full-scale version is Figure 9 in Appendix E.

Figure 6: Number of publications per ARR research area
and year, 2004-2026; darker cells indicate more publi-
cations. Areas are ordered by total count (descending).
The full-scale version is Figure 10 in Appendix E.

Foundations: resources, segmentation, and syn-
tax. Resources and Evaluation is the most per-
sistent area, active in 16 of the 20 years with any
Tibetan NLP publication, from a syntactically anno-
tated corpus and lexicographic resources (Wagner
and Zeisler, 2004; Jiang et al., 2005; Jiang, 2006)
to the training and evaluation data of the LLM era
(Zhang et al., 2024, 2025a; Gao et al., 2025; Zhuang
et al., 2025a; Zhuang and Sun, 2025; Li et al., 2026).
Corpus scale has grown from 35M syllables of
news text (Liu et al., 2012) to the 166M-token di-
achronic PACTib (Meelen and Roux, 2020) and
72 GB for LLM pre-training (Yang et al., 2026), and
17 of its 40 publications appeared in 2025-2026.
Phonology, Morphology, and Word Segmentation
(17) centres on the absence of word boundaries.
For lack of a public segmented corpus, early work
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trained a conditional random field segmenter on
machine-segmented text (Liu et al., 2011), and Chi-
nese national standards for Tibetan word segmenta-
tion and part-of-speech tags followed only in 2018
(Zhu et al., 2019; Li et al., 2022b). The area has
since moved from syllable tagging (Liu et al., 2011;
Li and Yu, 2013) and unknown-word identifica-
tion (Nuo et al., 2015) to morphology-aware lan-
guage models (Khysru et al., 2019), subword meth-
ods for MT (Li et al., 2021; Gyatso et al., 2025),
joint segmentation and part-of-speech tagging (Li
et al., 2022b), neural segmentation (Brown, 2024),
and segmentation evaluation (Zhuoma and Zhijie,
2026). Syntax: Tagging, Chunking and Parsing
(14) follows the opposite trajectory: anchored in
treebanks of Old and Classical Tibetan (Faggionato
and Meelen, 2019; Meelen and Roux, 2020) and
in dependency parsing (An and Long, 2021; An,
2023Db), it has no publications after 2023, mirror-
ing its estimated decline across the ACL Anthology
from 20% to 2% of papers in 2000-2021 (Rohatgi
et al., 2023).

Script and speech. Nearly a third of the corpus
(45 publications; 32.1%) processes visual or acous-
tic input. Multimodality and Language Grounding
(24) is dominated by script recognition: online and
offline handwriting (Ma et al., 2011; Ma and Wu,
2015; Cai and Wang, 2018; Wang et al., 2019; Li
et al., 2024; Tashi et al., 2024; Zhou et al., 2026),
historical documents in woodblock and manuscript
styles (Wang et al., 2018b; Zhao et al., 2018; Wang
et al., 2018a; Li et al., 2022c; Zhao et al., 2024),
scene text (Ke et al., 2025; Lhundrub et al., 2026),
and, recently, vision—-language and multimodal opti-
cal character recognition (OCR) resources (Xu et al.,
2026; Jie et al., 2026). Speech Recognition, Text-to-
Speech and Spoken Language Understanding (21)
has progressed from isolated-word recognition with
at most 20 speakers (Zhao et al., 2012) to end-to-
end recognition for the Lhasa and Amdo varieties
and in multi-dialect settings (Zhao et al., 2019b;
Qin et al., 2022b; Liu et al., 2023; Zhu and Huang,
2020; Liu et al., 2024), alongside speech synthesis
(Yang et al., 2015; Zhao et al., 2019a; Xu et al.,
2021; Zhang et al., 2026b), speech translation (Fan
et al., 2026; Ren et al., 2026), and word-level eval-
uation (Moore et al., 2026). A recurring strategy
exploits the compositional structure of the script:
decomposing stacks into components reduces 562
handwritten character classes to 120 components
(Ma and Wu, 2013, 2015) and aids few-shot printed-

text recognition (Han et al., 2018), and sub-syllable
radicals serve as units for language modelling and
speech recognition (Shen et al., 2017; Qin et al.,
2022b,a). Both areas’ prominence plausibly reflects
a large manuscript and print heritage and spoken
varieties poorly served by written resources.

Cross-lingual transfer and language modelling.
Multilingualism and Cross-Lingual NLP (41) is
the largest area and has gained the most publica-
tions since 2022 (27). Early work uses the Tibetan—
Chinese pair to project base noun phrases without
a Tibetan tagger or treebank (Nuo et al., 2012),
to gloss keywords in OCR output in Chinese in
lieu of unreliable MT (Su et al., 2013), and for
bilingual clustering and cross-lingual speech syn-
thesis (Ye et al., 2015; Yang et al., 2015), while
Sanskrit-Tibetan resources serve the classical tra-
dition (Nehrdich, 2022). Since 2024, the area has
been shaped by multilingual corpora and bench-
marks for China’s minority languages (Zhang et al.,
2024, 2025a; Li et al., 2026) and by adapting mul-
tilingual LLMs (Gurgurov et al., 2024; Yang et al.,
2026). Language Modeling (16; 13 since 2022)
recapitulates the wider field’s arc, from recurrent
models exploiting radicals and morphology (Shen
et al., 2017; Khysru et al., 2019), through BERT-
style models (Liu et al., 2022; Liang et al., 2024;
Zhang et al., 2025c¢), to LLaMA-based LLMs (Lv
et al., 2025; Sha et al., 2025), alignment datasets
(Zhuang et al., 2025a; Chen et al., 2026), and studies
of vocabulary size and continual pre-training (Han
et al., 2026; Yang et al., 2026). Machine Learn-
ing for NLP (11; nine since 2024) and Efficient
Methods for NLP (3; all since 2023) reflect a turn
to few-shot, prompt-based, and parameter-efficient
adaptation (Bao et al., 2024; Tang et al., 2025; Zhou
et al., 2024b).

Applications. Computational Social Science and
Cultural Analytics (12) and Information Retrieval
and Text Mining (6) emerged with mining Tibetan
web and microblog text in 2014-2019 (Ye et al.,
2014; Qiu et al., 2017; Xu et al., 2018), and the
former has returned with offensive-language and
rumour detection (Ren et al., 2024; Yu et al., 2024).
Eight of the nine publications in NLP Applications
concern historical or classical materials, such as in-
terlinearized ancient texts (Long and An, 2023) and
OCR spelling correction (Luo and Chuang, 2024).
Machine Translation (7), has moved from syllable-
and subword-based neural MT (Lai et al., 2018; Li
et al., 2021) to filtering noisy parallel data with a
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cross-lingual model (Zhou et al., 2024a), speech
translation from Amdo or all three dialect groups
(Ren et al., 2026; Fan et al., 2026), and compar-
isons of dedicated MT engines with a prompted
LLM (Wang et al., 2026). Question Answering
(5), Generation (5), Information Extraction (4), and
Summarization (3) remain small (e.g., Dan and Sun,
2024; Xu et al., 2025; Zhang et al., 2025b); all sum-
marization studies use news titles, leads, or LLM-
generated summaries as references (Ouyang et al.,
2024; Hao et al., 2024b; Wang et al., 2025).

Persistent gaps. Besides the four empty areas,
topics central to the responsible deployment of lan-
guage technology are nearly absent. Interpretabil-
ity and Analysis of Models (3) is represented only
by adversarial-robustness studies from a single re-
search team (Cao et al., 2023, 2025b,a), Human-
Centered NLP (2) by a readability tool and human-
in-the-loop adversarial-text generation (Schmidt,
2020; Cao et al., 2025b), and Clinical and Biomedi-
cal Applications (1) by medical named-entity recog-
nition, where F1 falls to 71% from 94% on news
(Zhang et al., 2025b); Discourse and Pragmatics,
Linguistic Theories, and Symbolic Reasoning have
one each.

A layered trajectory. Figure 6 and Table 2 show
that the field has expanded broadly bottom-up along
the NLP pipeline, adding new layers rather than re-
placing old ones: resources and syntax appeared
in 2004; segmentation, script, speech, and cross-
lingual work in 2010-2012; web mining in 2014;
language modelling, machine translation, question
answering, generation, and information extraction
in 2017-2019; and efficient methods, interpretabil-
ity, summarization, clinical applications, and dis-
course only in 2023-2025. Earlier layers persisted:
resources remain the second most frequent area in
the LLLM era, and segmentation research contin-
ues. Only syntax has declined, as across the ACL
Anthology, where resources have also waned but
dialogue, interpretability, and ethics have grown
(Rohatgi et al., 2023), the very areas in which Ti-
betan NLP lags.

4.3 Country-Level Analysis

Research is highly concentrated (Figure 5, right):
122 publications (87.1%) are first-authored in China
(hereafter, China-affiliated publications), and the
remaining 18 in the USA (5), the UK (4), Germany
(3), Israel (3), and Australia, France, and India (one
each). China’s share has exceeded 80% in every

Phase Publications Areas China
2004-2017 22 13 95.5%
Top areas: Resources (7), Phon./Morph./Seg. (5),
Multilingual (5), Syntax (4), Multimodality (4)

2018-2021 40 18 82.5%

Top areas: Resources (9), Multilingual (9), Multimodality (7),
Speech (7)

2022-2026 78 23 87.2%
Top areas: Multilingual (27), Resources (24), Language
Modeling (13), Multimodality (13)

Table 2: Three phases of Tibetan NLP. Areas: ARR
areas represented; China: share first-authored in China;
Top areas: four most frequent areas, with ties. Bound-
aries: the 2018 output rise and the first BERT-style
model, TIBERT (Liu et al., 2022), in 2022.

phase (Table 2), consistent with its lead in research
teams and public funding for Tibetan information
processing (Long and Hill, 2021).

