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Abstract

Language archives contain valuable linguistic
materials that are undigitized and therefore dif-
ficult to access. Modern optical character recog-
nition (OCR) systems have great potential to
make these collections more accessible, but
there are few system evaluations which can as-
sess the quality of an OCR system specifically
for language archive materials. We present
CoRSAL-OCR, an OCR evaluation dataset of
over 200 document pages with gold-standard
transcriptions from two South Asian languages:
Bodo (written in Devanagari) and Garo (writ-
ten in Latin script). Using this dataset to-
gether with the 8-language AILLA-OCR bench-
mark, we evaluate four OCR systems: Tesser-
act, Google Cloud Vision, Gemini 3 Flash, and
Qwen3.5-27B (an open-weight model). We
find that vision language models (VLMs), when
given appropriate prompts, achieve the low-
est error rates on these datasets. However,
prompt design has a large effect on VLM per-
formance, with a detailed generic prompt reduc-
ing CER by up to six-fold compared to a mini-
mal prompt. We release our dataset at https:
//github.com/larc-iu/corsal-ocr to sup-
port further research on OCR for language
archives.

1 Introduction

Many of the world’s languages are at risk of no
longer being spoken by the close of this century
(Krauss, 1992). Amid these pressures, many lan-
guage communities and researchers are engaged
in efforts to document and revitalize them, with
archival material from previous descriptive work
often playing a crucial role. However, the lan-
guage data in these archival materials are often
undigitized, rendering them inaccessible for many
humans and machines, impeding efforts to create
derivative products such as educational materials
or language technologies.

Figure 1: Front page of Achik Songbad, a Garo-language
weekly newspaper (1956), from the CoRSAL archive.
This document exhibits several challenges for OCR for
archival materials: multi-column layout, aged paper,
and Garo’s use of a middle dot character for glottal
stops.

Historically, performing optical character recog-
nition (OCR) on such materials has been challeng-
ing due to the paucity of data available for super-
vised learning for traditional OCR systems. Much
progress has been made in the past five years on
languages which are written in major world scripts,
such as the Latin alphabet, by composing com-
mercially available OCR products such as Google
Vision and applying supervised post-correction al-
gorithms to the output (Rijhwani et al., 2020, 2021;
Agarwal and Anastasopoulos, 2024, 2025, inter
alia). For endangered languages, this approach has
significant advantages, as it alleviates the need for
the full amount of data required to train a dedicated
OCR system. However, it is limited by the fact that
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a considerable annotation effort is still required, as
pairs of “raw” and corrected OCR system output
are required in order to train the post-correction
model.

In the past two years, powerful vision language
models (VLMs) have emerged, which augment the
textual capabilities of modern large language mod-
els (LLMs) with the ability to process images as
input. Large VLMs are trained on massive datasets
covering hundreds or thousands of languages, and
we hypothesize that they may be suitable as zero-
shot OCR systems for archival data. While we
do not expect the VLM to have been trained on
any data from the languages in question, we sus-
pect that given the highly multilingual nature of
its training data, strong transfer may be possible
regardless for unseen languages written in a major
world script.

In this work, we therefore empirically investigate
the capabilities of VLMs for zero-shot OCR on
archival material, and additionally present a new
dataset for zero-shot OCR in this setting. We make
the following contributions:

1. We release CoRSAL-OCR, a publicly avail-
able dataset of document images and human-
transcribed text from 2 languages in CoRSAL
(Bodo and Garo), expanding the resources
available for evaluating OCR on archival ma-
terials.

2. We conduct an evaluation comparing tradi-
tional OCR systems and VLMs in a zero-
shot setting on real archival documents from
CoRSAL-OCR, finding that appropriately
prompted VLMs achieve the lowest error rates
across all evaluation datasets, with CER as
low as 1.9% on Bodo and 4.6% on Garo,
outperforming traditional alternatives such as
Google Cloud Vision and Tesseract.

2 Related Work

OCR for Endangered Languages For many
endangered languages, archives hold valuable
materials—dictionaries, field notes, grammars, ped-
agogical texts, and more—that remain in non-
machine-readable formats such as scanned images
(Agarwal and Anastasopoulos, 2024). Applying
general-purpose OCR to these materials is chal-
lenging: these languages may be written in their
own scripts, or written in a widely used script
but with modifications that render it significantly

out-of-distribution for models pre-trained on high-
resource languages. Further, materials may be mul-
tilingual, with e.g. translations in another language.
Endangered languages with materials such as these
typically do not have enough annotated image–text
pairs to support supervised training of OCR mod-
els.

