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Abstract 

his article presents a comprehensive workflow for creating
searchable eTexts from complex manuscript collections, using
the PaganTibet corpus - made up of over 100,000 manuscript 

pages - as a case study. The corpus presents multiple challenges in-
cluding its size, diverse handwritten styles (umé), and extensive use of 
abbreviations. We outline a collaborative approach integrating careful 
planning, multiple rounds of quality control, AI-enhanced Handwrit-
ten Text Recognition (HTR) technology, and iterative error analysis. 
Comparing HTR model performance on challenging test sets, we 
demonstrate that models trained on carefully curated, diverse training 
data significantly outperform those trained on larger but more homo-
geneous datasets. Moreover, our analysis shows that while conven-
tional evaluation metrics such as Character Error Rates (CERs) are use-
ful benchmarks, they do not always reflect the practical performance 
of HTR models.1 

1. Introduction

In the last few decades, large collections of Tibetan manuscripts have 
come to light in remote parts of the Sino-Tibetan borderlands, which 
Tibetan media in China reported to date from the Tibetan imperial pe-
riod. The publications of facsimiles based on these manuscript caches 

1 The research for this article is partly funded by the ERC Advanced Grant “Recon-
structing the Pagan Religion of Tibet (PaganTibet)”, project 101097364. Views and 
opinions expressed are those of the authors and do not necessarily reflect those of 
the European Union or the European Research Council Executive Agency. Neither 
the European Union nor the granting authority can be held responsible for them. 
We would like to express our gratitude to the journal editors, the internal PaganTi-
bet project members, our collaborators at the BDRC and Esukhia, and especially 
our annotators at Triten Norbutse Institute in Kathmandu: Sherab Chokgyal (Team 
Leader), Tsewang Drukgyal, Tsultrim Gyaltsen (Team Leader), Tsognyi Gyatso, 
Tritsuk Lhundup, Tsultrim Palsang, Palgyi Wangchuk, Tsukphud Rabsal, Tsu-
gphud Woeser, and Sherap Woser. 
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found in private houses are now generally referred to as the “Leu col-
lections”2 after Ngawang Gyatso’s 2005 article on a local tradition of 
lay priests called leu (le’u) in the Minshan mountain range (on the bor-
der of Gansu and Sichuan, China).3 As Berounský & Ramble (2026) dis-
cuss, these Leu collections present a mixture of texts, some referring to 
Buddhist and Yungdrung Bön religious practices, myths and rituals. 
Many, however, appear to describe autochthonous traditions prior to 
the advent of Buddhism and the varieties of indigenous Bön, which 
we, following Ramble (1998), refer to as “Pagan”.4 Apart from the well-
known Dunhuang5 and Gathang6 texts, there are no written records of 
pre-Buddhist times. The topics of the rituals and the codicological fea-
tures in the Leu texts are also found in some of the Dunhuang and 
Gathang texts, as well as in another recently discovered collection of 
ritual texts of the Baima who live in Pingwu, Songpan (Tib. Zung chu), 
Jiuzhaigou (Tib. Gzi rtsa sde dgu) in Sichuan, and in the counties of 
Wenxian and Zhouqu (Tib. ’Brug chu) in Gansu, China.7 In addition to 
this, one of the “portals”8 of Yungdrung Bön texts is a repository of 
similar Pagan myths and rituals known as Black Water (chab nag), 
which are also found in compendia of ritual texts used by Bönpo vil-
lage lamas in Mustang and Dolpo (Nepal).  

The newly discovered Leu collections, containing at least 35,000 fo-
lios, combined with the relevant Baima, Dunhuang, Gathang and 
Black Water texts, comprise a growing corpus that to date contains 
>100,000 pages. These collections, which we will henceforth refer to as 
the “PaganTibet corpus” offer great potential for historical, anthropo-
logical, religious as well as philological and linguistic research for the 
time period. Berounský & Ramble (2026), however, list a number of 
reasons why researchers have not tapped into this rich resource yet, 
including the lack of searchable transcriptions (i.e. eTexts), the idio-
syncratic and wide variety of forms of the umé (dbu med) scripts in 
which they are written, the highly irregular orthography and abun-
dant use of contracted forms as well as unusual symbols,  together 
with  the lack of dictionaries and other resources for the specialist 
terms and unfamiliar narrative types and structures.   

 
2  The published facsimiles are generally referred to as “Leu 2011-30”, “Leu 2013-60”, 

“Leu 2016-10”, and “Leu 2024-100” following the year of publication and the num-
ber of volumes in the collections. Further publications are currently still in prepa-
ration. 

3  See Ngawang Gyatso (2005). 
4  Ramble (1998:124) provides further justification for the use of the term “Pagan”. 
5  See https://idp.bl.uk/about/projects/tibetan-manuscripts/.  
6  See dGa’ thang ’bum pa nas bon gyi gna’ dpe (2007). 
7  See La Xian (2022). 
8  For an overview of the eclectic nature of the Bön religions, see, among others, 

Snellgrove (1967:13); Karmay (1998 [1975]:119) and Kværne (1995:19). 
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In this article, we first introduce a comprehensive, AI-enhanced 
workflow for creating searchable eTexts for challenging collections 
like the written9 PaganTibet corpus that can form a blueprint for other 
large manuscript projects (Section 2.1). We then discuss specific issues 
of data collection and curation (Section 2.2) as well as codicological 
and palaeographical challenges (Section 2.3). Following this, we pre-
sent the results of our Handwritten Text Recognition (HTR) models in 
Section 3, with an in-depth error analysis of a selection of Leu texts 
comparing the PaganTibet models to other available options. In Sec-
tion 4 we summarise our findings with lessons learnt and concrete sug-
gestions for future research. 

 
2. Challenges for Large and Complex Text Collections 

 
In this section we address the major challenges that large amounts of 
difficult text collections present, drawing on our experience of work-
ing with the PaganTibet corpus. We first deal with the size, suggesting 
a collaborative workflow, before diving into specific issues with data 
collection and curation as well as palaeographical and codicological 
challenges. 
 

2.1 Issues with Large Collections 

The most obvious challenge of dealing with large amounts of manu-
scripts lies in the practical difficulties of transcribing the texts, either 
directly or from images. Even highly skilled and experienced philolo-
gists need time to manually transcribe dozens, if not hundreds or thou-
sands of folios, which is impossible, especially within a time-sensitive 
project. Meelen et al. (2024) explain why well-known automated solu-
tions, in particular Optical Character Recognition (OCR), are not suit-
able for Tibetan umé due to the handwritten text, which presents liga-
tures as well as connecting and overlapping characters (unlike, for ex-
ample, typed Latin or Tibetan Unicode scripts, that feature white space 
between characters). Instead, Griffiths (2024) presents a method for 
digitising Tibetan umé line by line using an HTR model.10 HTR models 
are deep neural networks (i.e. “AI systems”) that learn how to tran-
scribe handwritten text by training on examples of images paired with 

 
9  In addition to written texts, within the PaganTibet project we also deal with audio-

visual data in the form of ritual videos and interviews with Leu and Baima priests. 
These audio-visual collections are part of the broader PaganTibet corpus, but this 
article only deals with the written component. For workflows and tools on how to 
transcribe audio-visual data, see Chirkova et al. (2025). 

