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Abstract

Automatic terminology extraction, also known as automatic term extraction (ATE), is
a natural language processing (NLP) task that identifies specialized terminology from
domain-specific corpora. ATE is often used for terminographic tasks (e.g., the creation
of specialized dictionaries) and contributes to several complex downstream tasks (e.g.,
machine translation and information retrieval). Over the last forty years, considerable
progress has been made in automatic terminology extraction, however, several major chal-
lenges persist.

At the beginning of our studies, most ATE systems relied on either shallow machine
learning (ML) or deep neural networks (e.g., transformers). While the earlier techniques
suffered from time-consuming feature engineering steps and difficulties in generalizing to
new unseen domains, the later approaches solved these problems by introducing the task as
a binary sequence classification problem with transformers variants. However, generating
all possible n-grams from each sentence across all documents for training purposes still
poses a computational challenge. Moreover, current systems only focus on developing a
system to extract the non-nested terms in fully supervised environments, leaving a gap in
capturing nested terms and handling scenarios where there is not enough data. Therefore,
in our thesis, we address these challenges in ATE.

We focus on the following aspects. First, in scenarios where sufficient annotated data is
available for fully supervised settings, we investigate the improvement of neural approaches
by introducing the task as a token classification problem (so-called sequence labeling),
using transformers as a base model with additional representation (e.g., label semantics)
and modified layers (e.g., mixture of experts or MoE, RNN). Furthermore, we build on
the current systems by introducing NOBI, a novel annotation system to better capture the
nested terms. Second, in scenarios where the well-annotated data from the same language
is limited but the data from other languages is suitable for fully supervised settings, we
propose cross-lingual and multilingual learning to exploit the potential of transfer learning
between languages, especially for languages with fewer resources. Third, in scenarios where
both well-annotated data and computational resources are limited, we propose a novel
pipeline called LlamATE that uses large language models (LLMs) as a predictor to query
the candidate terms without additional fine-tuning steps, using only demonstrations with
few shot and self-verification steps.

Our study comes to the following conclusions. First, token classification approaches
(e.g., using XLMR) are valid and promising methods for fully supervised learning in ter-
minology extraction, as they outperform non-sequential and binary sequence classifiers
and reduce the computational challenges mentioned in the benchmarks. Integrating a
MoE layer on top of the deep neural model (e.g., (m)DeBERTA) improves performance
compared to the baseline with a dense token classification head. Using NOBI annota-
tion regimes for the token classifier trained on the datasets with a significant amount
of nested terms shows a visible improvement on single-word terms. Second, our results
on token classification on limited annotated data for a given language demonstrate the
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promising effect of multilingual and cross-lingual cross-domain learning, which is partic-
ularly important when transferring from the rich- to lesser-resourced languages. Finally,
our pipeline, LlamATE, suggests the potential of LLMs with few-shot demonstrations and
self-verification in learning from a few examples in the same domain even without explicitly
naming the domain, as well as the potential in transferring knowledge from well-covered
languages (i.e., English) to less-represented languages in pre-trained LLMs (i.e., French,
Dutch). Even though the LLM-based approaches with few-shot demonstrations are not
a substitute for fully supervised models, they can provide solutions with relatively good
performance without the need for manually annotated data.
Keywords: Automatic terminology extraction, Transformers, Token Classification, Seq2seq,
Large Language Model, Prompt Engineering, In-context Learning, Llama2, ChatGPT.
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Résumé

L’extraction automatique de terminologie (EAT) est une tâche de traitement automatique
du langage naturel (TALN) qui identifie la terminologie spécialisée à partir de corpus
spécifiques à un domaine. En réduisant le temps et les efforts nécessaires à l’extraction
manuelle des termes, l’EAT est non seulement largement utilisée pour des tâches termi-
nologiques (par exemple, la création de dictionnaires spécialisés) mais contribue égale-
ment à plusieurs tâches complexes en aval (par exemple, la traduction automatique et
la recherche d’informations). Au cours des quarante dernières années, des progrès consid-
érables ont été réalisés pour fournir automatiquement une liste classée des termes candidats
à partir de corpus spécialisés; cependant, les tâches d’EAT restent un problème notoirement
difficile.