Moreover, there is a lack of publicly available
evaluation datasets specifically addressing the gen-
res present in archival materials: while Agarwal
and Anastasopoulos (2025) released gold transcrip-
tions for eight Indigenous languages, the corre-
sponding document images are not publicly dis-
tributed, limiting ease of use.

Supervised Post-Correction In the past several
years, the dominant approach to this problem has
been supervised post-correction, in which the out-
put of a general-purpose OCR engine is automati-
cally corrected by a model trained on paired raw-
OCR and gold-transcription data. Rijhwani et al.
(2020) introduced a neural post-correction method
for endangered languages, reducing character er-
ror rates in experiments on data from three endan-
gered languages. Subsequent work extended this
paradigm with semi-supervised self-training and
lexically aware decoding (Rijhwani et al., 2021),
and Rijhwani et al. (2023) conducted a user-centric
evaluation of the resulting systems for Kwak’wala.
Most recently, Agarwal and Anastasopoulos (2025)
released the first OCR dataset for eight Indigenous
languages of Latin America, enabling further work
on post-correction–based OCR for endangered lan-
guages.

While effective, these methods all require a non-
trivial annotation effort to produce paired training
data for each target language—a requirement that
limits scalability to the hundreds of endangered
languages for which no such data exists.

VLMs for OCR Several recent studies have ex-
amined the potential of VLMs for zero-shot OCR.
Sohail et al. (2024) benchmarked GPT-4o in a zero-
shot setting on low-resource scripts including Urdu,
Albanian, and Tajik, but evaluated on synthetic im-
ages with controlled variations rather than real doc-
uments, and concluded that zero-shot performance
remains limited. Haq et al. (2025) similarly evalu-
ated multiple VLMs on a synthetic Pashto dataset.
Other work has pursued fine-tuning: Kolavi et al.
(2025) adapted VLMs to ten Indic languages using
LoRA and synthetic data, while Chung and Choi
(2025) fine-tuned VLMs for Manchu OCR on syn-
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thetic word images, achieving strong results but
requiring language-specific training. To our knowl-
edge, no prior work has evaluated VLMs in a truly
zero-shot setting on real documents from language
archives.

3 Methods

3.1 Data

Our evaluation data comes from two sources: a new
dataset that we create and release from CoRSAL,
and an existing benchmark from AILLA.

CoRSAL-OCR The Computational Resource for
South Asian Languages (CoRSAL) is a digital
archive hosted at the University of North Texas,
serving over 30 South Asian languages (Chelliah
and Phillips, 2023). Many languages in CoRSAL
have high-quality document scans but no corre-
sponding transcriptions, making them ideal candi-
dates for OCR evaluation in a truly zero-resource
setting.

We create a new evaluation dataset from two
CoRSAL languages:

• Bodo (ISO 639-3: brx), a Sino-Tibetan lan-
guage spoken in Assam, India, written in De-
vanagari script. Our dataset includes 53 pages
from 13 documents.

• Garo (ISO 639-3: grt), a Sino-Tibetan lan-
guage spoken in Meghalaya, India. While
Garo is written in a Latin-based alphabet, it
uses a middle dot (·) to represent glottal stops.
We hypothesize this may pose an issue for
OCR systems expecting standard Latin text.
Our dataset includes 154 pages from 20 docu-
ments.

We choose these two languages because they rep-
resent two major script families (Devanagari and
Latin) and because substantial archival material is
available for both in CoRSAL. The documents span
a variety of genres, including newspapers, religious
texts, dictionaries, language learning texts, poems,
and literary works. We used these documents with
permission from CoRSAL’s maintainers. Table 1
summarizes the dataset.

Each page was transcribed by a hired native-
speaker annotator (annotator E for Bodo, annotator
Q for Garo). To assess transcription quality, 12
pages per language were independently double-
annotated by a second, non-native-speaker annota-
tor (annotator M for Bodo, annotator B for Garo).

Bodo Garo AILLA

Pages 53 154 296
Documents 13 20 —
Total chars 83,054 233,136 381,625
Total words 11,898 33,850 60,194
Avg. chars/page 1,567 1,514 1,289
Avg. words/page 225 220 203

Table 1: Dataset statistics. AILLA totals span 8 lan-
guages; per-language statistics are in Appendix B.