10  HTR models can also be trained to automatically transcribe handwritten uchen 
(dbu can), see Werner & Viehbeck (2025), and printed uchen, see Erhard (2025).  
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their correct transcriptions called “Ground Truth”. Through this train-
ing, HTR models learn statistical patterns of computer vision (i.e. 
dark/light/coloured pixels) that enable them to map visual features 
(i.e. handwritten letters/words/lines) to corresponding text se-
quences. Once the models are trained, they can process new ‘unseen’ 
batches of images at scale to reduce the time spent on creating tran-
scriptions. HTR models only work if the text regions and baselines can 
be identified automatically as well. In order to recognise where the rel-
evant material is, so-called “Layout Recognition” or “Layout Analy-
sis” models have to be applied or trained first so that they can inform 
the HTR model where to ‘look’ for text to transcribe (see Fig. 1). 

 
Fig. 1 — Transkribus model prediction with a text region (in green) and baselines (in blue). Folio taken 

from https://kalpa-bon.com/texts/sri/sri-mnan-khyad-par-can. 
 
However, large manuscript collections - especially disparate collec-
tions - present challenges that extend beyond the technical aspects of 
utilising both HTR and Layout Analysis models. The scale of the Pa-
ganTibet corpus creates several interconnected issues. 

First, producing sufficient Ground Truth (i.e. accurate transcrip-
tions used to train HTR models, also called “Gold Standard” or simply 
referred to as “training data”) becomes a major bottleneck. Manual 
transcription and the necessary checking of even a small percentage of 
the PaganTibet corpus requires substantial resources and time. This is 
particularly challenging when the texts demand specialist expertise, 
where the pool of capable transcribers is limited. Moreover, ensuring 
the manuscripts used for Ground Truth best captures the diversity of 
scripts and breadth of complex features within the corpus presents an 
additional challenge. Second, maintaining consistency across such a 
large corpus is difficult. Due to the aims of the project, the eTexts pro-
duced by HTR will be diplomatic, i.e. as faithful as possible to the man-
uscripts, to facilitate in-depth philological, linguistics and comparative 
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research.11 As such, the workflow necessitates the ongoing identifica-
tion and documentation of complex cases, such as abbreviated forms 
and instances affected by Unicode limitations (discussed in Section 
2.3), and the development of consistent conventions for their represen-
tation. Third, the PaganTibet corpus exhibits substantial internal vari-
ation. Different script hands, states of preservation, and image quality 
mean that an HTR model may perform well on some materials while 
failing on others. Consistent monitoring of model performance 
through qualitative analysis is therefore essential for ensuring the 
model is as robust as possible.  

To address these challenges, we implemented a collaborative work-
flow. This workflow integrates three key partners: the internal Pa-
ganTibet team, partner organisations specialising in digital preserva-
tion and language technology (BDRC and Esukhia), and specialist an-
notators at the Triten Norbutse Institute (TNI), Kathmandu. The inter-
nal team handles image selection, model training, and final quality 
control. Partner organisations provide platform development, data 
management, and open access repository services. The annotation 
team is divided into two groups: one conducting manual transcription 
to create initial Ground Truth, and another correcting automated HTR 
output.12 

The workflow uses a tiered quality control system with three levels 
of review. This proved essential, with the final review stage identify-
ing as many as 10-15% of errors remaining. However, even after this 
triple-check process, small errors were found in the training data. Dur-
ing model training, Transkribus displays the model's predictions 
alongside the Ground Truth, and in some cases the model's output was 
correct while the Ground Truth still contained errors (see Fig. 2). Lo-
cating and correcting these errors meant that approximately 10% of the 
training data underwent a fourth review and correction round. This 
highlights the importance of continuously checking training data qual-
ity, as even rigorous multi-stage review processes cannot catch all er-
rors. We will return to this issue when discussing the results in Section 
3 below. 

 
11  HTR models can, to an extent, be trained to produce normalised eTexts, but it de-

pends on the extent of abbreviations, spelling variations etc. and the amount of 
Ground Truth available - see the Transkribus website for more on this: 
https://help.transkribus.org/data-preparation.  
Normalised versions of the transcriptions, which standardise spelling variations, 
expand abbreviations etc. to create consistent, searchable texts, are currently in de-
velopment. For more information, see Griffiths & Meelen (2025b) and Meelen & 
Griffiths (2026). 

12  For a detailed discussion of workflow implementation, training procedures, and     
platform usability testing, see Meelen & Griffiths (2025b). 
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Fig. 2 — The ‘incorrect’ model prediction (in red) alongside the ‘correct’ Ground Truth (in green). The 

model has accurately transcribed ཝེར (wer), which appears as ཞེར (zher) in the Ground Truth.   
 

Beyond quality control, the workflow's efficiency depended on appro-
priate technological infrastructure. The use of PechaTools,13 a platform 
developed by Esukhia specifically for Tibetan transcription and re-
lated tasks in digital humanities, facilitated coordination through inte-
grated features including task assignment, error highlighting (allow-
ing reviewers to mark mistakes in red for annotators to learn from), 
and a built-in dictionary of diplomatic rendering conventions. Regular 
updates to transcription manuals and training materials14 addressed 
recurring issues with complex cases.  

To test the robustness of our workflow and training materials, we 
conducted an inter-annotator agreement (IAA) pilot analysis on a 
small sample of 185 lines drawn randomly from different texts across 
the corpus to compare how annotators transcribed these lines. Results 
showed strong agreement overall, and will be discussed in more detail 
in Section 3 below. The IAA and review stages were also useful for 
identifying recurring transcription errors and inconsistencies, for ex-
ample the use of the anunāsika ◌ྃ (U+0F84), which is not part of our 
transcription standards, instead of the anusvāra ◌ཾ (U+0F7E). To address 
these issues, we developed a postprocessing script that applies rule-
based corrections to our transcriptions.15 Corrected transcriptions were 
then incorporated back into the Ground Truth before model retraining, 
creating an iterative feedback loop that progressively reduces errors 
and improves future models.  

