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Abstract

Armenian epigraphy, one of the world’s old-
est and most diverse inscriptional traditions,
remains largely absent from digital research
infrastructures due to a lack of basic linguis-
tic and conceptual resources. No machine-
readable corpus, standardized terminology, or
controlled vocabulary exists for describing Ar-
menian inscription types, preventing indexing
and interoperability. This paper addresses this
gap by constructing the first dataset of Arme-
nian inscription-type terminology and by de-
veloping a computational pipeline for analyz-
ing it at scale. We digitize and preprocess a
broad corpus of authoritative printed publica-
tions; curate a culturally grounded terminology
list; and train transformer-based NER models
to identify both attested inscription types and
potential terminological variants across unseen
texts. The resulting resources form the first em-
pirical foundation for modelling Armenian epi-
graphic concepts needed for further developing
a SKOS vocabulary aligned with, yet culturally
distinct from, existing international epigraphic
ontologies.

1 Introduction

In the last decade, digital technologies have trans-
formed the way cultural heritage is preserved, ac-
cessed, and studied. As inscriptions, manuscripts,
monuments, and other heritage artefacts increas-
ingly enter digital ecosystems, the question of how
cultural knowledge is organized has become a cen-
tral concern for the digital humanities (DH) (Yan
et al., 2020; Bianchini, 2023). Classification sys-
tems such as vocabularies, ontologies, and seman-
tic models, play a decisive role in shaping what be-
comes visible, searchable, interoperable, or even
thinkable within digital infrastructures (Liu et al.,
2023). However, the act of classification is far
from being neutral and determines which cultural
traditions are accurately represented, which are
simplified or misread, and which remain invisible
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altogether. A direct consequence of this shift to-
ward digital heritage is that traditions lacking struc-
tured, machine-readable vocabularies cannot be ef-
fectively indexed, searched, or linked within mod-
ern research infrastructures. This is the case for
Armenian epigraphy: despite the depth and histor-
ical significance of its corpus, the field remains
only minimally integrated into existing digital stan-
dards.

Thus, the need for a dedicated SKOS vocabu-
lary! for Armenian epigraphy arises from the fact
that, despite their historical significance (Figure 1),
Armenian inscriptions remain largely absent from
the semantic infrastructures used in digital human-
ities (Greenwood, 2004). This gap reflects struc-
tural barriers that limit the visibility and preser-
vation of Armenian epigraphic heritage in digital
environments (Tamrazyan et al., 2026; Tamrazyan
and Hovhannisyan, 2024a,b).
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Figure 1: Inscription of Vahravar (Figure 5a, b in (Haru-
tyunyan, 2023a)).

A first challenge is the lack of standardized,
machine-readable descriptive terminology in
Armenian epigraphy, which prevents inscriptions
from being systematically indexed, linked, or com-
pared across databases. In the absence of con-
trolled vocabularies, Armenian material cannot be
effectively integrated into international corpora,
limiting its visibility for researchers working in
epigraphy, archaeology, linguistics, and cultural
heritage studies.

"nttps://www.w3.org/2004/02/skos/
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Second, the structural bias of existing epi-
graphic ontologies toward Greco-Roman tra-
ditions prevents Armenian inscriptions from be-
ing accurately modelled (Espinosa Espinosa and
Velazquez Soriano, 2021). Ontologies such as EA-
GLE? and FAIR Epigraphy? rely on typologies and
conceptual hierarchies that do not reflect the cul-
tural logic or material diversity of Armenian mon-
uments. This misalignment leads to inappropriate
categorizations and forces Armenian material into
external frameworks that lack cultural specificity.

Third, the highly dispersed nature of Armenian
heritage further increases the need for interop-
erable digital infrastructures. With more than
80% of Armenian monuments located outside the
Republic of Armenia (Tigranyan, 2023), often in
regions facing conflict, neglect, or political pres-
sure, the ability to represent inscriptions in a con-
sistent, structured, and internationally accessible
format becomes crucial for cultural preservation
and scholarly continuity.

Fourth, the absence of interoperable vocabu-
laries has broader implications for computational
research (Tamrazyan and Hovhannisyan, 2025).
Without a standardized terminology layer, the ap-
plication of natural language processing, machine
learning, semantic web technologies, or automated
annotation workflows becomes severely limited.
Establishing a SKOS vocabulary therefore func-
tions not only as a heritage documentation effort
but as an enabling infrastructure for future digital
research in Armenian studies.