Inter-annotator CER is 0.8% for Bodo and 1.7%
for Garo (see Appendix A for details), indicating
high transcription consistency. We publicly release
all 207 page images with their gold-standard tran-
scriptions.1

AILLA To broaden our evaluation beyond South
Asian languages, we additionally use the AILLA-
OCR benchmark introduced by Agarwal and Anas-
tasopoulos (2025). This benchmark provides page
images with verified ground-truth transcriptions
spanning 8 Indigenous languages of Latin America,
representing diverse language families and geo-
graphic regions.

3.2 Systems

We evaluate four systems spanning three categories:
a traditional open-source OCR engine, a commer-
cial OCR API, and two vision language models
(VLMs).

Tesseract (TESS) As a baseline, we use Tesseract
(Smith, 2007), a widely used open-source OCR en-
gine. Tesseract’s LSTM-based recognition models
are trained on major world languages, and we use
the English (eng) model for Latin-script languages
and the Hindi (hin) model for Devanagari-script
languages. Crucially, no language-specific models
exist for any of the languages in our evaluation,
making this a true zero-shot baseline. We select the
closest script-matching models available; no alter-
native Tesseract configuration would be expected to
perform substantially better for these languages.2

Google Cloud Vision (GV) Google Cloud Vi-
sion is a commercial OCR product whose models

1https://github.com/larc-iu/corsal-ocr
2One reviewer of this work pointed out that monolingual

models are very biased towards producing words in just the
language that they were trained on, and suggests that mul-
tilingual Tesseract models may exhibit less of this bias and
therefore perform better in zero-shot settings. We find this
suggestion compelling, but leave investigating it to future
work.
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are continuously updated on a vast and diverse cor-
pus of images from the web. In recent work on
OCR for low-resource and endangered languages,
it is common to use GV as a strong baseline (Rijh-
wani et al., 2020, 2021; Agarwal and Anastasopou-
los, 2025, inter alia), and we include it to facilitate
comparison with prior work. We note that we ac-
cessed GV in March 2026, and emphasize that the
internal details of its operation may differ without
any way for anyone outside of Google to know it
at times before and after this one.

Gemini 3 Flash (GEMINI) For our closed-
weight VLM, we use Gemini 3 Flash,3 Google’s
frontier vision language model accessed via API.
Gemini 3 Flash achieves strong performance on
multimodal reasoning benchmarks, allowing it to
process entire document pages with detailed in-
structions. We choose Flash instead of the related
and larger model, Pro, as preliminary experiments
did not indicate a measurable difference between
the two.

Qwen3.5-27B (QWEN) For our open-weight
VLM, we use Qwen3.5-27B,4 a natively multi-
modal model. At 5-bit quantization, the model fits
entirely in the VRAM of a single consumer GPU
(e.g., an NVIDIA RTX 4090 with 24 GB), requiring
no cloud infrastructure. Qwen3.5 is highly multilin-
gual and achieves strong OCR performance, with
expanded support for rare characters and scripts.
As an open-weight model that can be run locally,
it represents a fully reproducible and transparent
alternative to commercial APIs—an important con-
sideration for language documentation workflows
where data sensitivity or infrastructure constraints
may preclude the use of external services.

3.3 Prompting

Unlike traditional OCR systems, VLMs accept nat-
ural language instructions that can influence their
output. We investigate the effect of prompting by
evaluating each VLM with three prompts:

• Minimal (MIN): A single sentence (“Tran-
scribe the text in this image.”), serving as a
zero-effort baseline.

• Generic detailed (GEN): Language-agnostic
instructions specifying exact transcription,

3Available via Google’s APIs under the identifier
gemini-3-flash-preview

4https://huggingface.co/Qwen/Qwen3.5-27B

preservation of diacritics, multi-column read-
ing order, and handling of non-text elements.

• Language-specific (LANG): The generic de-
tailed prompt augmented with a paragraph de-
scribing the target language, its script, and key
orthographic features (e.g., the Garo middle
dot, Devanagari conjuncts, or AILLA glottal
stop conventions).

The traditional OCR systems (TESS and GV) do
not accept prompts and are evaluated in a sin-
gle condition. Full prompt texts are given in Ap-
pendix F.

3.4 Evaluation
System outputs are evaluated against gold-standard
transcriptions using character error rate (CER) and
word error rate (WER). CER is the character-level
Levenshtein distance between the system output
and reference, normalized by reference length;
WER is the analogous word-level metric. Be-
fore comparison, both texts undergo a normaliza-
tion pipeline designed to remove formatting varia-
tion that does not reflect transcription quality (e.g.,
whitespace conventions around punctuation); full
details are given in Appendix C. We report micro-
averaged results, where metrics are computed over
all characters (or words) in a dataset rather than av-
eraged across documents, so that longer documents
contribute proportionally more to the aggregate
score.