Ground Truth data (triple-checked transcriptions) was exported 
from PechaTools and uploaded to Transkribus, a web-based platform 
for training and applying HTR models, for model training.16 We chose 
Transkribus for several reasons: it is user-friendly with a web-based 

 
13  Also known as ‘BuddhistAItools’, see http://buddhistai.tools/.  
14  See the HTR manual (Meelen & Griffiths 2025a) and the HTR Cheatsheet (Griffiths 

& Meelen 2025a). 
15  See https://github.com/pagantibet/htr.  
16  See https://app.transkribus.org/. 
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interface that requires no technical setup or server access, and it al-
ready hosts publicly available Tibetan umé models that provided a 
useful starting point for our work.17 However, there are limitations: 
models trained on Transkribus are publicly available but can only be 
used within Transkribus itself. It is also a paid platform. While 50 free 
credits are provided monthly (sufficient to process approximately 40 
images), processing larger batches requires paid subscriptions. 

 
2.2 Issues with Data Collection and Curation 

 
2.2.1 Issues collating existing collections 

 
Corpora are often created from a range of different existing collections 
of images. Both private collections and published facsimiles can pose 
some problems when creating a coherent corpus. As Berounský & 
Ramble (2026) point out, some of the published facsimiles of the Leu 
collections contain images of texts that are printed upside down or in 
the wrong order, i.e. starting with the end of the text working back to 
the title page later on. In other cases, longer texts are interspersed with 
single folios of other texts. This issue arises for the Leu 2011-30 collec-
tion in particular. Although the later Leu 2013-60 and Leu 2016-10 col-
lections are well-organised, there are no content catalogues for any of 
them.18 

When it comes to private collections, a major issue with uncata-
logued and undocumented sets of images is the risk of duplicates. Dig-
ital cameras often have similar file-naming conventions and when SD 
cards are changed and/or images are copied to multiple devices, iden-
tical images are often stored multiple times in different folders and/or 
photographs of different manuscript pages end up with identical 
names. When the file names are identical, these can be easily filtered  
by searching for and deleting duplicates, as well as renaming those 
that depict/contain different content. Sometimes, however, file names 
differ but the image is exactly the same. In those cases identical images 
can only be identified through software that compares and flags du-
plicate images. The most challenging cases arise when photographers 
have taken multiple pictures of the same page, for example because 
their first attempt was out of focus. If the lower-quality images are not 
immediately deleted and end up in the final collections, they can only 

 
17   The first publicly available Tibetan models on Transkribus were trained by the     

TibSchol project at the Austrian Academy of Sciences: The Dawn of Tibetan     Scho-
lasticism (11th–13thc.) (H2020-Cog-101001002), https://cordis.europa.eu/pro-
ject/id/101001002/reporting. For more on these models, see Griffiths (2024). 

18  See Griffiths & Meelen (2025b) for a workflow on creating content catalogues semi-
automatically, including a pilot case study on identifying Pagan texts. 
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be found when going through the entire collection, image by image. 
This works for small collections, but is much harder when thousands 
of images need to be checked. 

 
2.2.2 Image Quality and Technical Considerations 

 
The quality and technical specifications of manuscript images directly 
impact HTR performance. High-quality images not only produce bet-
ter recognition results but also eliminate the need for preprocessing 
stages.19 While collating batches of images for transcription, we en-
countered several challenges that drew attention to the importance of 
careful digitisation. 
      Image quality issues such as poor focus or inconsistent lighting 
substantially degrade HTR performance. Blurred text makes it difficult 
for models to distinguish individual characters, particularly when 
dealing with handwritten scripts. While some preprocessing tech-
niques can improve contrast or sharpness, these cannot fully compen-
sate for poor quality at capture. Similarly, when manuscript pages are 
photographed stacked on top of each other, underlying pages may be 
visible. This creates visual interference that can confuse Layout Anal-
ysis (i.e. marking up where text appears on an image; see Fig. 3) and 
HTR models, which may attempt to recognise text from other layers.20 
Images taken at angles rather than directly overhead can also distort 
text, particularly near page edges. Although Transkribus has optional 
advanced parameters, such as binarisation (turning an image into 
black and white to help the AI focus on key aspects of the image) and 
dewarping (correcting distortions to produce a flatter image), which 
cut out some preprocessing, these settings cannot fully remedy quality 
issues.  

 
19  Preprocessing enhances images to allow further processing - this can include        

deskewing, reducing image noise, and increasing image size and resolution. One 
example of a preprocessing script developed for Tibetan language texts is Diver-
gent Discourses Custom Image Preprocessing (Sabbagh et al. 2004), developed by 
the Divergent Discourses project https://research.uni-leipzig.de/diverge/. For 
more on the background and development of this preprocessing script, see Sab-
bagh (2025).  

20   A custom layout analysis model was trained on Transkribus to navigate issues 
such as stacked manuscript pages. The model was trained on 15,006 images 
(130,869 lines). It is publicly available: ‘Tibetan Manuscript 3’ (Transkribus model 
ID: 229409). 
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Fig. 3 — An example of stacked manuscript pages. A custom layout analysis model was developed which 
learnt to ignore the underlying pages, marking only the text region (large green box) and baselines (blue 

lines) of the top page. © Ngawang Gyatso. 
 

Image metadata presents another technical consideration. Digital im-
ages contain EXIF metadata that includes orientation information. This 
created an unexpected challenge when images photographed at a 90-
degree angle were manually rotated, but the underlying EXIF orienta-
tion data remained unchanged. When these images were uploaded to 
PechaTools, the platform automatically read the metadata and dis-
played them at the incorrect angle. Images could not be rotated within 
the PechaTools interface. Resolving this required developing a Python 
script to strip the EXIF orientation data from all affected images.21 
While implementing this solution was straightforward, identifying the 
problem and processing thousands of images added considerable time 
to the workflow. Clear digitisation protocols were subsequently estab-
lished for data collectors and curators to ensure that new images cap-
tured met consistent image quality standards to reduce downstream 
processing time and improve final HTR accuracy. 

The composition of manuscript photographs introduces an addi-
tional set of considerations. In our case, many images contain two fo-
lios per photograph, which reduces processing costs given that plat-
forms such as Transkribus typically charge per image. This approach, 
however, necessitates an extra workflow stage in which images must 
be cropped before or after HTR processing. More broadly, our experi-
ence demonstrates that decisions made at the point of capture, such as 
camera angle, image composition, and metadata handling, have cu-
mulative effects across the entire HTR pipeline. For projects working 
with large or heterogeneous manuscript collections, the establishment 
of clear digitisation standards and guidelines is essential not only for 

 
21  See https://github.com/pagantibet/htr. 
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optimising final HTR accuracy but also for ensuring workflow effi-
ciency and long-term sustainability. 

 
2.3 Palaeographical and Codicological Challenges 

 
Alongside the technical and logistical challenges discussed above, the 
PaganTibet corpus presents substantial palaeographical and codico-
logical challenges. For example, the corpus encompasses a wide range 
of umé, reflecting different styles, time periods, and scribal hands. We 
find considerable variation in grapheme formation, proportions, and 
spacing - even within a single page, where two or more scripts are used 
(see Fig. 4).  
 