China’s contribution is broad as well as large:
China-affiliated publications cover all 25 repre-
sented areas, 15 of them exclusively, including Lan-
guage Modeling, Multimodality, Machine Trans-
lation, Question Answering, and Generation. The
18 publications from other countries fall into ten
areas, mainly Resources and Evaluation (9), Syn-
tax (5), NLP Applications (5), and Multilingual-
ism (5), and most concern Old or Classical Tibetan
and Buddhist texts (cf. Long and Hill, 2021): UK-
based researchers built treebanks and annotated cor-
pora (Faggionato and Meelen, 2019; Meelen and
Roux, 2020; Meelen et al., 2021); Israel-based re-
searchers, with German Tibetologists, developed
evaluation resources and methods for Buddhist texts
(Hashiloni et al., 2025; Cohen et al., 2026; Bilitski
et al., 2026); and researchers in Germany, France,
and the USA contributed a Sanskrit-Tibetan par-
allel corpus, e-text tools, text analytics, and OCR
spelling correction (Nehrdich, 2022; Trinley et al.,
2021; Krishna et al., 2021; Luo and Chuang, 2024).
US-based work also covers modern Tibetan seg-
mentation, speech recognition evaluation, and tono-
genesis (Brown, 2024; Moore et al., 2026; Liang
and Zerong, 2026).

The two groups also publish in different venues:
two-thirds of the publications from outside China
(12 of 18) appear in the ACL. Anthology, seven of
them at workshops, whereas 97 of the 122 China-
affiliated publications (79.5%) appear in journals
or in conferences outside it. Tibetan NLP thus
comprises two partly separate communities that dif-
fer in research focus as well as in venue, although
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exchange is productive where it occurs, as in the
2021 TALLIP special issue with papers from China,
France, and the USA (Long and Hill, 2021).

5 Discussion

5.1 A Full-Pipeline Paradigm and Its Limits

Our results characterize Tibetan NLP by concen-
tration (87.1% first-authored in China), breadth
(China-affiliated work covers all 25 represented ar-
eas), and layering (new layers added, earlier ones
kept). We call this pattern a full-pipeline paradigm:
research spans every layer from script processing
to LLMs, though not every task in each layer. The
paradigm also has limits. First, it is predominantly
engineering-oriented, with little fundamental re-
search (cf. Long and Hill, 2021). Second, it is only
partly visible: most China-affiliated research lies
outside the ACL Anthology, and hence outside sur-
veys restricted to it (Liu and Best, 2025). Third,
its outputs are only partly reusable: 41 of the 140
publications (29.3%) release data, code, or models
at a public URL (Appendix F). Release has become
more common, from none of the 31 publications of
2004-2018 to 27 of the 61 of 2024-2026 (44.3%),
but remains less frequent.

5.2 Lessons for the Global South

Many low-resource languages of the Global South
face obstacles usually studied in isolation: dis-
persed speakers, dialectal diversity, scripts that com-
plicate encoding and segmentation, and limited in-
frastructure and investment. All co-occur on the
Qinghai-Xizang Plateau, yet Tibetan research has
advanced across the entire pipeline, suggesting four
transferable lessons: (1) invest first in the base lay-
ers of script processing, segmentation, and anno-
tated corpora, on which later work depends; (2) treat
resource and benchmark construction as a contin-
uing frontier, not a one-off step (§4.2); (3) exploit
a high-resource contact language, here Mandarin
Chinese, for cross-lingual transfer, while guarding
against translated data and benchmarks, which can
lose cultural content and misstate difficulty (Zhuang
and Sun, 2025; Li et al., 2026); and (4) use ded-
icated venues to consolidate a research commu-
nity (§4.1). Transfer is conditional: Tibetan NLP
has had sustained public funding (§4.3), whereas
African NLP has grown through community ini-
tiatives and targeted funding (Alabi et al., 2025);
communities with neither will rely more on inter-
national collaboration and open resources.

5.3 The Transition to LLMs

Since 2022, the field has pivoted toward pre-trained
models and LLMs, from three separate LLaMA-2
extensions with Tibetan vocabularies and 6-26 GB
of text (Lv et al., 2025; Sha et al., 2025; Zhuang
et al., 2025a) to dense and mixture-of-experts mod-
els trained on a curated 72 GB corpus (Yang et al.,
2026), vocabulary sizing (Han et al., 2026), rein-
forcement learning that limits forgetting of Chi-
nese (Su et al., 2026), and vision—language models
(Xu et al., 2026). Two obstacles recur. Tokeniza-
tion is unresolved: a syllable vocabulary of 35K
types still leaves 15% of tokens unknown (Liu et al.,
2022), whereas multilingual tokenizers fragment
Tibetan, so that a 27-token English sentence takes
100 or more in Tibetan (Zhang et al., 2025a), and
expanding byte-level byte-pair-encoding vocabular-
ies helps only beyond about 3,000 new tokens per
language (Han et al., 2026). Data are noisy and
partly closed: 42% of sampled Tibetan CulturaX
pages retain headers or footers (Zhang et al., 2024),
CINQO’s pre-training corpus is not public (Zhuang
and Sun, 2025), and 41 GB of the 72 GB corpus are
private (Yang et al., 2026).

Evaluation reveals a large gap. GPT-3.5 reaches
3.6% F1 on Tibetan WikiAnn named-entity recog-
nition, the lowest of ten low-resource Sino-Tibetan
languages (Liu and Best, 2025); on TLUE, most
LLMs perform below a random baseline, and
Qwen2.5-72B drops from 84.7% on the Chinese
CMMLU to 16.5% on its Tibetan counterpart (Gao
et al., 2025); and general multimodal LLMs rec-
ognize 49-66% of characters on TibOCR-Bench,
against 92% for a 7B model tuned on 4.5K Tibetan
images (Jie et al., 2026). Evaluation is itself a bot-
tleneck. Encoders are compared chiefly on one
news-classification corpus, TNCC (Liu et al., 2022;
Zhou et al., 2024b; Hao et al., 2024a; Cao et al.,
2025a), and task data are increasingly obtained by
pivoting through other languages, as in offensive-
language and sentiment datasets translated from
English or Chinese (Ren et al., 2024; Zhang et al.,
2026a) and summaries bootstrapped through Chi-
nese with GPT-3.5 (Hao et al., 2024b). Alignment
data, too, are wholly or partly translated, from GPT-
4 answers to English prompts (Zhuang et al., 2025a)
or Chinese preference data (Chen et al., 2026).
Many LLM benchmarks are likewise translated
(Gao et al., 2025; Xu et al., 2026; Yang et al., 2026),
yet machine-translated test items depress scores,
most of all for Tibetan (Zhang et al., 2025a), and
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tasks built from native minority-language knowl-
edge are 11.4-13.9 points harder than translated
ones (Li et al., 2026). The move to LLMs thus
risks outpacing its foundations, with dialects un-
derserved and evaluation standards only emerging

(86).

5.4 Classical and Modern Tibetan

The corpus contains two research traditions, cen-
tred on modern Tibetan and its spoken varieties and
on OId and Classical Tibetan, which differ in who
conducts them and where they appear (§4.3). China-
affiliated work on historical materials has focused
on document-image analysis (Wang et al., 2018a;
Maetal., 2020; Li et al., 2022c¢), the frontier of char-
acter recognition once OCR of modern print was in
effect solved (Long and Hill, 2021), and on interlin-
earization (Long and An, 2023). Shared archives al-
ready link the traditions: Buddhist Digital Resource
Center scans underlie both a China-built charac-
ter dataset (Li et al., 2022¢) and US-based OCR
post-correction (Luo and Chuang, 2024). Transfer,
however, works more readily within writing than
for speech: Old Tibetan has been normalized to
Classical orthography to reuse its tools (Faggionato
and Meelen, 2019), and a single pipeline annotates
texts from the 11th to the 21st century because lit-
erary Tibetan has changed little (Meelen and Roux,
2020), whereas pre-training on Classical text did
not help segment spoken Standard Tibetan (Brown,
2024), and a segmenter with a classical and literary
dictionary marks 87% of syllable boundaries in tran-
scribed Lhasa speech as word boundaries, against
41% for an annotator (Moore et al., 2026). Do-
main also matters within writing: general-domain
Tibetan—Chinese MT drops from about 50 BLEU
to at most 5 on Buddhist text (Gyatso et al., 2025).
Classical treebanks and parallel corpora could sup-
port modern written Tibetan, and modern OCR and
parsing the digitization of classical texts, while spo-
ken varieties need their own resources.

6 Recommendations

Open science and cross-community exchange.
As fewer than a third of surveyed publications re-
lease resources (§5.1), we encourage public release,
not only on request, of datasets, models, and code
under documented licences, and of pre-training cor-
pora where rights permit (as in Trinley et al., 2021;
Zhang et al., 2024), following the practices in Ap-
pendix F. To make work findable, authors should

name the varieties studied in titles and abstracts,
and venues could record them as metadata (Liu and
Best, 2025); joint workshops, special issues, and
shared tasks could connect China-affiliated research
with research elsewhere, and the classical with the
modern tradition (§5.4).

Shared standards and native evaluation. To
make results comparable across teams, the field
needs shared conventions for encoding normaliza-
tion, segmentation, and unit terminology; public
test sets for core tasks; and reporting of splits, met-
rics, and the varieties and scripts covered (Kumar
et al., 2026). Shared segmentation tasks offer a
basis, but their single gold segmentation covers
only 22% of valid granularities (Zhuoma and Zhi-
jie, 2026). LLM benchmarks should increasingly
be built from native material with expert involve-
ment, as in CMiLBench’s minority-knowledge tasks
and DharmaBench (Li et al., 2026; Hashiloni et al.,
2025), rather than by translation alone.

Community participation. No surveyed publi-
cation assesses Tibetan speakers’ needs, yet needs
assessments show that priorities vary across speaker
groups, even across dialects of one language
(Al Kautsar et al., 2025); German dialect speakers,
for instance, favour tools that take spoken dialect
input over those producing dialect output (Blaschke
et al., 2024), a preference worth testing in diglossic
Tibetan. Resource creation and evaluation should
involve speakers of all three major dialect groups, in-
cluding diaspora communities, throughout research
(Tonja et al., 2024), as handwriting datasets with up
to 235 writers from five regions (Tashi et al., 2024;
Zhou et al., 2026) and a readability tool built on
children’s speech (Schmidt, 2020) begin to do.