4 Results

Table 2 presents the main results across all evalua-
tion datasets and prompt conditions.

Prompting Effects The choice of prompt has a
dramatic effect on VLM performance. On Bodo,
GEMINI with the generic detailed prompt (GEN)
achieves a CER of 1.9%—a six-fold reduction com-
pared to the minimal prompt (11.6%) and a nearly
five-fold reduction compared to GV (9.0%), the
best traditional system. The effect is even more
pronounced for QWEN, which drops from 51.1%
CER with the minimal prompt to 11.2% with the
language-specific prompt—a 78% relative reduc-
tion. On Garo, both VLMs benefit substantially
from prompting, with GEMINI LANG achieving
4.6% CER and QWEN LANG achieving 5.0%, com-
pared to 12.9% for GV.

Gemini vs. Qwen GEMINI generally outper-
forms QWEN, though QWEN is competitive or
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Garo (Latin) Bodo (Devanagari) AILLA (Latin) Macro Avg.
System Prompt CER WER CER WER CER WER CER WER
TESS — 16.8 43.4 23.7 48.7 23.2 42.5 21.2 44.9
GV — 12.9 36.9 9.0 20.0 22.7 32.1 14.9 29.7
GEMINI MIN 10.7 22.5 11.6 22.3 31.6 39.2 18.0 28.0
GEMINI GEN 6.2 14.7 1.9 10.3 19.7 31.2 9.3 18.7
GEMINI LANG 4.6 13.8 2.2 10.7 19.6 30.7 8.8 18.4
QWEN MIN 16.9 32.0 51.1 71.9 31.1 42.6 33.0 48.8
QWEN GEN 5.3 21.2 25.5 49.0 21.4 34.1 17.4 34.8
QWEN LANG 5.0 19.9 11.2 38.5 19.9 32.8 12.0 30.4

Table 2: Micro-averaged CER and WER (%) across all evaluation datasets and prompt conditions, with macro-
averaged means across datasets. Bold indicates the best result in each column. TESS uses the eng model for
Latin-script data and hin for Bodo. Prompt conditions: MIN = minimal, GEN = generic detailed, LANG = language-
specific (see §3.3).

slightly better in some conditions (e.g., Garo with
the GEN prompt). With language-specific prompts,
the gap is modest on Garo (CER 4.6% vs. 5.0%)
and AILLA (19.6% vs. 19.9%). On Bodo (Devana-
gari), the gap is larger (2.2% vs. 11.2%), suggesting
that QWEN has weaker Devanagari support. Nev-
ertheless, on Garo and AILLA, the open-weight
QWEN model running on a single consumer GPU
achieves results competitive with a frontier com-
mercial API.

AILLA Results On the AILLA benchmark, the
effect of prompting is again evident. With a
minimal prompt, both VLMs underperform GV
(GEMINI CER 31.6%, QWEN 31.1%, vs. GV
22.7%). With language-specific prompts, both sur-
pass GV: GEMINI achieves 19.6% CER and QWEN

19.9%, compared to GV’s 22.7%. Per-language
results (Appendix B) reveal substantial variation,
with best-system CER ranging from 3.8% (Mixe)
to 55.4% (Cusco Quechua). The two Quechua
subsets are particularly informative: despite being
closely related languages, Cusco Quechua (quch,
17 pages) has over three times the CER of South
Bolivian Quechua (quh, 50 pages). This gap is
driven by document format rather than language:
the quch data consists of three-column vocabulary
lists whose tabular layout all systems struggle to
linearize, while the quh data is bilingual prose with
straightforward paragraph structure.

5 Error Analysis

To understand the qualitative differences between
systems, we manually examined predictions on a
sample of pages from each dataset. We identify
three recurring error patterns.

