


Figure 3: Screenshot of the final-reviewing page (i.e. third check) of manual input tasks.

Each batch is assigned to a specific transcription team. The ‘manual team’ (‘Team A’ in Figure
2) consists of four TNI monks who are given ‘manual input’ batches to transcribe manually. The
‘correction’ batches undergo a different process. These are first transcribed automatically using the
Tibetan ume models created by the TibSchol project in Vienna,6 which are available through the
Transkribus platform [7].7 Although the Ground Truth that formed the basis of these HTR models
also consists of Tibetan ume texts, the quality of the images used are generally better and the
handwriting is much clearer and more regular than our collections.8 Consequently, the resulting
transcriptions contain a high number of errors (over 60% on average), which require extensive
manual correction. The output from the TibSchol HTR model is uploaded alongside the images
from the ‘correction’ batches, which is then corrected by the ‘correction team’ (‘Team B’ in Figure
2), consisting of four TNI monks. The transcriptions produced by both teams then undergo two
rounds of review: firstly by the TNI team leaders, and then a final review by the internal HTR
team.

To help both teams create diplomatic transcriptions, the internal team prepared a transcription
manual [11] and cheat sheet [8] with examples of the most challenging cases, e.g. Chinese or
other non-Tibetan characters and symbols (see. Figure 4). Creating these guidelines for purely
diplomatic transcriptions was essential due to the difficult nature of the source material and the
general tendencies of the TNI monks to ‘interpret’ and therefore normalise the text by adding
expanded forms and fixing spellings. While Normalisation is eventually essential for downstream
NLP tasks (see Section 3 below), the haphazard nature of ‘corrections’ at this stage poses issues.

For example, any form of Normalisation brings the transcription further away from the original
manuscript text. This creates issues for training new HTR models as the transcriptions no longer
directly correspond to the images. If abbreviations were consistent this would not be a problem,
but there is major variation in scribal conventions across these collections. Losing this variation
essentially means losing philological features that can help us try to establish the date and place
6 The Dawn of Tibetan Scholasticism (11th–13thc.) (H2020-Cog-101001002) https://cordis.europa.eu/
project/id/101001002/reporting. The HTR models trained by the TibSchol project were the only ones avail-
able in January 2024. Since then, the BDRC has developed an OCR app that includes ume models. For a discussion of
this app and its suitability for the manuscripts presented here, see [13].
7 www.transkribus.org
8 Samples of the images from the TibSchol Ground Truth can be found in [10] and [7].
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of origin of the individual texts, which will be of crucial importance for establishing how Pagan
traditions were connected and possibly spread to different parts of Tibet and its borderlands. We
therefore first focus on diplomatic transcriptions that resemble the original manuscripts as accu-
rately as possible.

2.2 HTR training & results

All transcriptions are triple-checked (by two TNI monks and one internal expert) to ensure high-
quality data that will be used as Ground Truth for training HTR models. These enhanced checks
slow down the process, but the difficulty of the source material requires this: after only one or two
checks, 10-15% of errors typically remained. If such a high error rate is embedded in the Ground
Truth, the overall accuracies drop to the extent that models become unusable for transcribing new
images.

Since the Ground Truth used for the TibSchol HTR ume models differs from our collections,9
we incrementally trained new models - using the Transkribus platform - based on 490, 900, and
1200 triple-checked pages from our collections.10 Each iteration contained a wide variety of train-
ing data from collections found in Dolpo and Mustang in Nepal, as well as along the Sino-Tibetan
borderlands, representing different image quality, scribal practices, and orthographic conventions
(if any). Because of the diversity of these training sets, the resulting models perform much better
on our diverse collections than the TibSchol HTR models.11 Testing on two randomly selected
texts that were not part of the Ground Truth, the Tibschol HTR model has an average error rate of
59.79%,12 whereas the new models trained on 490 and 900 pages already show an improvement
with error rates of 23.45% and 12.74% respectively [8]. Because of this, later ‘correction’ batches
for the external HTR team were processed with these newer models to improve the overall results.
After completing 2,000 pages, the ‘manual input’ team was switched to correction tasks, resulting
in the creation of c. 30,000 pages of double-checked data in one year.