Responsible NLP. Beyond the gaps noted in §4.2,
safety is evaluated only within recent benchmarks,
which show that it does not carry over to Tibetan:
most LLMs fall below chance on TLUE’s safety set
(Gaoetal., 2025), and safety alignment transfers un-
reliably across minority languages (Li et al., 2026).
Bias is unmeasured, although zero-shot LLMs tend
to label Tibetan news as politics or religion (Tang
et al., 2025). Applications that mine user-level
social-media data for public-opinion monitoring or
to locate user groups (Ye et al., 2014; Qiu et al.,
2018b; Xu and Gao, 2024), microblog corpora
stored with user names (Qiu et al., 2017, 2018a),
speaker verification motivated partly by criminal
investigation (Gan et al., 2022), and an OCR bench-
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mark with identity cards and bank receipts but no
stated anonymization (Jie et al., 2026) raise privacy
and dual-use questions that the absence of ethics
research leaves unexamined and that call for the con-
sent and privacy safeguards urged for African lan-
guages (Adebara and Abdul-Mageed, 2022). Bias,
safety, privacy, and human-centred evaluation need
study before Tibetan LLMs are deployed in educa-
tion, healthcare, or public services.

Dialects and related languages. Only eight pub-
lications name Lhasa, Amdo, or a multi-dialect
setting in their titles, all on speech recognition,
synthesis, or translation. Open speech data for all
three groups total about 80—100 hours, against over
10,000 for Mandarin or English (Liu et al., 2024),
and Kham is their smallest, hardest part: the main
multi-dialect corpus, TIBMD @MUC, was released
with 8.7 hours of Kham speech against 30 of Lhasa
speech (Zhao et al., 2020), and even the best rec-
ognizer trained on it errs on 23% of Kham charac-
ters, against 3—5% for the other groups (Liu et al.,
2024). Kham and Amdo resources should be pri-
oritized, publicly released, and evaluated per vari-
ety. Dzongkha and Ladakhi use Tibetan script, so
OCR and segmentation tools may transfer directly,
and Burmese could share low-level resources (Fang
et al., 2024).

7 Conclusion

We have surveyed 140 Tibetan NLP publications
from 2004 to 2026. Since 2018, the field has grown
rapidly and expanded bottom-up along the NLP
pipeline while continuing to build resources, with
87% of the work first-authored in China. This full-
pipeline paradigm can serve as a reference model for
other low-resource languages of the Global South;
its limits in dialect coverage, responsible NLP, na-
tive and comparable evaluation, resource release,
and cross-community visibility set the agenda for
keeping plateau-region languages from being left
behind in the LLM era.

Limitations

This survey has several limitations. First, its cover-
age is bounded by its sources: we include only pub-
lications indexed in the ACL. Anthology or DBLP,
so work in Chinese-language venues, in venues in-
dexed by neither source, and in preprints is not cov-
ered, and topics published mainly in such venues
may be underrepresented. Second, keyword-based
retrieval may miss multilingual studies that include

Tibetan without naming it in the searched meta-
data fields; this risk is greater for DBLP, whose
records do not include abstracts. Third, assigning
research areas required interpretive judgement, es-
pecially for work spanning several topics. Fourth,
the country-level analysis relies on the first author’s
primary affiliation, which may not reflect all con-
tributors or the national context of the research.
Fifth, publication counts measure research output
rather than impact or quality, and we did not per-
form a citation analysis; our audit of released re-
sources (Appendix F) records whether resources
are publicly available at a URL given by their au-
thors, not whether they are complete, documented,
or maintained, and may miss resources released
elsewhere or whose links have lapsed. Sixth, our
qualitative synthesis, including the discussion of
evaluation practice and of the LLM era, relies on
results reported by the surveyed publications, which
use different models, data, and metrics and which
we did not reproduce. Finally, the survey reflects
the literature available up to 00:00 UTC, Septem-
ber 25, 2026, so 2026 is only partially covered.
We release the full bibliography, in raw and re-
fined versions, to facilitate community-driven cor-
rection and extension, and we will continue to track
new work: https://github.com/metaphors/
TibetanNLPSurvey.

Ethical Considerations

This survey analyses publicly available biblio-
graphic metadata and peer-reviewed publications;
it involves no human subjects and no personal data
beyond author names and affiliations as they ap-
pear in the public record. Country-level statistics
describe institutional affiliations, not the national-
ity or ethnicity of researchers, and differences in
resource release rates may reflect venue norms and
legitimate constraints, such as consent and privacy
requirements for speech data or missing permission
to share collected data, rather than the practices
of individual teams. Where we discuss the data
practices or stated applications of individual publi-
cations, we do so to motivate shared norms, not to
single out particular teams. We do not reproduce or
redistribute copyrighted material beyond standard
academic citation practices. We have aimed to de-
scribe research trends accurately without advancing
normative political positions, and we recognize that
decisions about language technology for Tibetan
should involve the communities who speak it.
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https://doi.org/10.1145/3616012
https://doi.org/10.1145/3616012
https://doi.org/10.1145/3616012
https://doi.org/10.1109/ACCESS.2019.2954342
https://doi.org/10.1109/ACCESS.2019.2954342
https://doi.org/10.1049/CIT2.70047
https://doi.org/10.1049/CIT2.70047
https://doi.org/10.1109/ACCESS.2024.3381039
https://doi.org/10.1109/ACCESS.2024.3381039
https://doi.org/10.1109/ACCESS.2024.3381039
https://doi.org/10.1007/978-3-030-03341-5_26
https://doi.org/10.1007/978-3-030-03341-5_26
https://doi.org/10.1007/978-3-030-03341-5_26

Yue Zhao, Panhua Hu, Xiaona Xu, Licheng Wu, and Xi-
ali Li. 2019a. Lhasa-Tibetan Speech Synthesis Using
End-to-End Model. IEEE Access, 7:140305-140311.

Yue Zhao, Xiaona Xu, and Guosheng Yang. 2012. Un-
supervised Tibetan speech features Learning based
on Dynamic Bayesian Networks. In Proceedings of
the 21st International Conference on Pattern Recog-
nition, ICPR 2012, Tsukuba, Japan, November 11-15,
2012, pages 2319-2322. IEEE Computer Society.

Yue Zhao, Xiaona Xu, Jianjian Yue, Wei Song, Xiali Li,
Licheng Wu, and Qiang Ji. 2020. An open speech
resource for Tibetan multi-dialect and multitask recog-
nition. Int. J. Comput. Sci. Eng., 22(2/3):297-304.

Yue Zhao, Jianjian Yue, Xiaona Xu, Licheng Wu,
and Xiali Li. 2019b. End-to-End-Based Tibetan
Multitask Speech Recognition.  [EEE Access,
7:162519-162529.

Maoke Zhou, Xiaoke Qi, Wei Bao, and Xiaobing Zhao.
2026. TibHCR: A Large-Scale Dataset for Offline
Handwritten Tibetan Character Recognition. /IEICE
Trans. Inf. Syst., 109(1):193-205.

Mingjun Zhou, Quzong Gesang, Nuo Qun, Tashi Ny-
ima, and Rinchen Dongrub. 2024a. Tibetan-Chinese
Machine Translation Enhanced on Cross-Lingual Pre-
Trained Model. In IEEE International Conference
on Systems, Man, and Cybernetics, SMC 2024, Kuch-
ing, Malaysia, October 6-10, 2024, pages 1618-1623.
IEEE.

Mingjun Zhou, Daiqing Zhuoma, Nuo Qun, and Tashi
Nyima. 2024b. Efficient Fine-Tuning for Low-
Resource Tibetan Pre-trained Language Models. In
Artificial Neural Networks and Machine Learning -
ICANN 2024 - 33rd International Conference on Arti-
ficial Neural Networks, Lugano, Switzerland, Septem-
ber 17-20, 2024, Proceedings, Part VII, volume
15022 of Lecture Notes in Computer Science, pages
410-422. Springer.

Jie Zhu, Shugen Wang, Yanru Wu, Meijing Guan, and
Yang Feng. 2019. A New Algorithm for Compo-
nent Decomposition and Type Recognition of Tibetan
Syllable. In Natural Language Processing and Chi-
nese Computing - 8th CCF International Conference,
NLPCC 2019, Dunhuang, China, October 9-14, 2019,
Proceedings, Part 11, volume 11839 of Lecture Notes
in Computer Science, pages 381-392. Springer.

Xiaojun Zhu and Heming Huang. 2020. End-to-End
Amdo-Tibetan Speech Recognition Based on Knowl-
edge Transfer. IEEE Access, 8:170991-171000.

Wenhao Zhuang, Dawa Cairen, and Yuan Sun. 2025a.
TIFD: Tibetan Instruction-Following Dataset for
Large Language Models Supervised Fine-Tuning.
Data Intell., 7(3):776-785.

Wenhao Zhuang and Yuan Sun. 2025. CUTE: A multi-
lingual dataset for enhancing cross-lingual knowledge
transfer in low-resource languages. In Proceedings of
the 31st International Conference on Computational

Linguistics, pages 10037-10046, Abu Dhabi, UAE.
Association for Computational Linguistics.

Yan Zhuang, Yuan Sun, Yijie Li, Sisi Liu, and Xi-
aobing Zhao. 2025b. Tibetan Question Genera-
tion Based on Key Sentence and Knowledge Graph.
ACM Trans. Asian Low Resour. Lang. Inf. Process.,
24(5):42:1-42:16.

Cairang Zhuoma and Cai Zhijie. 2026. A multi-
granularity word segment evaluation set construction
method for Tibetan language. Eng. Appl. Artif. Intell.,
181:115301.

A Tibetan NLP Conference/Workshop
Papers Found from ACL Anthology

A.1 Conference Papers

Li et al. (2026); Yang et al. (2026); Su et al.
(2026); Xu et al. (2026); Han et al. (2026); Bil-
itski et al. (2026); Hashiloni et al. (2025); Cao et al.
(2025b); Xu et al. (2025); Gao et al. (2025); Zhang
et al. (2025a); Zhuang and Sun (2025); Zhang
et al. (2024); Sun et al. (2022); Nehrdich (2022);
Kuanzhuo et al. (2020); Faggionato and Meelen
(2019); Nuo et al. (2015); Liu et al. (2014); Nuo
et al. (2012); Liu et al. (2011, 2010); Jiang (2006);
Jiang et al. (2005); Wagner and Zeisler (2004).

A.2  Workshop Papers

Cohen et al. (2026); Liang and Zerong (2026); Gur-
gurov et al. (2024); Brown (2024); An (2023b);
Long and An (2023); Cao et al. (2023); Faggionato
et al. (2022); Meelen and Roux (2020); Di et al.
(2019); Lai et al. (2018); Liu et al. (2012).