Special character handling. The most distinc-
tive orthographic feature in our data is the Garo
middle dot (·), used for glottal stops in approxi-
mately 10% of all words. Table 3 illustrates how
each system handles this character. TESS and GV
never produce the middle dot, substituting apos-
trophes, hyphens, or spaces; GV is particularly
inconsistent, sometimes dropping the character en-
tirely. Both VLMs correctly produce the middle
dot on this page, though on other pages QWEN

sometimes substitutes an apostrophe. However,
GEMINI also over-generates the middle dot, insert-
ing it into words where the source document has
none: on one Garo page with zero middle dots in
the gold, GEMINI LANG produced 86 spurious in-
stances (e.g., gold biaprangko → biap·rangko). It
also systematically converts periods to middle dots
in section headers (e.g., III. → III·). This hypercor-
rection appears to be a direct consequence of the
language-specific prompt emphasizing the impor-
tance of the middle dot character, and illustrates a
general risk of language-specific prompting: pro-
viding the model with targeted orthographic guid-
ance can cause it to over-apply that guidance. GEM-
INI also converts periods to middle dots at line-end
hyphenation points (bikot- → bikot·-), with over
130 such substitutions across the Garo dataset. No-
tably, the generic detailed prompt (GEN) largely
avoids this problem while still achieving strong re-
sults (6.2% CER vs. 4.6% for LANG), suggesting
that language-specific prompts should be validated
on a small sample before deployment.

On Bodo, the analogous issue is Devana-
gari character confusion. QWEN systematically
misrecognizes Bodo-specific characters that are
rare in Hindi; for example, it renders the title
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(a) Garo dictionary (b) Garo hymnal

(c) Bodo prose (d) Bodo poem

Figure 2: Sample pages from the CoRSAL dataset illustrating genre and script diversity. (a) A Garo dictionary
with frequent middle dots (·) in headwords. (b) A Garo hymnal with numbered verses. (c) Dense Bodo prose with
complex Devanagari conjuncts which are uncommon in Hindi. (d) A Bodo poem with numbered stanzas and the ♦
section divider. 130



System Output
Gold A·DING-A·KONG/A·CHU
TESS A”DING-A’KONG/A’CHU
GV A’DING-A KONG/A CHU
GEMINI A·DING-A·KONG/A·CHU
QWEN A·DING-A·KONG/A·CHU

Table 3: System outputs for a Garo dictionary headword
containing three middle dots (·). TESS and GV substi-
tute apostrophes, spaces, or double-apostrophes; both
VLMs correctly preserve the character.

āijo soloṁthāyni gonāṁthi as āijo soloṁthāyni
gonaṁsthī, hallucinating a conjunct cluster (sth)
where a simple aspirated stop (th) appears in the
source. This pattern recurs throughout the Bodo
data: QWEN confuses aspirated stops with conjunct
clusters, drops vowel signs (e.g., omitting the ā ma-
tra), and substitutes visually similar characters—all
consistent with Hindi-centric priors overriding the
visual signal. We also observed Bangla and Gur-
mukhi characters appearing in otherwise Devana-
gari text, suggesting script confusion in the visual
encoder. GEMINI handles Devanagari conjuncts
and Bodo-specific characters more reliably, consis-
tent with its lower CER on this dataset. GV also
performs well on Devanagari, preserving conjuncts
and vowel signs accurately, though it occasionally
replaces the danda (the Devanagari full stop char-
acter which looks like a vertical line) with a pipe
character.

Layout and reading order. Several Garo docu-
ments are multi-column newspaper pages (cf. Fig-
ure 1). Table 4 shows the first three lines of each
system’s output on this page. GEMINI and QWEN

correctly identify the masthead as a header region
and transcribe it before the column text, while
TESS skips it entirely and jumps into a column mid-
page, and GV partially recovers the masthead but
omits details. On AILLA, where some documents
use interlinear glossing with multiple aligned tiers
(source language, morpheme breakdown, grammat-
ical gloss, free translation), GEMINI best preserves
the multi-tier structure and the grouping of num-
bered examples with their glosses. TESS tends to
read line numbers as a block first and then the text
content separately, completely disconnecting ex-
amples from their annotations, while GV partially
interleaves tiers from different examples.

VLM-specific failure modes. VLMs exhibit fail-
ure modes absent from traditional OCR systems.
GEMINI occasionally injects markdown format-

System First three lines
Gold ACHIK SONGBAD / (Weekly) /

Editor: N. M. Marak.
TESS Vol. IV jy / / BRITISH ARO

RUSSIA RIPENG
GV ACHIK SONGBAD / Editor: N. M.

Marak. / Vol. IV ]
GEMINI ACHIK SONGBAD / (Weekly) /

Ondimani:
QWEN ACHIK SONGBAD / (Weekly) /

Editor: N. M. Marak.