Au début de notre étude, la plupart des systèmes d’EAT reposaient soit sur des
techniques d’apprentissage automatique simples, soit sur des réseaux de neurones pro-
fonds. Alors que les premières techniques souffrent d’étapes d’ingénierie des caractéris-
tiques longues et de la difficulté de généralisation à de nouveaux domaines invisibles, les ap-
proches ultérieures ont surpassé ces goulets d’étranglement en introduisant la tâche comme
un problème de classification de séquence binaire. Cependant, générer tous les n-grammes
possibles à partir de chaque phrase de tous les documents à des fins d’entraînement pose
toujours des défis informatiques et de stockage. De plus, les systèmes actuels se concen-
trent uniquement sur la construction d’un système pour extraire les termes non imbriqués
dans des paramètres entièrement supervisés, laissant un vide dans la capture des termes
imbriqués et dans la gestion des scénarios où il y a un manque de données bien annotées
dans les mêmes langues. Par conséquent, nous pensons qu’il reste une marge d’amélioration
dans le domaine de l’extraction de termes supervisée.

Pour relever les défis ci-dessus, notre thèse s’est concentrée sur les aspects suivants.
En ce qui concerne les scénarios où les données bien annotées sont adéquates pour des
paramètres entièrement supervisés, nous avons étudié l’amélioration des approches neu-
ronales en introduisant la tâche comme un problème de classification de jetons (appelé
étiquetage de séquence) en utilisant des Transformers comme modèle de base avec une
représentation supplémentaire (par exemple, la sémantique des étiquettes) et des couches
modifiées (par exemple, mélange d’experts, RNN). De plus, nous avons développé les sys-
tèmes actuels en introduisant NOBI, un nouveau régime d’annotation pour mieux capturer
les termes imbriqués. En ce qui concerne les scénarios où les données bien annotées des
mêmes langues sont limitées, nous avons proposé un apprentissage cross-lingue et mul-
tilingue pour mettre en évidence le potentiel du transfert d’apprentissage des langues à
ressources riches ou combinées vers des langues moins dotées dans les systèmes neuronaux.
En ce qui concerne les scénarios où les données bien annotées et les ressources de calcul
sont limitées, nous avons proposé un nouveau pipeline utilisant des modèles de langage vo-
lumineux (LLM) appelés LlamATE comme prédicteur pour interroger les termes candidats
sans aucune étape de réglage fin supplémentaire, en utilisant simplement une démonstra-
tion par few-shot avec des étapes d’auto-vérification.
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Notre étude s’est terminée par les conclusions suivantes. Premièrement, les approches
de classification de jetons (par exemple, XLMR) se sont révélées des méthodes valides
et prometteuses pour l’apprentissage entièrement supervisé en EAT. Ces approches sur-
passent les performances des classifieurs non séquentiels et à séquence binaire, et réduisent
les défis de calcul et de stockage mentionnés dans les tests de performance. L’ajout d’une
couche MoE au-dessus du modèle neuronal profond (par exemple, (m)DeBERTA) a con-
stamment amélioré les performances par rapport à la configuration de base avec une tête
de classification de jetons dense. L’utilisation des régimes d’annotation NOBI a démontré
une amélioration visible pour les termes en un seul mot et multi-mots du classifieur de
jetons entraîné sur le jeu de données dans lequel le nombre de termes imbriqués est suff-
isamment important. Deuxièmement, avec des données annotées limitées provenant des
mêmes langues, nos résultats sur le classificateur de jetons ont mis en évidence l’impact
prometteur de l’apprentissage interdomaine multilingue et interlinguistique lors du trans-
fert des connaissances des langues riches vers des langues moins connues. Enfin, notre
pipeline nommé LlamATE suggère le potentiel des LLM avec démonstration par few-shot
et auto-vérification pour apprendre à partir de quelques exemples dans le même domaine,
même sans que le domaine ne soit explicitement indiqué. Il suggère également le potentiel
de transfert de connaissances des langues bien couvertes (anglais) vers des langues moins
représentées (français, néerlandais) dans les LLM. Bien qu’ils ne remplacent peut-être pas
entièrement les modèles entièrement supervisés, ils peuvent améliorer l’efficacité et la préci-
sion en rationalisant le processus de pré-annotation et en accélérant les efforts d’annotation
manuelle.
Mots-clés: Extraction automatique de terminologie, Transformers, Classification de je-
tons, Seq2seq, Modèle de langage volumineux, Ingénierie des invites, Apprentissage en
contexte, Llama2, ChatGPT.
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Povzetek