A.3 Conference List

- AACL: Asia-Pacific Chapter of the Association
for Computational Linguistics

- ACL: Annual Meeting of the Association for
Computational Linguistics

- COLING: International Conference on
Computational Linguistics

- EMNLP: Conference on Empirical Methods in
Natural Language Processing

- IJCNLP: International Joint Conference on
Natural Language Processing

- INLG: International Natural Language
Generation Conference

- LREC: International Conference on Language
Resources and Evaluation

- PACLIC: Pacific Asia Conference on Language,
Information and Computation

- RANLP: International Conference on Recent
Advances in Natural Language Processing
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https://doi.org/10.1109/ACCESS.2019.2940125
https://doi.org/10.1109/ACCESS.2019.2940125
https://ieeexplore.ieee.org/document/6460629/
https://ieeexplore.ieee.org/document/6460629/
https://ieeexplore.ieee.org/document/6460629/
https://doi.org/10.1504/IJCSE.2020.107351
https://doi.org/10.1504/IJCSE.2020.107351
https://doi.org/10.1504/IJCSE.2020.107351
https://doi.org/10.1109/ACCESS.2019.2952406
https://doi.org/10.1109/ACCESS.2019.2952406
https://doi.org/10.1587/TRANSINF.2025EDP7098
https://doi.org/10.1587/TRANSINF.2025EDP7098
https://doi.org/10.1109/SMC54092.2024.11169736
https://doi.org/10.1109/SMC54092.2024.11169736
https://doi.org/10.1109/SMC54092.2024.11169736
https://doi.org/10.1007/978-3-031-72350-6_28
https://doi.org/10.1007/978-3-031-72350-6_28
https://doi.org/10.1007/978-3-030-32236-6_34
https://doi.org/10.1007/978-3-030-32236-6_34
https://doi.org/10.1007/978-3-030-32236-6_34
https://doi.org/10.1109/ACCESS.2020.3023783
https://doi.org/10.1109/ACCESS.2020.3023783
https://doi.org/10.1109/ACCESS.2020.3023783
https://doi.org/10.3724/2096-7004.DI.2024.0010
https://doi.org/10.3724/2096-7004.DI.2024.0010
https://aclanthology.org/2025.coling-main.670/
https://aclanthology.org/2025.coling-main.670/
https://aclanthology.org/2025.coling-main.670/
https://doi.org/10.1145/3725531
https://doi.org/10.1145/3725531
https://doi.org/10.1016/J.ENGAPPAI.2026.115301
https://doi.org/10.1016/J.ENGAPPAI.2026.115301
https://doi.org/10.1016/J.ENGAPPAI.2026.115301

A4 Workshop List

- ALP: Workshop on Ancient Language Processing
- ALR: Workshop on Asian Language Resources

- ALTA: Australasian Language Technology
Association Workshop

- EURALI: Workshop on Resources and
Technologies for Indigenous, Endangered and
Lesser-resourced Languages in Eurasia

- KaLLM: Workshop on Knowledge Graphs and
Large Language Models

- LChange: International Workshop on
Computational Approaches to Historical Language
Change

- LoResMT: Workshop on Technologies for MT of
Low Resource Languages

- NLP4DH: International Workshop on Natural
Language Processing for Digital Humanities

- TLT: International Workshop on Treebanks and
Linguistic Theories

- TrustNLP: Workshop on Trustworthy Natural
Language Processing

B Tibetan NLP Conference Papers /
Journal Articles Found from DBLP

B.1 Conference Papers

Cao et al. (2025a); Wang et al. (2025); Xu and Gao
(2024); Hao et al. (2024a); Ouyang et al. (2024);
Zhou et al. (2024b); Fang et al. (2024); Zhou et al.
(2024a); Ren et al. (2024); Hao et al. (2024b); Li
et al. (2024); Liu et al. (2023); Qin et al. (2022b);
Liu et al. (2022); Zhu et al. (2019); Cai and Wang
(2018); Han et al. (2018); Wang et al. (2018a,b);
Zhao et al. (2018); Shen et al. (2017); Nuo et al.
(2016); Ma and Wu (2015); Ye et al. (2014); Ma
and Wu (2013); Su et al. (2013); Li and Yu (2013);
Zhao et al. (2012); Ma et al. (2011).

B.2 Journal Articles

Tashi et al. (2026); Zhang et al. (2026b); Chen et al.
(2026); Fan et al. (2026); Jie et al. (2026); Ren
et al. (2026); Wu et al. (2026); Zhuoma and Zhi-
jie (2026); Moore et al. (2026); Zhou et al. (2026);
Lhundrub et al. (2026); Zhang et al. (2026a); Wang
et al. (2026); Sha et al. (2025); Tang et al. (2025);
Zhuang et al. (2025b); Ke et al. (2025); Zhang et al.
(2025b,c); Lv et al. (2025); Zhuang et al. (2025a);
Khysru et al. (2025); Gyatso et al. (2025); Kong
et al. (2024); Luo and Chuang (2024); Lv et al.
(2024); Yu et al. (2024); Dan and Sun (2024); Tashi
et al. (2024); Liu et al. (2024); Bao et al. (2024);
Zhao et al. (2024); Liang et al. (2024); An (2023a);

Zhang and Yang (2023); Zhang et al. (2023); Liet al.
(2022a,b); Qin et al. (2022a); Li et al. (2022¢); Gan
et al. (2022); An and Long (2021); Krishna et al.
(2021); Li et al. (2021); Long et al. (2021); Meelen
et al. (2021); Shi et al. (2021); Sun et al. (2021);
Trinley et al. (2021); Xu et al. (2021); Khysru et al.
(2021); Schmidt (2020); Wang et al. (2020a); Ma
et al. (2020); Zhu and Huang (2020); Wang et al.
(2020b); Zhao et al. (2020); Xu et al. (2019a,b);
Khysru et al. (2019); Sun et al. (2019a,b); Sun
and Xia (2019); Zhang et al. (2019); Zhao et al.
(2019a,b); Wang et al. (2019); Qiu et al. (2018b,a);
Xu et al. (2018, 2017); Qiu et al. (2017); Yang et al.
(2015); Ye et al. (2015).

B.3 Conference List

- ACML: Asian Conference on Machine Learning
- CSCWD: International Conference on Computer
Supported Cooperative Work in Design

- ICANN: International Conference on Artificial
Neural Networks

- ICASSP: IEEE International Conference on
Acoustics, Speech, and Signal Processing

- ICDAR: International Conference on Document
Analysis and Recognition

- ICONIP: International Conference on Neural
Information Processing

- ICPR: International Conference on Pattern
Recognition

- IJCNN: International Joint Conference on Neural
Networks

- Interspeech: Annual Conference of the
International Speech Communication Association
- NLPCC: CCF International Conference on
Natural Language Processing and Chinese
Computing

- PRCV: Chinese Conference on Pattern
Recognition and Computer Vision

- SMC: IEEE International Conference on Systems,
Man, and Cybernetics

- TrustCom: IEEE International Conference on
Trust, Security and Privacy in Computing and
Communications

B.4 Journal List

- ACM Transactions on Asian and Low-Resource
Language Information Processing

- Applied Soft Computing

- Big Data

- CAAI Transactions on Intelligence Technology
- Cluster Computing

- Complex & Intelligent Systems
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- Complexity

- Computer Speech & Language

- Data Intelligence

- Engineering Applications of Artificial
Intelligence

- EURASIP Journal on Audio, Speech, and Music
Processing

- Expert Systems with Applications

- IEEE Access

- IEEE Signal Processing Letters

- IEEE Transactions on Computational Social
Systems

- IEICE Transactions on Information and Systems
- International Journal of Computational Science
and Engineering

- International Journal of Pattern Recognition and
Artificial Intelligence

- Journal of Advanced Computational Intelligence
and Intelligent Informatics

- Journal of Computational Methods in Sciences
and Engineering

- Journal of Visual Communication and Image
Representation

- KSII Transactions on Internet and Information
Systems

- Language Resources and Evaluation

- Multimedia Tools and Applications

- Neurocomputing

C Publications Classified by Country of
First Author’s Affiliation

C.1 Australia

Di et al. (2019).

C.2 China

Liet al. (2026); Yang et al. (2026); Su et al. (2026);
Xu et al. (2026); Han et al. (2026); Cao et al.
(2025b); Xu et al. (2025); Gao et al. (2025); Zhang

et al. (2025a); Zhuang and Sun (2025); Zhang et al.

(2024); An (2023b); Long and An (2023); Cao
et al. (2023); Sun et al. (2022); Kuanzhuo et al.
(2020); Lai et al. (2018); Nuo et al. (2015); Liu
et al. (2014); Nuo et al. (2012); Liu et al. (2012,
2011,2010); Jiang (2006); Jiang et al. (2005); Wang
et al. (2025); Cao et al. (2025a); Li et al. (2024);
Hao et al. (2024b); Ren et al. (2024); Zhou et al.
(2024a); Fang et al. (2024); Zhou et al. (2024b);
Ouyang et al. (2024); Hao et al. (2024a); Xu and
Gao (2024); Liu et al. (2023, 2022); Qin et al.
(2022b); Zhu et al. (2019); Zhao et al. (2018); Wang
et al. (2018b,a); Han et al. (2018); Cai and Wang

(2018); Shen et al. (2017); Nuo et al. (2016); Ma
and Wu (2015); Ye et al. (2014); Li and Yu (2013);
Su et al. (2013); Ma and Wu (2013); Zhao et al.
(2012); Ma et al. (2011); Lhundrub et al. (2026);
Zhang et al. (2026a); Zhuoma and Zhijie (2026);
Wu et al. (2026); Ren et al. (2026); Jie et al. (2026);
Fan et al. (2026); Chen et al. (2026); Wang et al.
(2026); Tashi et al. (2026); Zhang et al. (2026b);
Zhou et al. (2026); Sha et al. (2025); Tang et al.
(2025); Zhuang et al. (2025b); Ke et al. (2025);
Zhang et al. (2025b,c); Lv et al. (2025); Zhuang
et al. (2025a); Khysru et al. (2025); Gyatso et al.
(2025); Kong et al. (2024); Lv et al. (2024); Yu et al.
(2024); Dan and Sun (2024); Tashi et al. (2024); Liu
et al. (2024); Bao et al. (2024); Zhao et al. (2024);
Liang et al. (2024); An (2023a); Zhang and Yang
(2023); Zhang et al. (2023); Li et al. (2022a,b); Qin
et al. (2022a); Li et al. (2022c¢); Gan et al. (2022);
An and Long (2021); Li et al. (2021); Long et al.
(2021); Shi et al. (2021); Sun et al. (2021); Xu et al.
(2021); Khysru et al. (2021); Zhao et al. (2020);
Wang et al. (2020b,a); Ma et al. (2020); Zhu and
Huang (2020); Xu et al. (2019a,b); Khysru et al.
(2019); Sun et al. (2019a,b); Sun and Xia (2019);
Zhang et al. (2019); Zhao et al. (2019a,b); Wang
et al. (2019); Qiu et al. (2018b,a); Xu et al. (2018,
2017); Qiu et al. (2017); Yang et al. (2015); Ye et al.
(2015).