Table 4: First three lines of output for the multi-column
Garo newspaper page in Figure 1. TESS skips the mast-
head and begins mid-column; GV partially recovers it;
both VLMs correctly identify and transcribe the header
first.

ting (**bold**) when it encounters visually em-
phasized text such as dictionary headwords, inflat-
ing CER with characters that do not appear on
the page. On the AILLA Kaqchikel dictionary,
we observed over 40 spurious markdown mark-
ers in a single page. Both VLMs with minimal
prompts sometimes produce extremely poor output
(e.g., QWEN MIN on Bodo: 51.1% CER), likely
reflecting cases where the model fails to recognize
the task as transcription without more elaborate
instructions. QWEN also occasionally inserts char-
acters from the wrong script—we observed Turkish
dotless-i and Cyrillic characters in Garo Latin text,
likely an artifact of the multilingual training data.
These failure modes are largely eliminated by the
detailed prompts, underscoring the importance of
prompt design.

6 Conclusion

Our results demonstrate that VLMs are effective
for performing OCR for language archive materi-
als in zero-shot settings, and identify good prompt
design as an important criterion for success when
using these models. A generic detailed prompt
that specifies exact transcription, diacritic preserva-
tion, and layout handling captures most of the gain
over a minimal prompt; language-specific informa-
tion (e.g., the Garo middle dot or AILLA glottal
stop conventions) provides further improvement on
some datasets but not all.

The open-weight QWEN model nearly matches
the frontier GEMINI on Latin-script data (Garo
CER 5.0% vs. 4.6%; AILLA 19.9% vs. 19.6%), but
lags on Devanagari (Bodo CER 11.2% vs. 2.2%).
This gap likely reflects differences in Devanagari
representation in training data, and we expect it to
narrow as open-weight models continue to improve.
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Nevertheless, the strong Latin-script results demon-
strate that competitive zero-shot OCR is achievable
on consumer hardware without reliance on com-
mercial APIs.

From a practical standpoint, transcriptions with
WER below approximately 10% may be usable for
many purposes by language archive users with only
light manual correction, while higher error rates
(as seen on the AILLA data) could still reduce
the effort required compared to transcribing from
scratch.

Based on our findings, we offer the following
practical guidance for researchers and archivists
seeking to digitize endangered language materials:

1. Always use a detailed prompt. A generic
prompt specifying exact transcription, dia-
critic preservation, and layout handling pro-
vides most of the benefit over a minimal
prompt and requires no language-specific
knowledge.

2. Add language-specific information with
care. Providing the language name and or-
thographic details can further improve results
(as seen on Garo and AILLA), but overly spe-
cific instructions may cause hypercorrection
(as with Gemini over-generating the Garo mid-
dle dot). Test on a small sample before com-
mitting to a language-specific prompt.

3. For Latin-script languages, small open-
weight models are competitive. QWEN

running locally on a single consumer GPU
achieved results within 1 percentage point
of GEMINI on both Garo and AILLA. This
avoids sending potentially sensitive archival
materials to external APIs.

4. For Devanagari and non-Latin scripts, com-
mercial APIs seem to lead. In our exper-
iments, GEMINI substantially outperformed
QWEN on Bodo, and GV also performed well.
While we have not comprehensively surveyed
all VLMs and OCR systems, we suppose that
researchers working with non-Latin scripts
ought to expect weaker open-weight model
performance.

Our work has three limitations that we also iden-
tify as areas for future work. First, VLM output
could be further enhanced by other components
in a processing pipeline, such as post-correction
or image segmentation. We note that VLM-based
OCR and post-correction are complementary: a

higher-quality first-pass transcription from a VLM
should reduce the annotation burden required to
train a post-correction model. Future work could
also investigate the effect of document segmenta-
tion as a preprocessing step.

Second, the CoRSAL dataset covers only two
languages; extending it to additional languages and
scripts is a priority for future work. We are cur-
rently engaged in annotating more data for Bodo
and Garo, to be released in future versions.

Third, we have limited our work to “well-
behaved” textual genres. Language archives of-
ten also have more unusual textual material pro-
duced by linguists, such as handwritten sketches
of vowel charts or fragmentary grammatical hy-
potheses. These may also be rewarding to digitize,
though given that they are presumably much more
difficult to process well than printed materials, we
have left them out of scope for the present work.

In summary, we release a new OCR evaluation
dataset for two endangered South Asian languages
and show that vision language models, when appro-
priately prompted, provide a strong zero-shot base-
line for digitizing endangered language archives.
In future work, we plan to use the methods we have
outlined here to improve CoRSAL’s own OCR-
derived transcriptions, and to further expand the
CoRSAL-OCR dataset.