 
 

 
 

 
 
Fig. 4 — Examples of folios with multiple scripts used. Taken from https://kalpa-bon.com.22 

 
22  From top to bottom: image 00205_0011r in https://kalpa-bon.com/texts/leu/bya-

rdang-srung-mkhar; image 00071_0004r in https://kalpa-
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This diversity is further illustrated in Fig. 5 through examples of ཤེང་ 
(sheng) from different manuscripts in the corpus. Although the varia-
tions may appear small, they pose a significant challenge for HTR 
models, which have to learn to recognise the same grapheme across 
multiple realisations. Insufficient representation of this diversity in 
training data leads to reduced accuracy on manuscripts whose script 
differs from the dominant forms within the Ground Truth. For this rea-
son, it can be beneficial to train separate HTR models on each hand or 
script. This approach was taken by the TibSchol project, which pro-
duced dedicated models for Drutsa (Transkribus model ID: 54525) and 
Betsug (Transkribus model ID: 54935).  
 

 
 

Fig. 5 — Examples of ཤེང་ (sheng) found in manuscripts within the PaganTibet corpus. 
 
Given the scale of the project and the fact that we continue to collect 
new materials, the full extent of script variation remains unknown. We 
therefore opted to train a single generalised model capable of handling 
the full breadth of umé varieties. This approach provides greater flex-
ibility for processing new manuscripts, but places considerably higher 
demands on the Ground Truth. The general model needs to be trained 
on significantly more data and exposed to a wide and balanced sample 
of styles to ensure reliable performance across our diverse manu-
scripts. 

This palaeographical variability is further compounded by the ex-
tensive use of abbreviations, which constitute a prominent and chal-
lenging feature of our manuscripts. Types of abbreviation vary from 
simple consonant stacking, such as གཉི.ེ -> གཉིས་.ེ (gnyiste, gnyis ste), to 
more complex forms, such as 0ཾདང -> 2གས་དམ་བ5ང་ (th+yaMdang, thugs dam 
bskang) and 6ེ7ྷདོར -> གཤེན་;་འོད་དཀར (sh+yen+hador, gshen lha 'od dkar), all of 
which need to be captured as precisely as possible in our diplomatic 
transcriptions. The PechaTools platform supported this process 
through an integrated dictionary of rendering conventions, although 

 
bon.com/texts/sri/god-sri-mnan-pa; and image D00059_0002r in https://kalpa-
bon.com/texts/mgo-gsum/mi-nag-mgo-gsum. 
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not all abbreviations were initially listed.23 The frequency of abbrevia-
tions naturally varies, with some appearing repeatedly throughout the 
corpus, such as ཐཾད (thaMd, thams cad), རིནེ (rine, rin chen), and ?ེོ (rdo+e, rdo 
rje), while others occur only occasionally, such as @ིྟར (c+tir, ci ltar), གསེརBས 
(gsereMs, gser skyems), and CཽEི (rgyu+o+on+yi, rgyu ’byor yon gyi). This 
uneven distribution means that common abbreviations are well-repre-
sented in our Ground Truth while infrequent abbreviations remain 
challenging for models to recognise, especially as there are fewer ex-
amples of these abbreviations written in different umé styles (see Fig. 
6, for example), posing additional recognition challenges. 

 

 
 

Fig. 6 — Examples of @ྟིར (c+tir), the abbreviated form of ཅི་Gར (ci ltar),  
and how it varies across manuscripts. 

 
We also find a range of symbols, some decorative and others used to 
represent particular words or concepts (see Fig. 7), which present sev-
eral difficulties. Most have no Unicode equivalent, requiring conven-
tions that approximate the symbol's visual form while remaining 
meaning-neutral. These conventions must also be simple to reproduce 
and to find on a Tibetan keyboard for consistent representation across 
transcriptions. Moreover, like abbreviations, their frequency varies, 
with some appearing more regularly than others. We continue to en-
counter new symbols as we process more manuscripts, making it dif-
ficult to anticipate the full range of forms that HTR models should be 
able to recognise. To address these issues, we introduced the symbol ྾ 
(U+0F1D)24 in our transcription conventions to mark decorative ele-
ments and instances where graphemes or symbols are unclear and/or 
have no current transcription convention. Although useful for noting 
sticking points that we can easily find and address (see below for a 
discussion on tags), this does not fully solve the issue. When an HTR 
model encounters unknown symbols in new manuscripts, it will at-
tempt to transcribe them based on visually-similar patterns from the 

 
23  We will extend this abbreviation dictionary as part of the next stage of the project’s 

workflow. For more see Griffiths & Meelen (2025b). 
24  This symbol is easily accessible to annotators as it is found on the Tibetan Monlam 

keyboard (Shift+6). This keyboard is free to download and can be installed from: 
https://monlamtech.github.io/Monlam-App-Store/.  
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Ground Truth rather than recognising them with an ྾ (i.e. as un-
known), therefore requiring manual correction. The most effective 
strategy for improving model performance on such symbols is to focus 
on the training data, making sure it captures as wide a range of exam-
ples as possible, helping the model to learn diverse visual patterns and 
reduce misrecognition. 

 

 
 

Fig. 7 — Examples of symbols found in manuscripts from Leu 2011-30,  
alongside their transcription convention and meaning. 

 
We also use ‘textual tags’ in Transkribus to mark up decorative fea-
tures (see Fig. 8), alongside unclear text, additions, deletions, and text 
written in other scripts e.g. Zhangzhung Marchung (zhang zhung smar 
chung). These tags provide structured metadata that can be exported 
for analysis and aid in the systematic documentation and examination 
of scribal practices and codicological features. Tags can be enhanced 
with attributes, additional metadata that give information about the 
content of the tag, for example a description of a decorative feature, its 
colour, and so forth. Tags also help flag data that should be excluded 
from model training. In our case, we omit lines that contain ‘unclear’ 
tags used to mark up cases where text cannot be read due to damage, 
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poor image quality etc. Filtering out what our transcribers could not 
confidently transcribe reduces potential errors being introduced dur-
ing training.  
 

 
 

Fig. 8 — An example of a decorative feature tagged in Transkribus. Each tag is represented  
with a different colour. Folio taken from Leu 2011-30, vol 22, p.34. 

 
Taken together, the issues outlined above show that our corpus poses 
challenges on multiple levels: its scale, the mixture of existing and 
newly collected materials, and the considerable palaeographical and 
codicological variation found within it. While we were able to antici-
pate and address some aspects of this complexity at the outset by de-
veloping a collaborative workflow and preparing training materials 
and manuals, an ongoing challenge has been the unpredictability in-
herent in working with a large and mostly unexplored corpus. Many 
challenges only presented themselves once the work was underway, 
requiring iterative adaptations to our approach, workflows and docu-
mentation. In the next section, we look at how our Layout Analysis 
and HTR models performed under these conditions.  
 