C.3 France
Trinley et al. (2021).

C.4 Germany

Gurgurov et al. (2024); Nehrdich (2022); Wagner
and Zeisler (2004).

C.5 India

Schmidt (2020).

C.6 Israel

Cohen et al. (2026); Bilitski et al. (2026); Hashiloni
et al. (2025).

C.7 UK

Faggionato et al. (2022); Meelen and Roux (2020);
Faggionato and Meelen (2019); Meelen et al.
(2021).

C8 USA

Liang and Zerong (2026); Brown (2024); Moore
et al. (2026); Luo and Chuang (2024); Krishna et al.
(2021).
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D Publications Classified by Research
Area in ARR

D.1 Clinical and Biomedical Applications

Zhang et al. (2025b).

D.2 Computational Social Science and

Cultural Analytics

Xu and Gao (2024); Ren et al. (2024); Ye et al.

(2014); Yu et al. (2024); Liang et al. (2024); Kr-

ishna et al. (2021); Xu et al. (2019a,b); Qiu et al.

(2018b,a); Xu et al. (2018); Qiu et al. (2017).

D.3 Dialogue and Interactive Systems

None.

D.4 Discourse and Pragmatics
Wang et al. (2025).

D.5 Efficient Methods for NLP

Han et al. (2026); Zhou et al. (2024b); Zhang et al.
(2023).

D.6 Ethics, Bias, and Fairness

None.

D.7 Generation

Xu et al. (2025); Sun et al. (2022); Kuanzhuo et al.
(2020); Zhuang et al. (2025b); Sun et al. (2019a).

D.8 Human-Centered NLP and Human-Al
Interaction

Cao et al. (2025b); Schmidt (2020).

D.9 Information Extraction

Zhang et al. (2025b); Sun et al. (2021); Wang et al.
(2020b); Sun et al. (2019b).

D.10 Information Retrieval and Text Mining

Xu and Gao (2024); Ye et al. (2014); Xu et al.
(2019a, 2018, 2017); Ye et al. (2015).

D.11 Interpretability and Analysis of Models
for NLP

Cao et al. (2025b, 2023, 2025a).

D.12 Language Modeling

Yang et al. (2026); Su et al. (2026); Han et al.
(2026); Ouyang et al. (2024); Liu et al. (2022); Shen
et al. (2017); Chen et al. (2026); Sha et al. (2025);
Tang et al. (2025); Zhang et al. (2025c); Lv et al.
(2025); Zhuang et al. (2025a); Liang et al. (2024);
An (2023a); Khysru et al. (2021, 2019).

D.13 LLM agents

None.

D.14 Linguistic Theories, Cognitive Modeling,
and Psycholinguistics

Liu et al. (2014).

D.15 Machine Learning for NLP

Gurgurov et al. (2024); Hao et al. (2024a); Ren et al.
(2024); Cai and Wang (2018); Zhao et al. (2012);
Tashi et al. (2026); Tang et al. (2025); Zhang et al.
(2025c¢); Lv et al. (2024); Bao et al. (2024); Zhao
et al. (2024).

D.16 Machine Translation

Lai et al. (2018); Zhou et al. (2024a); Fan et al.
(2026); Ren et al. (2026); Wang et al. (2026); Gyatso
et al. (2025); Li et al. (2021).

D.17 Multilingualism and Cross-Lingual NLP

Li et al. (2026); Yang et al. (2026); Su et al. (2026);
Hashiloni et al. (2025); Gao et al. (2025); Zhang
et al. (2025a); Zhuang and Sun (2025); Zhang et al.
(2024); Gurgurov et al. (2024); Cao et al. (2023);
Nehrdich (2022); Faggionato et al. (2022); Nuo et al.
(2012); Hao et al. (2024a); Zhou et al. (2024b);
Fang et al. (2024); Zhou et al. (2024a); Li et al.
(2024); Liu et al. (2023); Qin et al. (2022b); Liu
et al. (2022); Han et al. (2018); Ma and Wu (2015);
Su et al. (2013); Zhang et al. (2026b,a); Sha et al.
(2025); Lv et al. (2025); Yu et al. (2024); Liu et al.
(2024); Qin et al. (2022a); Trinley et al. (2021); Xu
et al. (2021); Wang et al. (2020a); Zhu and Huang
(2020); Wang et al. (2020b); Xu et al. (2019b);
Zhang et al. (2019); Zhao et al. (2019b); Yang et al.
(2015); Ye et al. (2015).

D.18 Multimodality and Language Grounding
to Vision, Robotics and Beyond

Xu et al. (2026); Fang et al. (2024); Li et al. (2024);
Cai and Wang (2018); Han et al. (2018); Wang et al.
(2018a,b); Zhao et al. (2018); Ma and Wu (2015,
2013); Su et al. (2013); Ma et al. (2011); Tashi
et al. (2026); Jie et al. (2026); Zhou et al. (2026);
Lhundrub et al. (2026); Ke et al. (2025); Tashi et al.
(2024); Bao et al. (2024); Zhao et al. (2024); Zhang
et al. (2023); Li et al. (2022¢); Ma et al. (2020);
Wang et al. (2019).

D.19 NLP and Code Models

None.
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D.20 NLP and Symbolic Reasoning

Sun et al. (2021).

D.21 NLP Applications

Cohen et al. (2026); Bilitski et al. (2026); Long and
An (2023); Wang et al. (2018a,b); Luo and Chuang
(2024); Krishna et al. (2021); Schmidt (2020); Ma
et al. (2020).

D.22 Phonology, Morphology, and Word
Segmentation

Liang and Zerong (2026); Brown (2024); Di et al.
(2019); Lai et al. (2018); Nuo et al. (2015); Liu et al.
(2011, 2010); Zhu et al. (2019); Shen et al. (2017);
Li and Yu (2013); Zhuoma and Zhijie (2026); Gy-
atso et al. (2025); Li et al. (2022a,b, 2021); Khysru
et al. (2021, 2019).

D.23 Question Answering

Sun et al. (2022); Zhuang et al. (2025b); Dan and
Sun (2024); Sun et al. (2019a); Sun and Xia (2019).

D.24 Resources and Evaluation

Li et al. (2026); Xu et al. (2026); Bilitski et al.
(2026); Hashiloni et al. (2025); Xu et al. (2025);
Gao et al. (2025); Zhang et al. (2025a); Zhuang
and Sun (2025); Zhang et al. (2024); Long and An
(2023); Nehrdich (2022); Meelen and Roux (2020);
Faggionato and Meelen (2019); Liu et al. (2014,
2012); Jiang (2006); Jiang et al. (2005); Wagner
and Zeisler (2004); Cao et al. (2025a); Hao et al.
(2024b); Zhao et al. (2018); Ma and Wu (2013); Ma
et al. (2011); Chen et al. (2026); Jie et al. (2026);
Ren et al. (2026); Zhuoma and Zhijie (2026); Moore
et al. (2026); Zhou et al. (2026); Wang et al. (2026);
Zhuang et al. (2025a); Dan and Sun (2024); Tashi
etal. (2024); Li et al. (2022¢); An and Long (2021);
Meelen et al. (2021); Shi et al. (2021); Trinley et al.
(2021); Zhao et al. (2020); Wang et al. (2019).

D.25 Semantics: Lexical and Sentence-Level

Cohen et al. (2026); Nuo et al. (2016); Lv et al.
(2024); Xu et al. (2017).

D.26 Sentiment Analysis, Stylistic Analysis,
and Argument Mining

Zhang et al. (2026a); Kong et al. (2024); Qiu et al.
(2018a, 2017).

D.27 Speech Recognition, Text-to-Speech and
Spoken Language Understanding

Liang and Zerong (2026); Liu et al. (2023); Qin et al.
(2022b); Zhao et al. (2012); Zhang et al. (2026b);
Fan et al. (2026); Wu et al. (2026); Moore et al.
(2026); Khysru et al. (2025); Liu et al. (2024);
Zhang and Yang (2023); Qin et al. (2022a); Gan
et al. (2022); Xu et al. (2021); Wang et al. (2020a);
Zhu and Huang (2020); Zhao et al. (2020); Zhang
et al. (2019); Zhao et al. (2019a,b); Yang et al.
(2015).

D.28 Summarization

Wang et al. (2025); Ouyang et al. (2024); Hao et al.
(2024b).

D.29 Syntax: Tagging, Chunking and Parsing

An (2023b); Faggionato et al. (2022); Meelen and
Roux (2020); Faggionato and Meelen (2019); Nuo
etal. (2012); Jiang et al. (2005); Wagner and Zeisler
(2004); Li and Yu (2013); Li et al. (2022a,b); An
and Long (2021); Long et al. (2021); Meelen et al.
(2021); Shi et al. (2021).

E Full-Scale Versions of Figure 3,4, 5,
and 6

Figure 7, 8, 9, and 10 are the full-scale versions of
Figure 3, 4, 5, and 6, respectively.

F Open-Source Resources Released by the
Surveyed Publications

Bibliographic metadata cannot reveal whether the
datasets, models, and code described in a publi-
cation are publicly released. To complement the
bibliometric analysis, we manually examined each
of the 140 publications for resources released by its
authors; Table 3 lists the results.

Compilation. A resource is included when the au-
thors of a publication release code, data, or models
at a publicly accessible URL; resources available
only on request and third-party re-uploads are ex-
cluded. For each entry, the table gives the name
of the resource, the publications that introduce it,
its URLSs, and a one-sentence summary of its con-
tent and, where reported, its scale and licence. A
resource described in several publications is listed
once, under the earliest of them: this applies to the
TIBMD @MUC speech corpus (Zhao et al., 2019b,
2020) and to the PACTib/ACTib corpora and anno-
tation pipelines (Meelen and Roux, 2020; Meelen
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et al., 2021; Faggionato et al., 2022). Entries are or-
dered by year of publication and then alphabetically
by first author.