Finally, there is a growing recognition within the
DH of the importance of supporting underrep-
resented cultural traditions and challenging the
implicit Eurocentrism embedded in many digital
heritage standards. Developing Armenian-specific
vocabularies contributes to this broader movement
by ensuring that local epistemologies and schol-
arly traditions are formally encoded rather than
marginalized.

This article contributes to this broader effort
by offering the first corpus-driven analysis of
inscription-type terminology in Armenian epigra-
phy and by identifying the requirements for de-
veloping a culturally grounded SKOS vocabu-
lary. Rather than importing externally defined cat-
egories, the study derives its insights from distinc-

*https://www.eagle-network.eu/resources/
vocabularies/

Shttps://ontology.inscriptiones.org/type_of_
inscription

tions that emerge within Armenian inscriptional
practice and considers how these may be aligned
with international standards. The data and code un-
derlying this study are openly available®.
Specifically, this work contributes with:

* A curated terminology dataset derived from
foundational Armenian epigraphic publica-
tions and produced through a dedicated OCR
and text-processing workflow.

* A terminology-aware NER model trained
to identify and classify inscription-type ex-
pressions across Armenian-language scholar-
ship®.

* A corpus-based foundation for conceptual
modelling that identifies key terminological
patterns and conceptual distinctions required
for further constructing a SKOS vocabulary
of Armenian inscription types.

2 Data Normalization

To examine how inscription-type terminology
functions across Armenian epigraphic scholarship,
we develop a computational workflow designed to
digitize the corpus, extract terminology, and ana-
lyze its distribution at scale. The workflow pro-
ceeds through several stages: assembling a rep-
resentative set of printed publications, digitizing
them into machine-readable text, preprocessing
the OCR output into a clean sentence-level corpus,
constructing a ground-truth NER dataset using an
expert terminology list, and training transformer-
based NER models to evaluate both in-domain per-
formance and generalization to unseen books.

2.1 Adoption of the EAGLE Model

As a conceptual starting point, we adopt the seven-
domain organizational structure of the EAGLE vo-
cabularies, one of the most widely used interna-
tional models for describing inscriptions in digi-
tal epigraphy. These domains—Material, Execu-
tion Technique, Type of Inscription, Object Type,
Decoration, Dating Criteria, and State of Preser-
vation—provide a shared descriptive template that

*https://github.com/dhlab-epfl/
dhlab-epigraphy-studies

>The pipeline is designed to be transferable to other under-
resourced epigraphic traditions, with adaptation mainly re-
quired for OCR, sentence segmentation, and expert terminol-
ogy curation.


https://www.eagle-network.eu/resources/vocabularies/
https://www.eagle-network.eu/resources/vocabularies/
https://ontology.inscriptiones.org/type_of_inscription
https://ontology.inscriptiones.org/type_of_inscription
https://github.com/dhlab-epfl/dhlab-epigraphy-studies
https://github.com/dhlab-epfl/dhlab-epigraphy-studies

Book Abbrev. Citation

Divan Hay Vimagrut’ yan 1 DHV-1 Orbeli (1965b)

Divan Hay Vimagrut’ yan 2 DHV-2 Orbeli (1960)

Divan Hay Vimagrut’ yan 3 DHV-3 Barkhudaryan (1967b)
Divan Hay Vimagrut’ yan 4 DHV-4 Barkhudaryan (1973b)
Divan Hay Vimagrut’ yan 5 DHV-5 Barkhudaryan (1982b)
Divan Hay Vimagrut’ yan 6 DHV-6 Avagyan and Janpoladyan (1977b)
Divan Hay Vimagrut’ yan 7 DHV-7 Grigoryan (1996)

Divan Hay Vimagrut’ yan 8 DHV-8 Grigoryan (1999)

Divan Hay Vimagrut’ yan 9 DHV-9 Barkhudaryan et al. (2012b)
Divan Hay Vimagrut’ yan 10 DHV-10 Sargsyan et al. (2017b)
Historical Monuments of Akunk and Katnaghbyur KAR-2014 Karapetyan (2014)
Khodjavank Monastery KAR-2024a Karapetyan (2024)
Northern Artsakh KAR-2021a Karapetyan (2021c)
Lapidary Inscriptions of Bun Aghvank KAR-2021b Karapetyan (2021b)
Armenian Collection of the Caucasian Museum KAR-2004 Karapetyan (2004)
Previously Unpublished Inscriptions of Yerevan Katoghike HAR-2019a Harutyunyan (2019a)
Epigraphic Heritage of Armavir Province HAR-2017 Harutyunyan (2017)