3. Results and In-depth Error Analysis 
 
The Layout Analysis and HTR models discussed in Section 2.1 above 
are trained to yield the best possible results when it comes to pro-
cessing new materials. Because automatically transcribing difficult 
manuscripts is a challenging task (even for humans!), the results these 
models produce are unlikely to be 100% accurate. While small text cor-
pora can accommodate minor errors because they are more amenable 
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to manual checking and correction before publication, this poses 
greater challenges  for large electronic corpora. For some HTR projects, 
a lower baseline accuracy can be mitigated with LLM-based post-pro-
cessing to normalise transcriptions and/or filter out noise. However, 
this approach is not viable for our corpus as it risks compromising dip-
lomatic accuracy, which is crucial for in-depth philological and lin-
guistic research. Instead, we focused on maintaining rigorous baseline 
standards and applying only targeted, rule-based corrections during 
post-processing. Consequently, we took the decision to exclude ap-
proximately 20,000 pages of transcriptions that were only double-
checked, as they fell short of our Ground Truth requirements.  

Whenever new models are trained, it is therefore important to be 
able to estimate how accurately they will recognise the text regions and 
lines and transcribe new images. In order to predict this accuracy, 
when training a model, a subset of images are kept ‘hidden’ (a so-
called left-out test set)25 so that once training is completed, the model’s 
results can be compared with the Ground Truth and the differences 
can be calculated. The resulting evaluation metric for Layout Analysis 
models trained in Transkribus is called Loss on Validation Set with 
lower values indicating better performance.26 We trained a custom 
Layout Analysis model, first on 7,212 pages, yielding a Loss of 4.8%. 
We then added new batches of images which had a rather different 
layout (i.e. both smaller and bigger pages, cropped in different ways, 
with added text in the margins and with more or fewer lines on one 
page). These new batches were more difficult to process, but the final 
custom Layout Analysis model (“Tibetan Manuscript 3”, Transkribus 
model ID: 229409) trained on 15,006 images (130,869 lines) still yielded 
a Loss of 5.43%. This is higher than the previous model, but because of 
the wider variety of input, this last model is better at generalising, 
which means it is likely to yield better results for new, more varied 
data, which is what the majority of the PaganTibet corpus consists of. 

For HTR models, the usual evaluation metric is called the Character 
Error Rate (CER), which gives an indication of how many characters 
are incorrectly transcribed per page; again, the lower the CER the bet-
ter. CER can also be used to calculate differences between individual 
annotators who input or correct transcriptions. To test our general 
workflow, we measured this so-called ‘Inter-Annotator Agreement’ 
(IAA) on a subset of our data transcribed and corrected by the TNI 
monks, who were responsible for the first two rounds of correction (i.e. 

 
25  Note that the Transkribus platform refers to this as the ‘validation’ set, but it is 

crucially still left out of the training set so that it can be used for evaluation, error 
analysis and calculating Character Error Rates (CERs). 

26  According to Transkribus, a loss below 10% generally indicates reliable baseline 
detection. The same rule generally applies to CER, used to evaluate HTR models. 
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before the expert internal team members conducted a third and possi-
bly fourth round of correction). The mean CER between annotators 
was 3.3% (median 2.0%), with 74.6% of lines showing a CER ≤ 5% - 
30.3% achieving a CER of 0% - indicating high consistency overall in 
transcription practice. A small number of lines (5.4%), however, had a 
CER ≥ 10%, which prompted a more in-depth  analysis of the disagree-
ment between annotators. Common inconsistencies included 
whitespace handling (~60% of all disagreements) and character stack-
ing issues; these also impacted the CER of our HTR models, addressed 
in more detail below.27 In this section we discuss the results of the HTR 
models we trained and conduct an in-depth error analysis to measure 
the automatically calculated metrics, but also to see how well the mod-
els we trained perform on new parts of the corpus that exhibit new text 
topics and forms of umé script and how they compare to other existing 
models for transcribing Tibetan umé. 
 

3.1 Automatic Evaluation Metrics for HTR Models 
 

When comparing the accuracies of models, it is important to under-
stand how much data they were given to train on, i.e. how big is the 
Ground Truth? This can be measured in pages or words, which are 
often used for HTR models developed for European languages that 
often have clearer word boundaries and images that show only one 
page. When working with Tibetan collections, however, due to the 
pothi format, one image often contains two or even three pages and 
there are no white spaces in the script to indicate word boundaries. For 
this and other reasons, calculating the number of lines a model was 
trained on can be a good alternative. In this section we will therefore 
report the number of lines the models were trained on, as well as an 
approximation of the number of pages. 

We systematically compared the results of the seven different umé 
models we trained to check our progress at every iteration.28 We then 
compared this to the other models that are publicly available for Ti-
betan umé HTR at the time of writing: two developed within the ERC-
funded TibSchol project in Vienna, which are available on Transkri-
bus, and another two developed by the BDRC, available through their 

 
27  See Griffiths & Meelen (forthcoming) for a more detailed discussion of the IAA 

analysis. 
28  The seven HTR models were trained between July 2024 and June 2026. These are 

publicly available on Transkribus: PaganTibet Ume 1 (ID: 131553), PaganTibet 
Ume 2 (193821), PaganTibet Ume 3 (328353), PaganTibet Ume 4 (428273), and Pa-
ganTibet Ume 5 (443525), PaganTibet Ume 6 (511497), and PaganTibet Ume 7 
(579189). 
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custom-made app. Both the BDRC and TibSchol produced script-spe-
cific models for both Drutsa (’bru tsha) and Betsug (dpe tshugs) varie-
ties. Since the texts in the PaganTibet corpus contain more Drutsa(-
like) umé, we compared these to get the best possible results. Table 1 
shows an overview of the Character Error Rates (CERs) reported for 
each of the PaganTibet (PT) HTR models for umé and the specific 
Drutsa umé models from the BDRC and TibSchol, alongside the num-
ber of lines and estimated number of pages they were trained on.  
 

 CER Training lines Training pages (est.) 

BDRC Drutsa 3.729 24,00030 2,400 

TibSchol Drutsa 1.4 3,803 422 

PT-Ume1 6.99 2,338 400 

PT-Ume2 5.56 3,952 900 

PT-Ume3 6.26 5,064 1,200 

PT-Ume4 4.57 8,630 1,800 

PT-Ume5 4.87 10,238 2,100 

PT-Ume6 4.54  12,687 2,500 

PT-Ume7 3.71 16,361 3,200 
 

Table 1 — Character Error Rates, number of lines and (estimated) pages to train the models. 
 