Samodejno luščenje terminologije (SLT) oz. samodejno luščenje terminov je naloga ob-
delave naravnega jezika (ONJ), ki identificira specializirano terminologijo v domenskih
korpusih. SLT se ne uporablja le pri terminografskih nalogah (npr. ustvarjanje specializi-
ranih slovarjev), temveč omogoča tudi izboljšavo več drugih kompleksnih nalog s področja
ONJ (npr. strojno prevajanje in luščenje informacij). Kljub temu, da je bil v zadnjih štiri-
desetih letih dosežen pomemben napredek pri samodejnem luščenju terminov, na področju
SLT še vedno obstajajo pomembni izzivi.

V začetku naših raziskav se je večina sistemov za SLT zanašala bodisi na tehnike
plitvega strojnega učenja bodisi na globoke nevronske mreže. Medtem ko so starejše tehnike
trpele zaradi zamudnega postopka izdelave značilk in težav pri posploševanju na nove
domene, so kasnejši pristopi modelirali nalogo kot problem binarne klasifikacije zaporedij
z uporabo modelov arhitekture transformer. Vendar pa so imeli tudi ti začetni pristopi
težavo, saj predstavlja generiranje vseh možnih n-gramov iz stavkov vseh dokumentov
za namene učenja modela računske izzive. Poleg tega pa se novejši sistemi osredotočajo
predvsem na nadzorovano učenje z zadostnim številom podatkov ter zanemarjajo gnezdene
termine. V doktorski disertaciji zato predlagamo metode, s katerimi naslovimo te vrzeli.

V doktorski nalogi se osredotočamo na naslednje vidike. Prvič, v scenarijih, kjer obsta-
jajo kvalitetne ročno označene učne množice za pristope nadzorovanega učenja, predlagamo
izboljšave nevronskih pristopov z modeliranjem SLT kot problema klasifikacije žetonov (t.
i. označevanje zaporedij). Tu kot osnovo uporabljamo modele z arhitekturo transformer,
ki jim kot vhod dodajamo dodatne reprezentacije (npr. semantične reprezentacije oznak),
ali pa spreminjamo dele arhitekture (npr. dodajanje dodatnih slojev na podlagi mešanice
strokovnjakov (ang. mixture of experts) in rekurzivnih slojev). Poleg tega predlagamo
nov sistem označevanja NOBI, ki omogoča boljše zajemanje gnezdenih terminov. Drugič,
v scenarijih, kjer imamo omejeno število ročno označenih podatkov za učenje iz ciljnega
jezika, podatki iz drugih jezikov pa so ustrezni za učenje modelov z nadzorovanimi pristopi,
predlagamo čezjezično in večjezično učenje, s poudarkom na prenosu znanja iz jezikov z
veliko viri na jezike z manj viri. Tretjič, v scenarijih, kjer imamo manj računskih virov
ter podatkov ni dovolj za nadzorovane pristope, predlagamo nov pristop nenadzorovanega
učenja, ki ga imenujemo LlamATE in temelji na velikih jezikovnih modelih. Sistem je
sposoben luščenja terminologije s pomočjo znotraj-kontekstnega učenja (ang. in-context
learning), kjer modelu kot vhod podamo le par primerov primernega luščenja terminologije,
ki naj ga posnema pri luščenju terminologije iz vhodnega teksta. Sistem nato izboljšamo
tudi s pomočjo tehnike samo-preverjanja (ang. self-verification).