Newly Discovered Tombstones of Holy Ejmiatsin HAR-2021 Harutyunyan and Melkonyan (2021)
Settlement of Noragavit and St. Gevorg Church HAR-2019b Harutyunyan (2019b)
Inscribed Artefacts of the N. Adonts Museum of Sisian HAR-2019c¢ Harutyunyan (2019b)
Epigraphic Heritage of Tatev Hermitage HAR-2023 Harutyunyan (2023b)
Natural Disasters and Celestial Phenomena in Inscriptions HAR-2022/2023 Harutyunyan (2022, 2023a)
Melik Mansions of Artsakh and Syunik GHU-2001 Ghulyan (2001)
Inscriptions of Armenian Settlements in India KOR-2024 Kortoshyan (2024)
Inscriptions of Aleppo KOR-2013 Kortoshyan (2013a)
Tsaghatskar Monastery: Historical and Archaeological Study MEL-2024 Melkonyan (2024)
Birthplaces of Genocide Survivors in Lebanese Funerary Inscriptions TAS-2018 (Tashjian, 2018)

Georgian State Policy and Armenian Cultural Monuments (1988-1998) KAR-1998 (Karapetyan, 1998)
Reconstruction of Dadivank AYV-2011 (Ayvazyan, 2011)

Table 1: Publications included in the corpus, with abbreviations used throughout the paper. Light-gray rows indicate
the volumes used to construct the full training dataset for the main experiments. The earliest baseline model was
trained solely on DHV-10. The remaining publications (non—highlighted rows) were held out as unseen material
for evaluating the model’s ability to generalize and to detect potential new inscription-type terminology.

would allow Armenian inscriptions to be posi-
tioned within the existing epigraphic infrastruc-
tures.

For the present study, we focus specifically
on the Type of Inscription domain that cap-
tures the functional category of an inscription
(e.g., “commemorative”, “funerary”, “votive”, “le-
gal”, “donor”, “construction-related”) and inter-
acts closely with linguistic, material, and histor-
ical characteristics. To operationalize this con-
ceptual layer for Armenian epigraphy, we first re-
quired a stable and culturally grounded vocabulary
of inscription-type terminology. For this, a team
of domain specialists compiled an initial inventory
of terms that represent inscription types. They also
used a large language model (LLM) as an assistive
tool (GPT-5) to expand this inventory by gener-
ating additional variants drawn from the digitized
corpus; however, because these automatically pro-
posed terms varied in accuracy, each term candi-
date was manually reviewed by experts, who re-
tained only those terms that were terminologically
sound, historically attested, and conceptually dis-

tinct.

The resulting curated list comprises 41 Arme-
nian inscription-type multiword terms®. These
include general descriptors such as yhdwaghp
and ypdwlwl wpbwlwagnpnipynili;  functional
classes such as funerary (wnwwwlwahp), donor
(Uuyhpwagpn), commemorative (hnpwagpn), legal
(4wunuwapp), and construction-related inscrip-
tions (Qhlwpwpwlywl  wpbwlwagnnipnil);
architectural subtypes specifying the place-
ment of inscriptions on a monument, including
quiyppuwyhl,  wnibwyhl,  pwpwynph, and
npndluwaqpp; administrative and socio-economic
categories such as tax-exemption inscriptions
(wwwhwplydwl wpdwlwanpnepynil)) and water-
management inscriptions (gpoquiwagnpédwl
wnpdwlwannepynil); and rare or specialized types,
including cryptographic inscriptions (Ppgwahpn
/ éwélwahpn), royal and princely inscriptions,
monastic inscriptions, and manuscript-associated

®A term can be composed of only one term e.g.
yhuwahn or multiple words (multiword) e.g. yhuwlwl
wnéwlwapntpinLu



colophonic writings. We refer to this set of terms
as our expert-defined inscription type reference
list and will serve us in creating an annotated
dataset for detecting new and undocumented
inscription-type terms.

2.2 Corpus Construction

Because no digital corpus of Armenian epigraphy
currently exists, we construct our dataset manu-
ally from authoritative printed publications. The
complete set of works forming the corpus is listed
in Table 1. These sources include multi-volume
corpora, regional surveys, architectural studies,
thematic monographs, and peer-reviewed articles,
and together represent the most comprehensive
and methodologically rigorous body of scholarship
available for Armenian inscriptions.