Both the BDRC and TibSchol models have lower CERs than any of the 
PaganTibet models. Superficially, for the BDRC model this is entirely 
expected since it is based on a significantly larger set of training data 

 
29  This is the CER reported for the Drutsa model used for the BDRC custom OCR app 

(Elie Roux, p.c.) in October 2025. The app provides an offline, user-friendly inter-
face and is publicly available (https://github.com/buda-base/tibetan-ocr-app). 
This specific BDRC Drutsa training data is also publicly available online on Hug-
gingFace https://huggingface.co/datasets/openpecha/OCR-Drutsa. The BDRC 
are working on updating their models. 

30  The reported lines are actually >32,000, but only a subset of those were used for 
training. In addition, this number includes both lines and ‘line fragments’, i.e. part 
of lines, which is why the estimated number of pages for the BDRC model is about 
10% of this number. Other models have line fragments too, but only for title pages 
(Elie Roux, p.c.). 
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(24,000 lines or 2,400 pages outnumber the majority of the other mod-
els). Based on CERs, the TibSchol Drutsa model clearly outperforms 
all others with a CER of 1.4%, based on just 3,803 lines (422 pages). In 
size, it is most comparable to the PT-Ume2 model when looking at the 
lines (which is the most accurate measure for comparing size), but the 
PT-Ume2’s CER is much higher at 5.56%. Apart from the size of the 
training set, it is also important to pay attention to the form and con-
tent. Both the BDRC and TibSchol models produce transcriptions in 
Wylie, while the PaganTibet models produce Tibetan Unicode. Due to 
differences in the display protocols of Tibetan Unicode stacks for dif-
ferent web browsers, apps and operating systems (Windows vs Mac) 
when it comes to non-standard stacks, special symbols, double vowels, 
etc. the error rates can end up being higher as it is not always easy to 
spot errors during data preparation or when manually correcting 
training data. Fig. 9 shows a range of examples of abbreviated forms 
with non-standard Tibetan Unicode stacks and how they are displayed 
on different operating systems. Double vowels in particular are almost 
impossible to see on Macs, making detailed error correction of diplo-
matic transcriptions that contain a high number of non-standard forms 
more challenging. 
 

 
Fig. 9 — Examples of how Windows and Mac operating systems differ when it comes to displaying Ti-

betan Unicode stacks that are non-standard (e.g. double vowels). 
 
However, because of the collaborative nature of the PaganTibet work-
flow, using Wylie was not an option and all data used for training in-
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put and model output was only done in Tibetan Unicode. Some result-
ing stacking issues are shown in Fig. 10. A large amount of the training 
data for the BDRC model was also originally in Tibetan Unicode, but 
then converted into Wylie after which CERs were calculated. Although 
good converters from Tibetan Unicode stacks to Wylie and vice versa 
are available (both online and built into the BDRC OCR app) issues 
can still arise.  

 

 
 

Fig. 10 — An example of stacking differences and how this can cause errors in HTR training and evalua-
tion. Here, the model correctly reads the manuscript (red) but renders it differently from the Ground 

Truth (green).   
 
Another reason why the Wylie-trained models achieve lower CERs is 
because of the more limited range of output options available. Fig. 11 
shows the range of characters that are possible for the TibSchol Drutsa 
model compared to those for the most advanced PaganTibet model, 
PT-Ume5. With over twice as many options to choose from, it is not 
surprising that the TibSchol model’s CER is much lower as the chance 
for the model to go wrong is much reduced. Looking at the detailed 
symbol lists in the training data also helps to identify errors and incon-
sistencies in the training data. In the TibSchol model, for example, 
three different types of apostrophes were used to transcribe the achung 
(འ), while in the PT-Ume5 model, both the capital (X), lower case (x) as 
well as the Tibetan Unicode ྾ (U+0F1D) were used to transcribe 
blurry/illegible or otherwise unknown syllables. In subsequent train-
ing rounds these issues were corrected in the Ground Truth to improve 
the CERs and, potentially, the overall results when transcribing new 
data.  
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Fig. 11 — Set of character options used in the training data for HTR models with the TibSchol Wylie 
range of 58 characters (top) compared to the PT-Ume5 range of 120 characters (bottom). 

 
A final important reason why the CERs are generally slightly higher 
for the PaganTibet HTR models is related to the content of the source 
materials. Both the BDRC and TibSchol models are trained on Bud-
dhist texts that are generally written in a rather standardised form of 
Tibetan, unlike the PaganTibet corpus (see Berounský & Ramble 2026). 
There are some abbreviations in these Buddhist texts too, but they are 
few in number and occur frequently in exactly the same form. This 
means that it is easier for the model to recognise them and transcribe 
them correctly. In addition, most HTR models are trained using Recur-
rent Neural Networks (RNNs) or similar architectures, which means 
they can take the preceding and following context of predicted char-
acters into account as well. As a consequence, corpora with coherent 
topics and generally more-standardised language like those in the 
Buddhist training data of the BDRC and TibSchol models are easier to 
transcribe (both for humans and for HTR models) because words can 
be predicted from the context too, even if the glyphs in the manuscripts 
are unclear, blurry or abbreviated in any way. The unpredictable con-
tent, alongside the non-standard forms of the Tibetan language and 
scripts as described in Section 2.3 above, explain why higher CERs can 
be expected for the PaganTibet corpus since the CER calculation is 
done on more challenging test data.  

Overall, measuring CERs can help to evaluate the accuracy of HTR 
models and they can serve as useful comparanda when developing 
new models, especially when the new data is expected to be similar in 
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form and content to the data the models were trained on. The accuracy 
of models and especially their capacity to generalise beyond the spe-
cific data they were trained on, can only truly be compared when eval-
uations are done on the same test sets. This should be borne in mind 
when developing general ‘benchmarks’ that are subsequently used for 
testing and comparing models. If these benchmarks contain mainly 
one type (genre, script style, image quality, etc.) of data, have different 
transcription conventions (e.g. for expanding abbreviations or not) or 
still contain errors, then models trained on a different type of data are 
likely to yield lower CERs. But these quantitative comparisons based 
on CERs do not always guarantee better results for more specific cor-
pora in need of transcription or in general, however, which is why 
qualitative evaluations and in-depth error analyses of the output are 
important too.31 To illustrate this, in the next section we therefore pre-
sent the results of the same models on some of the more challenging 
texts in the PaganTibet corpus we found so far. 
 

3.2 Results and In-depth Error Analysis 
 
A well-known issue for any type of computational model is ‘overfit-
ting’. When a model is overfitting, it generally means that the accuracy 
rates (CERs in the case of HTR modelling) are good, but that the model 
is ‘fitted’ too much on the data it trained on. As a result, it is unable to 
generalise and yield good results on new data that differs from the in-
put. It is therefore useful to test any model’s ability to generalise and 
go beyond the type of images found in the training data. Furthermore, 
since our main challenge is to create searchable eTexts for the PaganTi-
bet collections and these collections are too big to transcribe or even 
correct manually, it is of the utmost importance to choose the right 
HTR model to transcribe the hundreds of thousands of pages in the 
best possible way.  