Limitations

Our CoRSAL dataset covers only two languages
(Bodo and Garo) across two scripts (Devanagari
and Latin). While the inclusion of the 8-language
AILLA benchmark broadens coverage, our results
may not generalize to all scripts, document types,
or archival conditions. The dataset is also relatively
small (207 pages), and languages have uneven rep-
resentation: Garo has 154 pages while Bodo has
53.

Our evaluation relies entirely on automatic met-
rics (CER and WER). These do not capture all
dimensions of transcription quality that matter for
downstream use, such as preservation of document
structure or handling of non-textual elements. We
also do not evaluate the effect of document segmen-
tation, which may improve results for multi-column
layouts.

VLM performance is sensitive to prompt design,
and we explore only three prompt conditions. Dif-
ferent prompt formulations or few-shot examples
could yield different results. Additionally, VLM

132



outputs are not fully deterministic, and we do not
report variance across multiple runs.

Ethical Considerations

The archival materials used in this work are drawn
from publicly accessible digital archives (CoRSAL
and AILLA) that are maintained by institutional
repositories with established access and use poli-
cies. Our native speaker annotators were fairly
compensated for their work.

We note that digitizing endangered language ma-
terials raises ethical considerations around data
sovereignty and community consent. The materials
we have drawn from CoRSAL were already pub-
licly archived, and we have affirmed with our con-
tacts who maintain CoRSAL that these languages’
respective community members do not object to our
use of these materials for the purposes described in
this work.
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With norm. Without
Bodo (E vs. M) 0.8% 1.0%
Garo (B vs. Q) 1.7% 1.8%

Table 5: Inter-annotator CER (%) on 12 double-
annotated pages per language, with and without punctu-
ation spacing normalization.

Table 5 reports inter-annotator agreement as micro-
averaged CER, both with and without our punctua-
tion spacing normalization (§C).
Agreement is high for both languages. The punc-
tuation normalization has a larger effect on Bodo
(reducing disagreement by 17%), consistent with
the fact that annotators differed on spacing before
the Devanagari danda. The effect on Garo is mini-
mal, as expected.

B Per-Language AILLA Results

Performance varies substantially across languages,
with best-system CER ranging from 3.8% (Mixe)
to 55.4% (Cusco Quechua, quch). With detailed
prompts, both VLMs match or outperform GV on
most languages, with the largest gains on Mam
(32.4% vs. 38.7%) and Kaqchikel (5.2% vs. 9.9%).
Notably, GV achieves the best result on Mixe
(3.8%) and TESS on South Bolivian Quechua
(14.8%), indicating that traditional systems can
still be competitive on individual languages even
when VLMs lead in aggregate.

C Evaluation Details

Before computing CER and WER, both the system
output and the gold-standard reference are passed
through the following normalization pipeline, ap-
plied in order:

1. Unicode normalization. Both texts are con-
verted to NFD (Canonical Decomposition)
form. This ensures that characters with equiv-
alent representations (e.g., a precomposed ac-
cented character vs. a base character followed
by a combining accent) are compared consis-
tently.

2. Quote normalization. Directionally-oriented
quotation marks are replaced with their
straight ASCII equivalents, as OCR systems
vary in which form they produce.

3. Punctuation spacing. Whitespace im-
mediately preceding punctuation marks

(. , ; : ? ! and the Devanagari danda,
U+0964) is removed. This normalization is
motivated by observed disagreements between
human annotators on whether to place a space
before sentence-final punctuation, particularly
the danda. Without this step, such formatting
differences would inflate both CER and WER.

4. Whitespace collapsing. Newlines are re-
placed with spaces, and runs of multiple
whitespace characters are collapsed to a sin-
gle space. Leading and trailing whitespace is
stripped.

CER is then computed as CER = Lev(p, g)/|g|,
where Lev(p, g) is the character-level Levenshtein
distance between the preprocessed prediction p and
gold g, and |g| is the character length of g. WER
is computed analogously at the word level: both
texts are split on whitespace, and the word-level
edit distance is normalized by the number of words
in g.

We report micro-averaged metrics throughout.
For a dataset of n documents, micro-averaged CER
is

∑n
i=1 Lev(pi, gi) /

∑n
i=1 |gi|, so that longer

documents contribute proportionally more to the
aggregate.

D Annotation Guidelines

Annotators were given the following instructions:

• Faithfully represent line breaks with newlines
within paragraphs.

• Use a double newline to separate sections
which are not part of the same typographi-
cal unit (e.g., page header, body text, page
number).