Our primary source is the monumental Divan
Hay Vimagrut'yan (DHV) series, published by
the National Academy of Sciences of Armenia
since the 1960s (Orbeli, 1965a,a; Barkhudaryan,
1967a, 1973a, 1982a; Barkhudaryan et al., 2012a;
Avagyan and Janpoladyan, 1977a; Barkhudaryan,
1999; Sargsyan et al.,, 2017a). The DHV vol-
umes remain the most detailed and methodologi-
cally consistent corpus of Armenian inscriptions,
offering reliable transcriptions, functional classi-
fications, and palacographic descriptions. They
therefore serve as the backbone of our terminology
inventory.

To avoid a DHV-centric vocabulary and to re-
flect the broader diversity of Armenian epigraphic
scholarship, we also incorporate terminology from
regional corpora and thematic studies authored
by leading specialists such as Karapetyan, Kor-
toshyan, Petrosyan, Barkhudaryan, and Harutyun-
yan (Karapetyan, 2021a; Kortoshyan, 2013b; Kara-
petyan, 1998, 2004; Kortoshyan, 2013a, 2024; Pet-
rosyan, 2008; Harutyunyan, 2017). These works
capture terminological variation across regions,
generations, and disciplinary perspectives, and
contribute essential conceptual depth to the cor-
pus. The publications in Table 1 were selected
according to four criteria designed to ensure rep-
resentativeness, conceptual precision, and cultural
fidelity.

Authorship Diversity. We include works au-
thored across different generations, institutions,
and scholarly traditions. This diversity reduces re-
liance on any single terminological style and cap-
tures diachronic variation in Armenian epigraphic

discourse.

Genre Balance. To reflect both stable and
emerging terminology, we intentionally balance
different scholarly genres. Books and monographs
provide detailed historical, architectural, and lin-
guistic analyses; non-digital corpora of inscrip-
tions, especially the DHV volumes, offer author-
itative transcriptions and typological classifica-
tions; and peer-reviewed articles and conference
proceedings capture recent conceptual innovations
and methodological developments.

Regional Coverage. Because more than 80% of
Armenian cultural heritage lies outside the Repub-
lic of Armenia, we include publications document-
ing inscriptions from Armenia, Artsakh, Georgia,
Turkey, Iran, India, Ukraine, Moldova, and other
historically Armenian regions.

Temporal Coverage. The corpus spans publica-
tions from the 1960s to 2024, enabling us to incor-
porate both foundational terminology and more re-
cent shifts in scholarly interpretation.

2.3 Digitization

After assembling the corpus, all publications were
digitized and converted into machine-readable text
using an OCR pipeline for printed Armenian. Al-
though most content was preserved, the OCR out-
put introduced structural fragmentation, punctua-
tion errors, and inconsistent line breaks, necessitat-
ing substantial preprocessing before terminology
extraction and NER annotation.’

2.4 Preprocessing

We, thus, build a dedicated preprocessing pipeline
to restore the structural and linguistic coherence of
the corpus. The raw OCR output was highly frag-
mented: paragraphs were split into short line seg-
ments, Armenian punctuation, especially the full
stop (:), was frequently misrecognized, and the hi-
erarchical organization of the printed editions was
largely lost. These issues made sentence segmen-
tation and downstream terminology extraction un-
reliable without substantial normalization.

To address this, we designed a three-stage pre-
processing workflow. (1) We segmented the OCR
output by page in order to preserve the structural

"PDFs were converted to page-level images using
pdf2image and processed with the Calfa hye-tesseract
OCR engine (https://github.com/calfa-co/
hye-tesseract), which supports Mesropian and Grabar
orthographies.
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Figure 2: Distribution of terms across splits for DHV-10 data.

boundaries of the original publications. (2) Within
each page, we regrouped the fragmented lines into
coherent paragraphs by leveraging recurrent lay-
out patterns characteristic of Armenian epigraphic
editions that we noticed in DHV: inscription head-
ers, line-count descriptors, uppercase inscription
blocks, and commentary sections commonly intro-
duced by the marker wunp. (“note”). This stage
also included systematic correction of punctuation
and the merging of artificially split sentences. (3)
We segmented the reconstructed paragraphs into
sentences using a custom Armenian sentence split-
ter, which is adapted to the Armenian full-stop “:”.