Coverage and trend. The table contains 38 en-
tries from 41 of the 140 publications (29.3%). Pub-
lic release is a recent practice in Tibetan NLP. None
of the 31 publications from 2004-2018 releases a
resource that meets our criteria, compared with 14
of the 48 publications from 2019-2023 (29.2%) and
27 of the 61 from 2024-2026 (44.3%), including 12
of the 18 publications of 2025. This rise coincides
with the transition to pre-trained and large language
models, a period in which releasing corpora, mod-
els, and benchmarks has become common practice
across NLP.

Whatisreleased. The released resources span ev-
ery layer of the pipeline described in Section 4.2. At
the foundational layer, they include a lexicon of ver-
bal paradigms (Di et al., 2019), the PACTib/ACTib
treebank and annotation pipelines (Meelen and
Roux, 2020; Meelen et al., 2021; Faggionato et al.,
2022), a knowledge graph (Sun et al., 2021), a word
segmenter (Gyatso et al., 2025), and expert word-
boundary annotations (Moore et al., 2026). Script
processing is represented by character datasets of
historical documents, handwriting, and cursive
script (Li et al., 2022c; Tashi et al., 2024; Zhou
et al., 2026), code for few-shot character recogni-
tion (Bao et al., 2024), a multimodal OCR bench-
mark (Jie et al., 2026), and a vision—language model
(Xu et al., 2026). Speech is represented by the
TIBMD @MUC multi-dialect corpus (Zhao et al.,
2019b, 2020) and a package for measuring recog-
nition error at the word level (Moore et al., 2026).
Since 2022, releases have increasingly consisted
of PLMs and LLMs (Liu et al., 2022; Liang et al.,
2024; Lv et al., 2025; Sha et al., 2025; Zhuang
and Sun, 2025), the data used to train and align
them (Zhang et al., 2024; Zhuang et al., 2025a), and
benchmarks for evaluating them; six benchmarks
date from 2025-2026 alone (Gao et al., 2025; Xu
et al., 2025; Hashiloni et al., 2025; Zhang et al.,
2025a; Li et al., 2026; Jie et al., 2026). Three
further releases, all from one research team, sup-
port the evaluation of adversarial robustness (Cao
et al., 2023, 2025a,b). Finally, Classical Tibetan
and Buddhist textual heritage accounts for a dis-
tinct cluster of releases: a Sanskrit—Tibetan paral-
lel corpus (Nehrdich, 2022), tools and text analyt-
ics for Tibetan Buddhist literature (Trinley et al.,
2021; Krishna et al., 2021), and recent resources

for benchmarking, distinguishing native from trans-
lated passages, and measuring sentence similarity
(Hashiloni et al., 2025; Bilitski et al., 2026; Cohen
et al., 2026).

Release rates by research area. The share of
publications that release resources varies widely
across ARR areas (Appendix D). It is highest in
Resources and Evaluation (22 of 40; 55.0%), Lan-
guage Modeling (7 of 16; 43.8%), and Multilin-
gualism and Cross-Lingual NLP (16 of 41; 39.0%).
Among the larger areas, it is lowest in Speech
Recognition, Text-to-Speech and Spoken Language
Understanding (3 of 21; 14.3%) and in Phonol-
ogy, Morphology, and Word Segmentation (2 of
17; 11.8%), and none of the publications in Infor-
mation Retrieval and Text Mining (6), Sentiment
Analysis, Stylistic Analysis, and Argument Min-
ing (4), or Summarization (3) releases a resource.
Speech and word segmentation are the areas most di-
rectly shaped by two defining properties of Tibetan,
dialectal diversity and unmarked word boundaries,
yet they have the fewest shared resources. Con-
sent and privacy considerations can legitimately
restrict the release of speech data, but the result is
that TIBMD @MUC is the only entry covering the
three main dialect groups, and no text resource in
the table targets a specific dialect through genres
such as proverbs and folk song lyrics.

Release rates by country and venue. Release
rates also differ by the country of the first author’s
affiliation (Appendix C). Of the 18 publications
from outside China, 13 (72.2%) release resources,
compared with 28 of the 122 China-affiliated pub-
lications (23.0%). Publication venue accounts for
part of this difference. Publications in the ACL An-
thology release resources more often than those re-
trieved from DBLP (18 of 37, 48.6%, vs. 23 of 103,
22.3%), and among China-affiliated publications,
the rate is 40.0% (10 of 25) in the ACL Anthology
but 18.6% (18 of 97) elsewhere. This pattern is
consistent with the artifact-release expectations of
ACL venues, such as the Responsible NLP Research
Checklist. In absolute terms, China-affiliated teams
remain the largest contributors, accounting for 28
of the 41 releasing publications, all of the released
LLMs, and five of the six recent benchmarks. All
of these rates are lower bounds, because resources
shared on request or through channels that the pub-
lications do not cite are not captured.
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Accessibility and sustainability. GitHub! is the
most common host (28 entries), followed by Hug-
ging Face? (13 entries), and 11 entries distribute
their resources across more than one platform, for
example Hugging Face with GitHub (Zhou et al.,
2026) or ModelScope® with GitHub (Han et al.,
2026). Only four entries are deposited in research-
data repositories that assign persistent identifiers
(ScienceDB* and Zenodo?); the others depend on
platforms on which repositories can be renamed,
moved, or deleted. Two datasets, TIBMD @MUC
and THCU, are distributed only through Baidu
Netdisk®, which can be difficult to use from out-
side China, while some international platforms are,
conversely, not reliably accessible from mainland
China. Building on the open-science recommen-
dations in Section 6, we encourage authors of Ti-
betan NLP resources to (1) deposit released data
and models in archives that issue persistent iden-
tifiers, (2) state an explicit licence, (3) document
each resource with a datasheet or model card, and
(4) mirror resources on platforms accessible to re-
searchers both inside and outside China.

Caveats. Inclusion in Table 3 indicates that a re-
source has been publicly released, not that it is com-
plete, documented, or maintained; we did not eval-
uate the released resources themselves. As with the
rest of the survey, 2026 is only partially covered.
We ensure that all links in Table 3 are accessible
at 00:00 UTC, September 25, 2026, but we cannot
guarantee their accessibility in the future.

G NLP Publications on Other Bodish
Languages

Complementing the recommendation on related lan-
guages in Section 6, Table 4 extends the retrieval
of Section 3 from Tibetan to all 82 languages of
Bodish, the subgroup of Tibeto-Burman to which
Ethnologue’ assigns Tibetan. For each language,
we repeated the retrieval and screening with the
keyword in the third column in place of Tibetan.
Entries that differ only in a qualifier, such as the
three Tibetan or the three Tamang entries, share a
keyword, and Sikkimese was also searched under
its alternative name Bhutia.

"https://github.com/

"https://huggingface.co/

*https://www.modelscope.cn/

*https://www.scidb.cn/

https://zenodo.org/

https://pan.baidu.com/
"https://www.ethnologue . com/subgroup/4085/

The keyword Tibetan retrieves the survey cor-
pus itself (Appendices A and B). For the other
79 languages, the search yielded only 12 publica-
tions, against 140 for Tibetan: six on Dzongkha,
three on Tamang, and one each on Balti, Ladakhi,
and Sikkimese. They address text processing
for Dzongkha and Sikkimese (e.g., word segmen-
tation and tagged corpora), machine translation
for Tamang, and speech processing for Balti and
Ladakhi. The Tamang publications, whose titles
and abstracts name no variety, are listed under East-
ern Tamang. The keywords of the remaining 72
languages, including all those outside Central and
West Bodish, yielded none. These 12 publications
are outside the survey corpus and the analyses of
Section 4. As retrieval covers only the ACL Anthol-
ogy and DBLP and depends on the keywords, an
empty cell means that no publication was retrieved,
not that no research on the language exists.
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Open-source Paper Repository URL Description

Resource

Tibetan-Verb- Diet al. (2019) https: A UniMorph-style dataset of Tibetan verbal paradigms (1,433

Lexicon //github.com/victoriadqj/Tibetan-Verb-Lexicon =~ lemmas with inflected forms) for morphological reinflection.

TIBMD@MUC Zhao et al. (2019b, https: A free multi-dialect Tibetan speech corpus (U-Tsang, Kham and

2020) //pan.baidu.com/s/14CihgqjA4AFFH1QpSTjzZw Amdo) with a phoneme set, a pronunciation dictionary and

baseline recognition code, used for joint speech content
recognition, dialect identification and speaker recognition.

PACTib/ ACTib and Meelen and Roux https://github.com/lothelanor/actib A family of Classical Tibetan corpora and tools comprising a

annotation pipelines

Children’s Stories
corpus
bo-corpus-analytics
TD50K

OpenPecha Toolkit

THCU

TiBERT

SansTib

TSAttacker

fs-TCR

TibetanQA2.0

ConceptNet language

adapters

Tibetan-PLM

Tibetan Handwriting
Khyug-yig Dataset

mc2

Ti-ChTrans

TSCheater, TSVSDB

& AdvTS

HITL-GAT

(2020); Meelen et al.
(2021); Faggionato
et al. (2022)

Schmidt (2020)

Krishna et al. (2021)

Sun et al. (2021)

Trinley et al. (2021)

Li et al. (2022¢)

Liu et al. (2022)

Nehrdich (2022)

Cao et al. (2023)

Bao et al. (2024)

Dan and Sun (2024)

Gurgurov et al.