In addition to the general quantitative CER analysis discussed 
in the previous section, we therefore also conducted several rounds of 
qualitative analysis - one of which we present here. To make this opti-
mally useful, we deliberately chose test images from two separate Leu 
collections that differ significantly from the existing training data. The 
first set of five images (shown in Fig. 12) forms the start of a bya rdang 
ritual text found in the Leu 2016-10 collection. These images are chal-
lenging because they are not consistently cropped (the title page in 
particular is in a completely different format) and some pictures are 
out of focus and/or partially damaged.  

 
31    See Meelen & Griffiths (2025b:10-12) for a case study on texts on Vampire subju-

gation (sri gnon) rituals.  
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Fig. 12 — First five pages of the Leu bya rdang text in the Kalpa Bön collection (referred to as Leu-
Kalpa1-5 for the in-depth error analysis), Leu 2016-10, vol. 2, pp. 27-31. 

 
The second set of five images (shown in Fig. 13) forms the start of a fox 
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fumigation (wa bsang) ritual described in Berounský (2019). Just like 
other images in the Leu 2011-30 collection, the content, script, non-
standard abbreviations and symbols pose significant challenges.  

 
Fig. 13 — First five pages of the “Long-nosed Fox” in the Leu collection (referred to as Leu-vol26_1-5 in 

the error analysis), Leu 2011-30, vol. 26, pp. 1-5. © Gansu wen hua chu ban she. 
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The results of detailed error analyses for these ten test pages are shown 
in Fig. 14 and exact percentages of differences from manually triple-
checked, Gold Standard transcriptions, counting all characters (includ-
ing punctuation and spaces) that have been erroneously inserted, sub-
stituted or deleted are given in Table 2. 
 

 
 

Fig. 14 — Percentage differences (errors) for each of the ten test pages comparing the BDRC, TibSchol 
and PaganTibet (PT) models. 

 
 

Test 
Pages BDRC 

Tib 
Schol 

PT 
Ume1 

PT 
Ume2 

PT 
Ume3 

PT 
Ume4 

PT 
Ume5 

PT 
Ume6 

PT 
Ume7 

Leu-
Kalpa_1 98.53 94.29 69.81 90.57 44.19 80.39 40 51.16 2.86 

Leu-
Kalpa_2 100 59.92 14.29 10.8 13.65 5.13 4.36 4.36 1.04 

Leu-
Kalpa_3 100 70.3 8.1 10.53 6.09 6.99 6.29 6.09 6.34 
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Leu-
Kalpa_4 98.84 55.5 6.74 6.51 4.85 7.13 5.08 6.12 1.93 

Leu-
Kalpa_5 90.54 66.62 8.89 9.29 6.89 3.62 3.62 5.38 2.72 

Leu-
vol26_1 98.44 85.07 35.29 37.5 33.33 9.76 9.52 14.63 7.5 

Leu-
vol26_2 77.26 58.93 26.18 28.55 23.75 14.26 18.46 8.98 8.29 

Leu-
vol26_3 78.9 61.37 23.1 26.88 21.88 15.82 18.85 9.66 9.67 

Leu-
vol26_4 83.14 66.38 22.38 27.82 18.82 12.05 13.4 7.8 7.3 

Leu-
vol26_5 77.66 58.54 21.74 23.78 21.86 10.11 11.31 6.13 5.42 

     Average 
% errors 90.33 67.69 23.65 27.22 19.53 16.53 13.09 12.03 5.31 

          

Model CER 3.7 1.4 6.99 5.56 6.26 4.57 4.87 4.54 3.71 
# of lines in 

training 
data 24,000 3,803 2,338 3,952 5,064 8,630 10,238 12,687 16,361 

 
Table 2 — Percentage differences (errors) for each of the ten test pages comparing the BDRC, TibSchol 

and PaganTibet (PT) models with CER and number of lines in training data for reference. 
 

One immediate observation we can make is that lower CERs do not 
correspond to better results on these challenging test pages from the 
PaganTibet corpus. In fact, we observe almost the opposite pattern 
with the BDRC and TibSchol models producing over 90% and 67% er-
rors on average respectively, while all PaganTibet models (even the 
earlier ones with higher CERs trained on fewer lines of data) range 
between 5-28% errors on average. The deliberate choice of varied input 
allows us to analyse results in more detail: blurry vs non-blurry, dif-
ferent text colours, title vs full page, etc. as shown in the title pages of 
both test sets. The TibSchol model clearly struggles with the blurry title 
page of the Kalpa Leu text (>94% errors), where some PaganTibet 
models perform much better (PT Ume7 only has 2.86%). Other Pa-
ganTibet models also struggle with the blurry title page, which is no 
doubt due to the fact that there were no or very few blurry pages in 
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the training data. Once a model trains on blurry or damaged images, 
it ‘learns’ how to deal with these and performs better in future cases. 
Larger numbers of lines in the training data also help with this as 
blurry and damaged pages typically require better input from the con-
text and context is easier learnt from larger sets of training data.  

Another clear result is the effects of different hands, writing styles 
and/or umé varieties. All the pages from the second set (volume 26 of 
the 30-volume Leu collection) are written in a very different style from 
the umé found in the training data of most models. For both the BDRC 
and TibSchol models, where error rates are over 60% across the test 
set, this makes little difference, but the first three (much smaller) Pa-
ganTibet umé models clearly struggle more with Leu-vol26. PT Ume4 
and Ume5 are significantly better at transcribing more varied and 
more challenging input, while PT Ume1, 2 and 3 did not have as much 
challenging data in the training set, which is why error rates for these 
are higher. PT Ume4 and Ume5 are also trained on more data and both 
are better at generalising, i.e. they still get good results (lower error 
rates) on pages that are completely unfamiliar in terms of script 
styles/handwriting etc. It is not until we start adding a small amount 
of training lines similar to the Leu30 collection for PT Ume6 and Ume7 
that error rates for those test pages go down. Finally, when comparing 
individual pages, we see that some PT models appear to perform 
worse than earlier versions on the same page, such as images 3 and 4 
in the Kalpa Leu bya rdang text and image 1 from Leu-26.  This is likely 
due to a combination of page-specific challenges - particularly dam-
aged sections where performance is more dependent on chance - and 
the natural variance introduced by training dynamics, which means 
successive iterations will not uniformly improve on every test case 
even when overall CER improves.  