3 Experiments

With the sentence-level corpus prepared, the next
step is to identify and annotate occurrences of
inscription-type terminology using our expert-
defined inscription type reference list. These an-
notations will form the supervised dataset required
for training and evaluating the NER models.
Because Armenian inscription terminology is
morphologically rich and appears in highly vari-
able scholarly contexts, simple string matching
is insufficient. We therefore combine rule-based
detection with GPT-5’s assistance®. The prompt
guides term extraction by focusing on predefined
terms, recording each occurrence separately with

8Specifically, we applied GPT-5 over predefined text
chunks together with the reference term list (Appendix A).
GPT-5 is used for assisted annotation, while extraction is per-
formed with reproducible fine-tuned NER models.

surrounding context for clarity. Metadata like file
name and page number ensure traceability. We or-
ganized the extracted data hierarchically, with oc-
currences grouped under terms and terms compiled
into an extraction result. The prompt emphasizes
Armenian language handling to account for inflec-
tional and orthographic variations, without relying
on explicit morphological rules, ensuring robust
zero-shot extraction.

Each sentence is then tokenized and labelled us-
ing the standard inside—outside—beginning (IOB)
tagging scheme’, which marks the boundaries of
multiword terms. Because Armenian exhibits rich
inflection, flexible word order, and modifier-heavy
expressions, the automatic tagging often produced
misaligned spans. Therefore, we did a manual ver-
ification and targeted rule-based adjustments to en-
sure consistent token-level annotation and trans-
formed it in the IOB format. These rules are es-
pecially adapted to Armenian, where rich inflec-
tional morphology and the frequent use of suffixes
can cause surface forms to deviate from their base
forms.

We then partitioned the data into training, devel-
opment, and test sets. To evaluate true generaliza-
tion beyond the expert-defined inscription type ref-
erence list, the test set contains only terms absent
from the training and development sets. This de-
sign prevents memorization effects and allows us
to measure the model’s ability to recognize unseen

*https://en.wikipedia.org/wiki/
Inside-outside-beginning_(tagging)
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Figure 3: Distribution of sentences across dataset splits
for DHV-10 data.

terminology, while the training and development
splits include overlapping term types to support sta-
ble learning.

Figures 2 and 3 summarize the distribution of
sentences and terms across the splits, showing a
consistent 85/15 ratio of sentences with and with-
out annotated entities and confirming the strict sep-
aration of term types between the test set and the
remaining subsets. The figures also highlight the
strong class imbalance inherent to the corpus, a
characteristic of epigraphic scholarship that makes
the task particularly challenging for NER models,
which must learn to recognize sparse and morpho-
logically variable terminology in predominantly
non-annotated text.

3.1 Results

As our main baseline system, we chose spaCy,
a neural NLP toolkit optimized for industrial
use. We extend its pipeline with a custom NER
component configured to recognize inscription-
type entities and train it on the DHV-10 split
using stochastic gradient descent with shuffled
batches, periodic evaluation, and early stopping
based on validation loss. For comparison, we also
train three transformer-based models under iden-
tical conditions: Multilingual BERT (mBERT)!?,
XLM-RoBERTa!!, and HyeBERTlZ, an Armenian-
specific transformer.

As shown in Table 3, the spaCy baseline
achieves moderate precision (0.50) but extremely
low recall (0.06), indicating that while its few pre-
dictions are often correct, it fails to identify the vast

"https://huggingface.co/google-bert/
bert-base-multilingual-cased

"https://huggingface.co/FacebookAI/
xlm-roberta-base

“https://huggingface.co/akingl1/hyebert

majority of inscription-related entities. HyeBERT,
despite being tailored to Armenian, performs sim-
ilarly poorly, suggesting that limited pretraining
data and a smaller architecture restrict its ability
to model the highly variable descriptive language
of epigraphic scholarship.

More unexpectedly, HyeBERT, despite being
specifically pretrained for Armenian, exhibits sim-
ilarly poor performance, with an F1 score of 0.09
and recall of only 0.07. This result suggests that
language-specific pretraining alone is insufficient
for this task, likely due to limited pretraining data
(Armenian subset from OSCAR dataset'?), and
possibly a mismatch between HyeBERT s training
domain and the highly variable, descriptive lan-
guage of epigraphic scholarship.