(2024)

Liang et al. (2024)

Tashi et al. (2024)

Zhang et al. (2024)

Zhou et al. (2024a)

Cao et al. (2025a)

Cao et al. (2025b)

https://zenodo.org/record/3951503

https://github.com/Esukhia/children-stories

https://github.com/keutzer/bo-corpus-analytics

https://github.com/andongBlue/TiData5S0K

https://github.com/OpenPecha/openpecha-toolkit

https:
/Ipan.baidu.com/s/1i1-qMcLqROvvFJonujSLeA
(extraction code: h5ga)

https://huggingface.co/CMLI-NLP/TiBERT

https://github.com/sebastian-nehrdich/sanstib
https://huggingface.co/buddhist-nlp/sanstib

https://github.com/UTibetNLP/TS Attacker
https://github.com/metaphors/
TibetanPLMsFineTuning
https://github.com/metaphors/
TibetanAdversarial Attack
https://github.com/coder-bossin/fs-TCR

https://doi.org/10.57760/sciencedb.j00104.00120

https://github.com/d-gurgurov/Injecting-
Commonsense-Knowledge-into-LLMs
https://github.com/d-gurgurov/Conceptnet-
Embeddings
https://github.com/Dslab-NLP/Tibetan-PLM
https:
//huggingface.co/Pagewood/TBERT-pytorch
https:
//huggingface.co/Pagewood/TBERT-tensorflow
https:
//huggingface.co/Pagewood/Tibetan-BERT-wwm
https://github.com/13209413223/Tibetan-
Handwriting-Dataset

https://github.com/luciusssss/mc2_corpus
https:
//huggingface.co/datasets/pkupie/mc2_corpus
https://huggingface.co/pkupie/mc2-xImr-large
https://huggingface.co/pkupie/mc2-1lama-13b
https://github.com/UTibetNLP/Ti-ChTrans

https://github.com/metaphors/TS Attack
https://huggingface.co/collections/UTibetNLP/
tibetan-victim-language-models-
669f614ecea872c7211cl121c

https://github.com/metaphors/HITL-GAT

166M-token diachronic treebank (11th-21st ¢.) with
segmentation, POS tags, phrase-structure parses and date
metadata; ACTib v2.0, segmented and POS-tagged in small
(UD) and large tag sets by a pipeline that combines rule-based,
memory-based and neural methods; and an off-the-shelf pipeline
from normalisation to parsing and information-structure
annotation that is adaptable to Newar varieties.

A corpus of transcribed SayMore sessions of diaspora Tibetan
children’s speech whose word-frequency lists the Dakje
readability tool uses to grade a children’s picture book.
Unicode e-texts of the Bon and Nyingma Mind-section corpora,
with notebooks for the TF-IDF, cosine-similarity, LDA and
k-means analyses of Great Perfection literature.

A partial release of a Tibetan knowledge-graph dataset (53,797
triples, 12,573 entities and 3,285 relations) built from a Tibetan
online encyclopedia.

A command-line toolkit for downloading OpenPecha texts,
updating and transferring annotations, and exporting views as
Markdown, DOCX, PDF or EPUB.

An offline character dataset of Uchen-font Tibetan historical
documents that pairs 121,214 manually annotated samples over
238 classes (THCU-M) with component-combination synthetic
subsets of up to 7,238 classes (THCU-S).

A monolingual BERT-base Tibetan pre-trained language model
trained on 3.56 GB of Tibetan web text with a 30,005-token
SentencePiece unigram vocabulary.

A Sanskrit-Tibetan parallel corpus of 317,289 aligned sentence
pairs with 6,916 gold pairs, released with a bilingual
sentence-embedding model.

A syllable-level black-box adversarial attack on Tibetan script
for testing the robustness of Tibetan language models.

Code for cross-domain few-shot Tibetan character recognition
that uses contrastive pre-training and meta fine-tuning with
episodic synthetic query sets.

A crowd-sourced Tibetan machine reading comprehension
dataset of 505 passages and 1,347 unanswerable
question—answer pairs over six topics, released under CC BY
4.0.

Code, ConceptNet-extracted data and language adapters that
inject knowledge-graph knowledge into multilingual LLMs for
eight low-resource languages, including Tibetan.

The Tibetan-BERT and Tibetan-BERT-wwm pre-trained
models, the latter using whole word masking to learn word-level
representations for Tibetan text classification.

A dataset of 9,874 labelled word images in the cursive
Khyug-yig style written by 63 writers, with more data to be
released incrementally.

An open pre-training corpus for Tibetan, Uyghur, Kazakh
(Arabic script) and Mongolian (traditional script).

Transformer Tibetan—Chinese translation models trained on
CINO-filtered parallel data, released with an expert-reviewed
benchmark test set of 1,000 sentence pairs (483 common
phrases and 517 news sentences).

The TSCheater visual-similarity-based Tibetan adversarial text
generator, released with the TSVSDB syllable visual-similarity
database (18,833 syllables), AdvTS (the first human-proofread
Tibetan adversarial robustness benchmark) and eight victim
classifiers (Tibetan-BERT and CINO-small/base/large, each
fine-tuned on TNCC-title and TU_SA).

A human-in-the-loop system for generating adversarial texts,
released under GPL-3.0.
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https://github.com/victoriadqj/Tibetan-Verb-Lexicon
https://github.com/victoriadqj/Tibetan-Verb-Lexicon
https://pan.baidu.com/s/14CihgqjA4AFFH1QpSTjzZw
https://pan.baidu.com/s/14CihgqjA4AFFH1QpSTjzZw
https://github.com/lothelanor/actib
https://zenodo.org/record/3951503
https://github.com/Esukhia/children-stories
https://github.com/keutzer/bo-corpus-analytics
https://github.com/andongBlue/TiData50K
https://github.com/OpenPecha/openpecha-toolkit
https://pan.baidu.com/s/1i1-qMcLqR0vvFJonuj5LeA
https://pan.baidu.com/s/1i1-qMcLqR0vvFJonuj5LeA
https://huggingface.co/CMLI-NLP/TiBERT
https://github.com/sebastian-nehrdich/sanstib
https://huggingface.co/buddhist-nlp/sanstib
https://github.com/UTibetNLP/TSAttacker
https://github.com/metaphors/TibetanPLMsFineTuning
https://github.com/metaphors/TibetanPLMsFineTuning
https://github.com/metaphors/TibetanAdversarialAttack
https://github.com/metaphors/TibetanAdversarialAttack
https://github.com/coder-bossin/fs-TCR
https://doi.org/10.57760/sciencedb.j00104.00120
https://github.com/d-gurgurov/Injecting-Commonsense-Knowledge-into-LLMs
https://github.com/d-gurgurov/Injecting-Commonsense-Knowledge-into-LLMs
https://github.com/d-gurgurov/Conceptnet-Embeddings
https://github.com/d-gurgurov/Conceptnet-Embeddings
https://github.com/Dslab-NLP/Tibetan-PLM
https://huggingface.co/Pagewood/TBERT-pytorch
https://huggingface.co/Pagewood/TBERT-pytorch
https://huggingface.co/Pagewood/TBERT-tensorflow
https://huggingface.co/Pagewood/TBERT-tensorflow
https://huggingface.co/Pagewood/Tibetan-BERT-wwm
https://huggingface.co/Pagewood/Tibetan-BERT-wwm
https://github.com/13209413223/Tibetan-Handwriting-Dataset
https://github.com/13209413223/Tibetan-Handwriting-Dataset
https://github.com/luciusssss/mc2_corpus
https://huggingface.co/datasets/pkupie/mc2_corpus
https://huggingface.co/datasets/pkupie/mc2_corpus
https://huggingface.co/pkupie/mc2-xlmr-large
https://huggingface.co/pkupie/mc2-llama-13b
https://github.com/UTibetNLP/Ti-ChTrans
https://github.com/metaphors/TSAttack
https://huggingface.co/collections/UTibetNLP/tibetan-victim-language-models-669f614ecea872c7211c121c
https://huggingface.co/collections/UTibetNLP/tibetan-victim-language-models-669f614ecea872c7211c121c
https://huggingface.co/collections/UTibetNLP/tibetan-victim-language-models-669f614ecea872c7211c121c
https://github.com/metaphors/HITL-GAT

(continued from previous page)

Open-source Paper Repository URL Description
Resource
TLUE Gao et al. (2025) https://github.com/Vicentvankor/TLUE The first large-scale Tibetan LLM benchmark, pairing a

Tibetan-tokenizer

DharmaBench

T-LLaMA

Tibetan-LLaMA 2

Tibetan
prompt-learning text
classifier

CMHG

MiLiC-Eval

CUTE

TIFD

ALLO/AUTO
segmentation

Tib-Bi-Dharma /
SenSim

Vocabulary scaling

TibOCR-Bench /

TibOCR-Train

CMiLBench

tibetan-wer /
tibetan-word-
segmentation-ds

FTibSuite

TibHCR

Gyatso et al. (2025)
Hashiloni et al.
(2025)

Lv et al. (2025)

Sha et al. (2025)

Tang et al. (2025)

Xu et al. (2025)
Zhang et al. (2025a)
Zhuang and Sun

(2025)

Zhuang et al. (2025a)

Bilitski et al. (2026)

Cohen et al. (2026)

Han et al. (2026)

Jie et al. (2026)

Li et al. (2026)

Moore et al. (2026)

Xu et al. (2026)

Zhou et al. (2026)

https://github.com/gyatso736/-Tibetan-tokenizer-

https://github.com/Intellexus-DSI/DharmaBench

https://huggingface.co/Pagewood/T-LLaMA

https://github.com/Shajiu/Tibetan-LLaMA-2
https://huggingface.co/shajiu/Yak_Llama2_7B
https://huggingface.co/shajiu/Yak_Llama2_13B
https://huggingface.co/datasets/shajiu/
TibetanGeneral_corpus
https://huggingface.co/datasets/shajiu/
TibetanSft_corpus

https:
//github.com/Greenhorntc/Text-Classification-in-
Tibetan-Language-based-on-Prompt-Learning
https:

/fhuggingface.co/datasets/ KEVVVV/CMHG
https://github.com/luciusssss/MiLiC-Eval
https://huggingface.co/datasets/pkupie/milic-eval
https://github.com/CMLI-NLP/CUTE
https://huggingface.co/datasets/CMLI-NLP/
CUTE-Datasets
https://huggingface.co/CMLI-NLP/CUTE-Llama
https://doi.org/10.57760/sciencedb.j00104.00146

https://github.com/Intellexus-DSI/alloauto

https://github.com/Intellexus-DSI/sensim

https://github.com/White2360/vocab-scaling-low-
resource

https:
/lwww.modelscope.cn/collections/lingfeng2360/
ACL-2026-Findings-Vocab-Scaling
https://doi.org/10.57760/sciencedb.28968

https://github.com/CMLI-NLP/CMiLBench

https://pypi.org/project/tibetan-wer/
https://huggingface.co/datasets/billingsmoore/
tibetan-word-segmentation-ds

https://huggingface.co/onedday/FTib-VLM
https:
//huggingface.co/datasets/onedday/FTib-data
https://huggingface.co/datasets/qixiaoke/TibHCR
https://github.com/qixiaoke007/TibHCR

multi-task understanding set (67 subdomains) with a safety set.
A Bi-LSTM+CREF Tibetan word segmenter used to pre-segment
text before the paper’s agglutination-aware BPE for
Tibetan—Chinese machine translation.