Naša študija je prišla do naslednjih zaključkov. Prvič, modeliranje SLT kot klasifikacije
žetonov (npr. z uporabo modela XLMR) je uspešen pristop, saj vodi do boljših rezultatov
kot uporaba binarnih klasifikatorjev za klasifikacijo zaporedij ter hkrati potrebuje manj ra-
čunskih kapacitet. Dodajanje sloja mešanice strokovnjakov na vrh globokega nevronskega
modela (npr. (m)DeBERTA) dosledno izboljša kvaliteto modela v primerjavi z osnovnim
modelom z navadnim linearnim slojem za klasifikacijo žetonov. Uporaba novega anotacij-
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skega režima NOBI za učenje modelov za klasifikacijo žetonov, naučenih na dovolj velikem
naboru podatkov z označenimi gnezdenemi termini, izboljša luščenje. Drugič, ko imamo na
voljo manj podatkov, so pristopi klasifikacije žetonov primerni za prenos znanja iz drugih
jezikov in domen, kar je pomembno predvsem pri prenosu na jezike z manj viri. Nazadnje,
z našim pristopom, poimenovanim LlamATE, nakažemo potencial velikih jezikovnih mo-
delov (LLM) za SLT, saj lahko uspešno opravijo nalogo s pomočjo samo nekaj podanih
primerov luščenja terminov ter tehnike samopreverjanja. Ta pristop deluje tudi brez eks-
plicitnega poimenovanja domene ter pokaže na prenos znanja iz jezikov, ki so pri gradnji
jezikovnih modelov dobro zastopani (npr. angleščina) na manj zastopane jezike. Čeprav ti
modeli ne dajejo dovolj kvalitetnih rezultatov, da bi popolnoma nadomestili modele z nad-
zorovanim učenjem na ročno označenih podatkih, predstavljajo rešitve, ki ne potrebujejo
ročno označenih podatkov, omogočajo pa vseeno dokaj dobro kvaliteto rezultatov.
Ključne besede: avtomatsko luščenje terminologije, arhitektura transformer, klasifikacija
žetonov, veliki jezikovni modeli, oblikovanje in razvoj pozivov, učenje v kontekstu, Llama2,
ChatGPT.
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Chapter 1

Introduction

In this section, we introduce automatic terminology extraction by �rst providing an overview
of terms and terminology de�nitions and focusing on the challenges that their properties
pose for terminology extraction. We then present various applications for terminology ex-
traction and explain our motivation to overcome the existing challenges. We then state
our hypotheses and give an overview of our methods to ful�ll the hypotheses and solve the
challenges we encounter in this task. We then explain our scienti�c contributions and the
context of our research. Finally, we give an overview of the structure of the dissertation.

1.1 Automatic Terminology Extraction

Automatic terminology extraction or automatic term extraction (ATE) is a natural lan-
guage processing (NLP) task that identi�es specialized terminology from domain-speci�c
corpora (see examples of terminology extraction results in Figure 1.1). The Interna-
tional Organization for Standardization (ISO) de�nes the process of term extraction as:
� terminology work that involves the identi�cation and excerption of terminological data
by searching through a text corpus� (ISO:1087, 2019), where terminology workrefers to
work concerned with the systematic collection, description, processing and presentation of
concepts1 and their designations2, terminological data is the data related to concepts and
their designations, and text corpusrepresents a collection of natural language3 data.

Figure 1.1: An example of an ATE system output from a given input sentence.

While ATE has traditionally been valuable and frequently used for several complex

1Unit of knowledge created by a unique combination of characteristics.
2Representation of a concept by a sign which denotes it in a domain or subject.
3Language in active use in a community of people, and the rules of which are mainly deduced from

usage.
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downstream tasks (e.g., machine translation (Wolf et al., 2011), information retrieval (Ling-
peng et al., 2005), and sentiment analysis (Pavlopoulos & Androutsopoulos, 2014)), the
advent of large language models (LLMs) has signi�cantly altered its relevance in these
areas. LLMs have advanced to the point where they can handle these tasks with high
accuracy without relying heavily on pre-extracted terms. As a result, the utility of ATE
in these domains has diminished. However, ATE remains crucial for speci�c applications
within terminology management, particularly in the creation and maintenance of special-
ized glossaries (Maldonado & Lewis, 2016) and dictionaries (Le Serrec et al., 2010). In these
contexts, ATE continues to provide e�cient and accurate extraction of domain-speci�c
terms, facilitating precise communication and knowledge management within specialized
�elds. Despite the shift brought by LLMs, ATE still plays a vital role in ensuring consis-
tency and accuracy in terminology management. In recent years, great progress has been
made in the automatic recognition and classi�cation of term candidates from specialized
corpora. Nevertheless, ATE still represents a major challenge.