By contrast, the multilingual transformer mod-
els (mBERT and XLM-RoBERTa) substantially
outperform both spaCy and HyeBERT, reaching
F1 scores of 0.52 with recall values more than
six times higher than spaCy. We attribute this
performance gap to the richer contextual repre-
sentations learned by multilingual transformers,
which better capture Armenian’s inflectional com-
plexity and flexible word order. In addition,
cross-lingual subword sharing appears beneficial
for sparse, domain-specific terminology, allowing
multilingual models to generalize more effectively
across diverse epigraphic contexts despite limited
task-specific training data.

3.2 Scaling to the Complete Corpus

The baseline experiments on DHV-10 demon-
strate that multilingual transformer models offer
a clear advantage over lightweight architectures,
but they also reveal an important limitation: the
restricted size and lexical diversity of the initial
dataset prevent the models from fully learning the
range of inscription-type terminology present in
Armenian epigraphic scholarship. To develop a
model capable of generalizing beyond a narrow
subset of terms and adapting to highly variable
scholarly contexts, we decided to train on a sub-
stantially broader corpus.

To evaluate model performance under more real-
istic and diverse conditions, we expand the dataset
to include sentence-level annotations from twenty
volumes of the corpus (Table 1). This extension
increases the scale of the experiment by more
than an order of magnitude: the baseline setup

Bhttps://oscar-project.org/
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Split # Sentences # Sentences w/ Term # Unique Terms # Overlap w/ Train
Train 1,208 76 27

Development 269 17 7 7
Test 271 17 8 0

Table 2: Dataset statistics for the NER training, development, and test splits, drawn from DHV-10. The test set

contains only unseen terms.

Model Name Precision Recall F1

spaCy 0.50 0.06 0.11
mBERT 0.78 039 0.52
XLM-RoBERTa 0.78 039 0.52
HyeBERT 0.34 0.07 0.09

Table 3: Baseline performance of spaCy and trans-
former models on the DHV-10 subset.
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Figure 4: Distribution of sentences across dataset splits
for complete data in percentages.

contained roughly 1,200 sentences, while the full
dataset exceeds 56,000. The enlarged corpus in-
troduces both a wider range of positive examples
(sentences containing inscription terminology) and
a substantially larger proportion of negative sen-
tences, thereby mirroring the natural sparsity of ter-
minology in scholarly prose. Crucially, the devel-
opment and test sets remain unchanged, ensuring
that all results are directly comparable across ex-
perimental settings.

Figure 4 shows the distribution of sentences
across the training, development, and test splits for
the complete dataset. Table 4 summarizes the key
statistics of the expanded corpus.

We train the same set of models (spaCy, Hye-
BERT, mBERT, and XLM-RoBERTa) on this en-
larged dataset. The results are presented in Ta-
ble 5. We notice that, while maintaining the same
trend, using a larger amount of data leads to no-
table improvements in transformer performance.
The multilingual BERT model achieves the high-

est F1 score (0.63), with precision rising to 0.82
and recall improving to 0.50. XLM-RoBERTa
also benefits from the expanded data, though to
a lesser degree. These gains suggest that access
to a richer and more heterogeneous set of contexts
significantly enhances the models’ ability to recog-
nize inscription terminology, especially given that
such terms occur in only about one percent of sen-
tences in the corpus. The superior performance of
mBERT may reflect the alignment between its sub-
word vocabulary and the morphological patterns
of Armenian, allowing it to identify relevant terms
even under highly imbalanced conditions.

Overall, these results confirm that multilingual
transformer models not only outperform smaller
architectures but also scale effectively with larger
and more realistic training data. This motivates
their use as the primary models for terminology dis-
covery in the unseen-books experiments that fol-
low.

4 Generalization to Unseen Books and
Term Discovery

To assess generalization beyond the training cor-
pus, we applied the best-performing NER model to
a set of books excluded from all training, develop-
ment, and benchmark annotation stages. The vol-
umes were processed using the same preprocess-
ing and sentence-segmentation pipeline, and the
model was used to infer inscription-type terminol-
ogy from previously unseen texts.

Figure 5 illustrates the relationship between
three term sets: the expert reference vocabulary
(54 terms), the benchmark terms extracted during
annotation (136 terms), and the inferred terms pre-
dicted by the model (98 terms).