A 13-task benchmark on Buddhist texts in Sanskrit and
Classical Tibetan, with datasets (CC-BY-4.0), code
(Apache-2.0) and prompts.

A LLaMA 2-based Tibetan large language model with a
SentencePiece-expanded Tibetan vocabulary, trained on a
2.2-billion-character Tibetan corpus.

A LLaMA 2 model extended with a Tibetan vocabulary,
continually pre-trained on a 15 GB Tibetan corpus and
instruction-tuned on 1M instructions, released with inference
resources.

Code that recasts Tibetan text classification as prompt-based
entailment and ensembles several prompt-tuned language
models, evaluated on TNCC and WCM.

A headline-generation dataset (100K Tibetan, 50K Uyghur and
50K Mongolian) with a native-speaker-annotated test set.

A 24K-instance, 9-task benchmark that evaluates LLMs on
Tibetan, Uyghur, Kazakh and Mongolian in parallel.

Parallel and non-parallel 25 GB
Chinese-Uyghur-Tibetan—-English corpora, released with
CUTE-Llama models trained on each.

A Tibetan instruction-following dataset of 11,535
instruction—input-output records, translated from GPT-4
responses and manually proofread, for supervised fine-tuning of
LLMs.

The first annotated corpus for separating native Tibetan from
translated passages in Classical Tibetan texts, released with
trained models and scripts.

Tib-Bi-Dharma, a Classical Tibetan sentence-similarity model,
released with an expert gold STS set, two automatically scored
STS sets and the pipeline code.

The code repository for a study of joint
Mongolian-Tibetan-Uyghur vocabulary size under BPE and
byte-level BPE.

A multimodal Tibetan OCR benchmark covering 30 real-world
scenarios plus a preference-aligned training set, which the
authors state they release together with the data pipeline,
checkpoints, and training and inference code.

A hierarchical benchmark (24,663 instances, 17 tasks and 5
levels) testing ability, culture and safety in Tibetan, Mongolian
and Uyghur.

A Python package for character, syllable and segmented word
error rate (SWER) that scores Tibetan ASR output at the word
level, released with expert word-boundary annotations of 100
NICT-Tibl utterances (2,634 inter-syllable positions) for
measuring agreement between automatic segmenters and a
human annotator.

FTibVLM, a Tibetan vision—language model built on
Qwen3-VL-8B-Instruct, released with FTibData for pre-training,
alignment and instruction tuning.

A large-scale offline handwritten Tibetan character dataset of
141,698 samples from 235 writers across 47 classes,
benchmarked with CRNN and a PP-OCRvV4 cross-lingual
fine-tuning baseline.

Table 3: Open-source resources released by the surveyed publications, comprising corpora, datasets and benchmarks,
pre-trained and large language models, and code and toolkits. The 38 entries come from 41 of the 140 publications
(29.3%); only resources released by the papers’ own authors at a publicly accessible URL are included. Entries
are ordered by year of publication and then alphabetically by first author. A resource described in several papers
(TIBMD@MUC and PACTib/ACTib) is listed once, under its earliest paper, with all related papers cited. Descriptions
summarize each resource’s content and, where reported, its scale and licence.
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https://github.com/Vicentvankor/TLUE
https://github.com/gyatso736/-Tibetan-tokenizer-
https://github.com/Intellexus-DSI/DharmaBench
https://huggingface.co/Pagewood/T-LLaMA
https://github.com/Shajiu/Tibetan-LLaMA-2
https://huggingface.co/shajiu/Yak_Llama2_7B
https://huggingface.co/shajiu/Yak_Llama2_13B
https://huggingface.co/datasets/shajiu/TibetanGeneral_corpus
https://huggingface.co/datasets/shajiu/TibetanGeneral_corpus
https://huggingface.co/datasets/shajiu/TibetanSft_corpus
https://huggingface.co/datasets/shajiu/TibetanSft_corpus
https://github.com/Greenhorntc/Text-Classification-in-Tibetan-Language-based-on-Prompt-Learning
https://github.com/Greenhorntc/Text-Classification-in-Tibetan-Language-based-on-Prompt-Learning
https://github.com/Greenhorntc/Text-Classification-in-Tibetan-Language-based-on-Prompt-Learning
https://huggingface.co/datasets/KEVVVV/CMHG
https://huggingface.co/datasets/KEVVVV/CMHG
https://github.com/luciusssss/MiLiC-Eval
https://huggingface.co/datasets/pkupie/milic-eval
https://github.com/CMLI-NLP/CUTE
https://huggingface.co/datasets/CMLI-NLP/CUTE-Datasets
https://huggingface.co/datasets/CMLI-NLP/CUTE-Datasets
https://huggingface.co/CMLI-NLP/CUTE-Llama
https://doi.org/10.57760/sciencedb.j00104.00146
https://github.com/Intellexus-DSI/alloauto
https://github.com/Intellexus-DSI/sensim
https://github.com/White2360/vocab-scaling-low-resource
https://github.com/White2360/vocab-scaling-low-resource
https://www.modelscope.cn/collections/lingfeng2360/ACL-2026-Findings-Vocab-Scaling
https://www.modelscope.cn/collections/lingfeng2360/ACL-2026-Findings-Vocab-Scaling
https://www.modelscope.cn/collections/lingfeng2360/ACL-2026-Findings-Vocab-Scaling
https://doi.org/10.57760/sciencedb.28968
https://github.com/CMLI-NLP/CMiLBench
https://pypi.org/project/tibetan-wer/
https://huggingface.co/datasets/billingsmoore/tibetan-word-segmentation-ds
https://huggingface.co/datasets/billingsmoore/tibetan-word-segmentation-ds
https://huggingface.co/onedday/FTib-VLM
https://huggingface.co/datasets/onedday/FTib-data
https://huggingface.co/datasets/onedday/FTib-data
https://huggingface.co/datasets/qixiaoke/TibHCR
https://github.com/qixiaoke007/TibHCR

Language IS0 639-3 Search Keyword Publications

Bodish, no further subgroup (5)

Gongduk goe Gongduk

Lhokpu lhp Lhokpu

Monpa, Kalaktang kkf Monpa

Olekha ole Olekha

Tshangla tsj Tshangla

Central Bodish (38)

Balti bft Balti Sharif et al. (2025).

Brokkat bro Brokkat

Brokpake sgt Brokpake

Changthang cna Changthang

Chocangacakha cgk Chocangacakha

Choni cda Choni

Dolpo dre Dolpo

Dzongkha dzo Dzongkha Wangchuk et al. (2022); Dhungyel and Grundspenkis (2017); Arun (2014);
Dasgupta et al. (2012); Norbu et al. (2010); Chungku et al. (2010).

Groma gro Groma

Gyalsumdo gyo Gyalsumdo

Humla hut Humla

Hyolmo scp Hyolmo

Jad jda Jad

Jirel jul Jirel

Kyirong kgy Kyirong

Ladakhi 1bj Ladakhi Thukroo et al. (2023).

Lakha 1kh Lakha

Layakha lya Layakha

Lhomi 1lhm Lhomi

Lhowa loy Lhowa

Lunanakha luk Lunanakha

Mugom-Karmarong muk Mugom-Karmarong

Naaba nao Naaba

Nubri kte Nubri

Purig prx Purig

Sherpa Xsr Sherpa

Sikkimese sip Sikkimese, Bhutia Ashida et al. (2020).

Spiti Bhoti spt Spiti Bhoti

Stod Bhoti sbu Stod Bhoti

Syuba syw Syuba

Tibetan, Amdo adx Tibetan

Tibetan, Central bod Tibetan

Tibetan, Khams khg Tibetan

Tichurong ten Tichurong

Tseku tsk Tseku

Tsum ttz Tsum

Walungge ola Walungge

Zangskari zau Zangskari

East Bodish (9)

Bumthangkha kjz Bumthangkha

Chalikha tgf Chalikha

Dakpakha dka Dakpakha

Dzalakha dzl Dzalakha

Khengkha xkf Khengkha

Kurtokha xkz Kurtokha

Monpa, Tawang twm Monpa

Nupbikha npb Nupbikha

Nyenkha neh Nyenkha

West Bodish (14)

Chantyal chx Chantyal

Dura drq Dura

Ghale, Northern ghh Ghale

Ghale, Southern ghe Ghale

Gurung gvr Gurung

Kaike kzq Kaike

Kuke ght Kuke

Nar Phu npa Nar Phu

Nyeshangte nmm Nyeshangte

Seke skj Seke

Tamang, Eastern taj Tamang Ghimire et al. (2026); Acharya et al. (2026); Chaudhary et al. (2020).

Tamang, Eastern Gorkha tge Tamang

Tamang, Western tdg Tamang

Thakali ths Thakali
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Language ISO 639-3 Search Keyword Publications
West Himalayish (16)

Byangsi bee Byangsi
Chaudangsi cdn Chaudangsi
Darmiya drd Darmiya
Gabhri bfu Gahri
Jangshung jna Jangshung
Kanashi xns Kanashi
Kinnauri kfk Kinnauri
Kinnauri, Bhoti nes Kinnauri
Kinnauri, Chhoyul tpq Kinnauri
Kinnauri, Chitkuli cik Kinnauri
Pattani lae Pattani
Rangkas rgk Rangkas
Rongpo rnp Rongpo
Shumcho scu Shumcho
Sunam ssk Sunam
Tinani 1bf Tinani

Table 4: The 82 Bodish languages and the NLP publications retrieved for each. Language names and ISO 639-3
codes are taken from Ethnologue. The retrieval method follows Section 3, with the search keyword in place of
Tibetan. Entries that differ only in a qualifier share a keyword and hence their publications: those on Tibetan form
the survey corpus (Appendices A and B) and are not repeated here, and those on Tamang are listed under Eastern
Tamang. Elsewhere, an empty cell means that no publication was retrieved.
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