Character Error Rates (CER) on validation sets (we reserve 10% of the overall triple-checked
data for validation) still show variation (5-10%), indicating that addingmore Ground Truth remains
worthwhile given the diversity of scribal practices across the collections.13 We therefore estimate
that with approximately 2,500 pages of triple-checked training data, the HTR model should per-
form well enough to process all remaining images in the collections and produce diplomatic tran-
scriptions that preserve crucial philological variation. The following section discusses how these
diplomatic transcriptions can be converted into searchable texts suitable for Information Extraction
and Text Classification.

3 Normalisation & Segmentation
As mentioned in Section 2, these collections are written in a challenging form of Tibetan that
exhibits a variety of complex features not found in standard Classical Tibetan texts. While the
diplomatic transcriptions are crucial for the preservation of philological and linguistic variation,
9 The TibSchol models were trained on c. 500 pages of ume script from a corpus of Tibetan Buddhist scholastic liter-
ature written between the 11th and 14th centuries. Most of the images are black-and-white scans. Transcriptions are
diplomatic - although most punctuation is omitted or simplified - and use theWylie transliteration system [17] in Roman
script [10].
10 Two of these models have already been made publicly available on Transkribus: ‘PaganTibet Ume 1’ (Transkribus
ID: 131553) and ‘PaganTibet Ume 2’ (Transkribus ID: 193821). The Ground Truth is deposited on Zenodo [9].
11 The TibScholmodels produce output inWylie transliteration, which poses accessibility challenges for our downstream
applications. Because we chose to produce transcriptions in Tibetan Unicode, the TibSchol models could not serve as a
base model.
12 We used the model ‘Tibetan Cursive (Drutsa)’ (Transkribus ID: 176765), as its script style better corresponds to our
manuscript material than ‘Tibetan Cursive (Betsug)’ (Transkribus ID: 54935).
13 See [13] for a breakdown and analysis of HTR results.
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they are not directly suitable for creating annotated corpora or any other downstream NLP tasks.
In order to annotate the texts, the raw transcriptions need further preprocessing in the form of
Normalisation and Word Segmentation before they can be analysed as searchable eTexts.

3.1 Normalisation

Previous work on Normalisation of Tibetan has largely focused on converting Old Tibetan into a
more standardised form of Classical / Written Tibetan [6]. Although this provides a useful starting
point for handling certain archaic orthographical features, the Normalisation required for our diplo-
matic transcriptions is considerably more extensive, including splitting contracted forms, recognis-
ing and converting non-Tibetan characters, decoding abbreviations, and converting dialect features.
Examples of these challenging features are shown in Figure 4.

We therefore use an existing preprocessing script as a starting point [5],14 but have extended it
in two key ways.15 First, we expanded the set of standardisation rules to address the non-standard
forms described above. Second, we built a preliminary abbreviation dictionary to enable the au-
tomatic expansion of contracted forms. These initial extensions, however, do not yet compre-
hensively cover all complex cases in the collections. To expand our dictionary and build on the
existing preprocessing script, we use a collaborative workflow similar to that discussed in Sec-
tion 2. Esukhia has also developed a custom-made tool to identify and normalise textual variants,
shown in Figure 5, as well as a ‘Dictionary Correction’ tool that allows expansions to be checked
in context before they are added to the growing abbreviation dictionary.

Figure 4: Examples of challenging cases of Normalisation.

After this manual correction stage, we apply a postprocessing script to resolve any remaining re-
curring issues, such as non-standard or double punctuation marks. The normalised text is then
compared with the diplomatic version to identify new cases that can be added to the Normalisation
rules and abbreviation dictionary. In this semi-supervised workflow, part of the corpus is manually
checked twice, and the rest is processed automatically using optimised Normalisation rules.

3.2 Segmentation

Since there are no word boundaries in the Tibetan script, Tokenisation is not a trivial task. Nor-
malisation opens up the opportunity to use existing Segmentation tools originally developed for
Classical Written Tibetan. We therefore use an existing segmenter [12], which reports a high level
of accuracy (99%) and is freely available and easy to use.16 An additional advantage of using this
script is the ability to extend its output beyond Word Segmentation to include Sentence Segmen-
tation and detailed morphosyntactic annotation. Both of these are valuable for further NLP tasks,
which we turn to in the next section.
14 https://github.com/lothelanor/actib/blob/main/preprocessing.py
15 Scripts developed for the HTR-to-Text Classification workflow are being made available at www.github.com/
pagantibet
16 https://github.com/lothelanor/actib
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