The overlaps reveal two main behaviors. First,
the model reliably recognizes known inscription-
type terminology in new contexts: 40 inferred
terms overlap with the benchmark set, indicating
robust contextual generalization across grammati-
cal realizations and textual environments. Second,
the model shows limited capacity for independent



Split # Sentences # Sentences w/ Term # Unique Terms # Overlap w/ Train
Train 51,223 530 136
Development 269 17 7 7
Test 271 17 8 0
Table 4: Statistics of the complete dataset.
Model Name Precision Recall F1 foundational resources needed for developing a
spaCy 0.50 0.06  0.11 culturally specific SKOS vocabulary. Through the
mBERT 0.82 0.50 0.63 digitization of authoritative publications, the cre-
XLM-RoBERTa 0.67 0.44 0.53 ation of a curated terminology list, and the training
HyeBERT 0.50 0.06 0.10 of transformer-based NER models, we produced

Table 5: Performance of all models on the complete
dataset.

Venn Diagram of Term Sets

Benchmark Terms

Reference Terms
79

a7 12

53

Inferred Terms

Figure 5: Venn diagram comparing reference termi-
nology (54 terms), benchmark new terms (136 terms),
and terms inferred by the model on unseen books (98
terms).

term discovery. None of the inferred terms overlap
exclusively with the expert reference list, and only
five terms are shared across all three sets. Further-
more, 53 inferred terms are unique to the model
output but correspond to morphological variants,
partial matches, or contextually ambiguous expres-
sions rather than genuinely new inscription types.
Overall, these results indicate that while
transformer-based NER models generalize well to
unseen texts, they do not autonomously expand
the conceptual terminology. Their primary value
lies in supporting corpus exploration and expert
analysis by surfacing candidate expressions
and contextual variation rather than replacing
expert-driven terminology formation.

5 Conclusions and Future Work

This study presented a first systematic, data-driven
analysis of inscription-type terminology in Arme-
nian epigraphic scholarship and established the

the first empirical infrastructure for identifying and
examining Armenian inscription-type concepts at
scale.

Our results show that automatic terminology
extraction alone is insufficient for this domain.
While multilingual transformer models success-
fully generalize to unseen texts and reliably de-
tect attested terms, they rarely identify genuinely
new concepts; most model-generated candidates
are morphological variants or contextually ambigu-
ous expressions. This highlights the necessity of
expert involvement, as Armenian inscription-type
categorization is deeply embedded in cultural, ar-
chitectural, and functional knowledge that cannot
be inferred from surface patterns alone. At the
same time, the corpus reveals both categories fa-
miliar from international ontologies (such as fu-
nerary, donor, or legal inscriptions) and types
highly specific to Armenian tradition (such as
quyhpwihl, pwpwynph, or gnoguwgnpduwl
wnawlwagnnieinil), many of which are absent
from EAGLE and FAIR Epigraphy vocabularies.

Eventually, we would want to continue to fo-
cus on moving from terminology extraction to-
ward concept modelling. This involves validat-
ing terminology through contextual and distribu-
tional evidence; identifying synonymy, variation,
and fine-grained distinctions; constructing hierar-
chical relations and selecting preferred or alterna-
tive labels; detecting inscription-type concepts ex-
pressed only implicitly through descriptive con-
text; and aligning Armenian-specific categories
with international ontologies while preserving cul-
tural specificity. These steps will advance the
project from surface-level term identification to-
ward a structured conceptual model grounded in
Armenian scholarly practice and will ultimately
support the development of the first Armenian
SKOS vocabulary for inscription types, enhanc-



ing the interoperability and visibility of Armenian
epigraphic heritage within global digital infrastruc-
tures.
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A Prompting

zero_shot_prompt = f"""

You are an expert in Armenian epigraphy.
Your task is to extract specific terms
from the provided text chunks.

For each term, you will identify its
occurrences in the text,

along with the context in which

it appears. The context should include
a few words before and after the term
to provide clarity on its usage.

Each occurrence should be documented
with the following details:

- file_name: The name of the file where
the term was found.

- page_number: The page number in the
document where the term was found.

- term: The term itself.

- context: A snippet of text
surrounding the term.

Each term can have multiple occurrences,
and each occurrence should be

recorded separately and stored in an
Occurrence object. All occurrences of

a term should be grouped under a Term
object, which includes the term, its
definition, and a list of its occurrences.

Finally, all Term objects should be
compiled into an ExtractionResult object.

The text is written in Armenian and may
require special handling. Extract all
occurrences of the following terms from
the document text.

Terms and definitions: {terms}

—--- BEGIN TEXT CHUNK ---
{chunk}
—--— END TEXT CHUNK ---
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