• Include all text on the page, including page
numbers, headers, and other marginal text.

• Use a standard reading order (top-down, left-
to-right) to determine how to order different
typographical units within the linear transcrip-
tion.

• Write exactly the text that appears on the page,
making no corrections during transcription.

E Decoding Parameters

GEMINI was accessed via the Google Gemini API
using default parameters. QWEN was served lo-
cally using llama.cpp with the following param-
eters: 5-bit quantization (Q5_K_M), temperature
0.95, top-p 0.95, top-k 20, context size 8192 tokens
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Traditional Gemini Qwen
Language N TESS GV MIN GEN LANG MIN GEN LANG
Kaqchikel 40 9.1 9.9 25.1 5.2 5.5 22.9 6.2 6.1
Mam 47 37.6 38.7 53.4 32.6 32.4 42.3 33.1 34.2
Miskitu 50 30.1 32.6 37.4 28.4 28.4 33.6 28.0 28.1
Mixe 40 7.3 3.8 23.5 5.6 5.6 26.8 4.2 3.9
Quechua (quch) 17 57.1 66.3 56.8 55.9 55.9 72.7 55.4 55.5
Quechua (quh) 50 14.8 16.0 19.9 16.4 15.9 25.1 16.3 15.9
Tzeltal 13 86.8 30.2 32.4 29.0 29.1 35.7 29.8 30.1
Zoque 39 10.0 8.5 9.6 9.2 9.2 10.5 29.2 10.0
Macro avg. 31.6 25.8 32.1 22.7 22.8 33.7 25.3 23.0

Table 6: Per-language CER (%) on the AILLA benchmark, with macro-averaged means across languages. N =
number of pages. Bold = best system per language (or per row for Avg.). The LANG prompt for AILLA describes
the corpus as a whole (mentioning glottal stops, ejectives, and mixed Spanish/English content) rather than individual
languages.

per slot, and a maximum of 4096 generation tokens
per request.

F Prompts

We evaluate three prompt conditions for each
VLM. The MIN (minimal) prompt and the first
two paragraphs of the GEN (generic detailed)
prompt are shared across all datasets. The LANG

(language-specific) prompts extend GEN with a
corpus-specific paragraph.

F.1 Minimal (MIN)
Transcribe the text in this image.

F.2 Generic Detailed (GEN)
Transcribe all text in this image exactly as written.
Preserve the original spelling, punctuation, and
diacritics. Do not correct, translate, or omit any
text. If a character is ambiguous, transcribe your
best interpretation. Output only the transcribed
text with no commentary.

If the document has multiple columns, transcribe
in reading order: left to right, top to bottom within
each column. Include all headers, page numbers,
and titles. Skip photographs or illustrations but
continue transcribing surrounding text.

F.3 Language-Specific (LANG)
Each language-specific prompt consists of the GEN

prompt above followed by one of the following
paragraphs.

Garo.
This text is written in Garo, a Sino-Tibetan lan-
guage spoken in North-East India. It uses a Latin-
based script. The most important special character
is a dot used as a letter, which appears frequently
(in approximately 10% of all words). It should be
transcribed as the Unicode middle dot (·). This
dot may appear at the bottom, middle, or top of
the line and may resemble a full stop, but full
stops only appear at sentence ends. Some docu-
ments may also contain English text; transcribe it
exactly as written.

Bodo.

This text is written in Bodo, a Sino-Tibetan lan-
guage spoken in Assam, India. It uses the De-
vanagari script with complex conjunct characters
and agglutinative suffixes—every character and
vowel sign (matra) must be accurate. Documents
may contain English words or phrases mixed in;
transcribe these exactly as written. Preserve any
special symbols used as section dividers (such as
♦5 or *).

AILLA.

This text is from a linguistic archive of Indigenous
languages of Latin America (including Mayan
languages, Quechua, Miskitu, and Zoque). Key
features to preserve: glottal stops may be written
as an apostrophe (‘), the numeral 7, or an accent
mark—transcribe exactly as shown. Ejective con-
sonants are marked with an apostrophe after the
consonant (t’, k’, b’, q’)—the apostrophe is part
of the letter, not punctuation. Documents often
contain Spanish or English translations and lin-
guistic annotations alongside the Indigenous text.
Transcribe all of it. Preserve any metadata mark-
ers, line numbers, and annotation codes exactly
as they appear.

5The actual symbol used in Bodo documents is U+25C8
(white diamond containing black small diamond), rendered
here as ♦ for compatibility with pdfLaTeX.
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