When it comes to comparing three different models (TibSchol, 
BDRC and PT) directly we notice that although the CER of the PT 
Ume5 model is slightly higher than that of PT Ume4, it still outper-
forms Ume4 on average, suggesting that it is better at dealing with dif-
ferent and more challenging new data. Fig. 15 shows an example of a 
direct comparison for one of the Leu vol-26 pages with the specific er-
rors in the output highlighted in red (deletions) and green (additions). 
This allows us to see what specific errors each model makes. For ex-
ample, yig mgo and other punctuation and ornamental features were 
clearly not part of the TibSchol or BDRC training data as both models 
produce various errors with these while the PT Ume7 model tran-
scribes these correctly most of the time. Something all models struggle 
with are symbols such as those described in Section 2.3 above, here 
transcribed as “X” in line 4. The reasons for TibSchol's worse perfor-
mance on this page (and the rest of this test set) are mainly related to 
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the fact that it lacks varied input as it was trained on much more co-
herent Buddhist texts that do not exhibit the orthographic peculiarities 
we find in the Leu collections. This more homogeneous input makes it 
harder for the model to generalise to other hands, genres, linguistic 
and orthographical features and different types of umé. The BDRC 
model faces similar issues as it was partly trained on the same input, 
but despite the much larger number of lines in the training data, the 
model performs much worse on the PaganTibet test pages. One im-
portant reason for this lies in the fact that the input was of a mixed 
nature (both Wylie and Tibetan Unicode stacks), which was automati-
cally converted to create a model that outputs Wylie, but is then auto-
matically converted back to Tibetan Unicode. As is clear from Fig. 15 
below, this conversion does not always go right, with fragments of 
Wylie left in between the Tibetan unicode stacks. 
 
 

 
Fig. 15 — Visualisation of differences (deletions in red and additions in green) between the HTR models’ 
output and the Gold Standard to give an impression of overall errors for p. 2 of the Leu-vol26 where Tib-

Schol had 58.93%, BDRC 77.26% and Ume7 8.29% errors. 
 
Another major difference between the BDRC training data (compris-
ing 24,000 lines) and that of PaganTibet (comprising at most 16,361 
lines for PT Ume7), is the rounds of manual correction of the original 
training data. The PaganTibet workflow described in Section 2.1 above 
consisted of at least three rounds of manual correction (with a fourth 
and final check for a subset of images), while the BDRC likely utilised 
fewer rounds of checks. Although this tripled the time spent on the 



From large manuscript collections to searchable eTexts 319 

preparation of Ground Truth, it was deemed necessary due to the dif-
ficult nature of the material and even after three rounds of manual cor-
rection, more errors were found and corrected in the validation set (a 
small amount of ‘unseen’ data given to the model during training to 
compare the model's predictions alongside the Ground Truth) of PT 
Ume4, Ume5 and Ume 6 before the next models were trained. These 
multiple checks by experts are extremely time-consuming,32 but the re-
sults show that with challenging, non-standard collections, multiple 
checks are the only way forward to gain reasonable results. Even if 
internally calculated CERs are low and therefore look promising, HTR 
models that yield far over 50% error rates on test data that is repre-
sentative of the rest of the corpus are not useful since they would re-
quire an enormous amount of time to do further rounds of correction 
after the automatic transcriptions are done. 

There are some overall lessons learnt from both the quantitative and 
the in-depth qualitative analyses presented here. First, CERs can be 
useful benchmarks when training new models for datasets that are ho-
mogeneous and coherent in both form and content: the TibSchol model 
with the lowest CER of 1.4% is likely to perform well on other manu-
script images of a similar nature, both in terms of script type as well as 
genre, especially when Wylie transcriptions are required. Further-
more, performance generally improves when more training data is 
added, as shown by the incrementally lower averages of errors on the 
challenging test set cases for the various PT Ume models. But more 
data is not necessarily better for either CERs or for the challenging test 
cases as the largest HTR model from the BDRC shows both a higher 
CER than TibSchol and a much higher error rate on the PaganTibet test 
set. This confirms the results also found by Meelen & Griffiths (2025b) 
comparing yet a different type of umé pages as a test set. It shows that 
careful selection of ideally varied training data, combined with triple-
checking (at least) of every line by expert annotators who are well-
trained and follow a consistent set of protocols for diplomatic tran-
scriptions33 is of the utmost importance when dealing with large, var-
ied corpora containing texts of various genres with non-standard lin-
guistic and orthographical features. Finally, HTR postprocessing can 
help to filter out frequent errors to prepare corpora for subsequent 
stages of training and downstream NLP tasks, such as turning diplo-
matic transcriptions to normalised eTexts and adding (linguistic) an-
notation. 

 
32  It took a team of ten annotators who worked part-time over a year to double-    

check 30,000 pages and another team of experts several months to triple-check  just 
over 3,000 of those. 

33  Such as those outlined in the PaganTibet HTR manual (Meelen & Griffiths 2025a) 
and cheatsheet (Griffiths & Meelen 2025a). 
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4. Conclusion 
 
The aim of this article was to illustrate how to get from manuscript to 
eText, using the PaganTibet corpus as a case study in large-scale text 
processing. Its sheer size, the heterogeneity of manuscripts, and the 
considerable variation in script, alongside other challenges such as ab-
breviations and symbols, call for a carefully structured, collaborative 
approach. As our workflow demonstrates, drawing on combined ex-
pertise can successfully navigate many of these challenges. Ultimately, 
our methods and models demonstrate that creating searchable eTexts 
for a large and largely unexplored corpus is feasible, but that carefully 
planning workflows and taking into account the potential challenges 
described in Section 2 is essential. 

Our results show that while conventional evaluation metrics such 
as CERs are informative, they do not always reflect the practical per-
formance of HTR models. In the case of the PaganTibet corpus, models 
trained specifically on diverse and representative input, even those 
with slightly higher CERs consistently outperformed models trained 
on larger but more homogeneous datasets when applied to novel and 
complex materials. Conducting in-depth qualitative analyses proves 
equally useful, as it flags sticking points such as the angle of the ’greng 
bu in the Leu vol. 26 sample, which we then incorporated into future 
rounds of training. It also highlights Unicode symbols that have found 
their way into our Ground Truth, but that should not be there, e.g. dif-
ferent types of X symbols. With the latter, we can update our HTR 
postprocessing script to search and replace these symbols to further 
enhance existing transcriptions. These two steps enabled us to create a 
7th model, which surpassed the earlier iterations  and has become our 
primary solution for generating automatic diplomatic transcriptions of 
the remaining corpus. For further processing, in addition to diplomatic 
transcriptions that reflect all non-standard spellings and symbols, we 
will create normalised versions of the eTexts (see Griffiths & Meelen 
2025b and Meelen & Griffiths 2026). In these normalised eTexts, abbre-
viations are expanded and the orthography is standardised to make 
the transcriptions easily searchable and ready for additional annota-
tion (e.g. to show linguistic and content features). 
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