1.1.1 Terms and Terminology

We dedicate the �rst part of the introduction to de�ning the terms and terminology as
these concepts form the core of our dissertation. The de�nitions outlined by the Inter-
national Organization for Standardization (ISO) serve as a starting point from which the
�Terminology work and terminology science � Vocabulary� 4 (ISO:1087, 2019) provides a
systematic description of the concepts related to terminology work and terminology science
and to clarify the use of the terms in this �eld. The following two de�nitions are directly
taken from ISO:1087 (2019):

Terminology : set of designationsand conceptsbelonging to one domainor subject,
Term : designation that represents a general conceptby linguistic means,

where designationis de�ned as the representation of a concept by a sign that denotes
it in a domain or subject; conceptsrefers to the unit of knowledge created by a unique
combination of characteristics; general conceptsrepresents a concept that corresponds to a
potentially unlimited number of objects which form a group by reason of shared properties;
domain is the �eld of special knowledge; and subjectas an area of interest or expertise. As
mentioned in the de�nition, the fundamental characteristic of terminology is its relation
to a speci�c domain, which distinguishes it from the general language5.

In Glossary of Terms, De Bessé et al. (1997) de�ned aterm as a�lexical unit consisting
of one or more than one word which represents a concept inside a domain�, and provided
three di�erent de�nitions for terminology, including: [1] �The vocabulary of a subject �eld�.
The other two meanings ofterminology from De Bessé et al. (1997) are related to the [2]
�The study of terms, concepts, and their relationships�; and [3] �The set of practices and
methods used for the collection, description, and presentation of terms�. While the �rst
de�nition of terminology is similar to ISO's, the other two relate more to the activities and
studies of terms. Kageura (2012) de�ned the inter-relation between term and terminology
as follows: �...we need the concept "terminology" to pursue the study of terms and termi-
nologies, while a concrete study should start from individual terms or a set of terms that
is regarded as representing a terminology...�.

4https://www :iso:org/obp/ui/en/#iso:std:iso:1087:ed-2:v1:en
5General language is characterized by the use of linguistic means of expression independent of any

speci�c domain.



1.1. Automatic Terminology Extraction 3

Similar to De Bessé et al. (1997), several researchers and experts have investigated the
classical de�nition of terms, i.e., �any conventional symbol representing a concept de�ned
in a subject �eld� (Felber, 1984); �words that are assigned to concepts used in the special
languages that occur in subject �elds or domain-related texts�(Wright, 1997); or �lexical
units used in a more or less specialized way in a domain�(Kageura, 2012). Calling terms
�lexical units� instead of �words� better highlighted two main characteristics: [1] Terms
can be both single-word (e.g.,�acetylcholinesterase�) and multi-word (e.g., �adenylyl cy-
clase�, �amino-terminal pro-b-type natriuretic peptide� ); and [2] the relation of the term
to a specialized domain or subject. Cabré Castellví and Sager (1999) speci�ed the later
characteristic as follows: �...most salient distinguishing feature of terminology in compari-
son with the general language lexicon lies in the fact that it is used to designate concepts
about special disciplines and activities...�. Conversely, the modern approaches considered
terms to be �linguistic units that are subject to all of the same phenomena as general lex-
ica, including variation and ambiguity� (L'Homme, 2020). However, de�ning a boundary
between a specialized language and a general one is still ambiguous. Kageura (2015) con-
cluded that �what makes some lexical unit terms is their usage and social recognition within
a given domain, subject or vocation. Without such extra-linguistic information, we cannot
identify lexical units in a given text as "terms"� . This partially corresponds to previous
studies, stating that �...formally terms are indistinguishable from words...� (Sager, 1998)
and �...There is no fully operational de�nition of terms...� (Gaussier, 2001).

The idea of these de�nitions was shared by various later versions of ISO until the�Health
informatics � Clinical particulars � Core principles for the harmonization of therapeutic
indications terms and identi�ers� 6 (ISO/TS 5499:2024), in which terminology and term
are largely interchangeable.

Terminology : structured, human readable and machine-readable representation of
concepts,
Term : linguistic representation of a concept,

Term and terminology can be used interchangeably in some contexts. For instance,
automatic term extraction and automatic terminology extraction refer to the same task,
and are sometimes even used within the same text. This dissertation will useterm and
terminology interchangeably, as while we extract individual designations, the �nal result
is a set of the candidate terms, i.e., the terminology.

Despite the involvement of domain experts and specialists in the naming of scienti�c
concepts, terminology was not considered a scienti�c discipline or �eld of study until the
work of Wüster (1974, 1991), in particular, his general theory of terminology was an inspi-
ration for terminology research studies. In Wüster (1974), he explained that this general
theory of terminology spreads into other disciplines such as linguistics, logic, ontology,
information science, and other sciences; a fact that makes terminology interdisciplinary
(drawing from several �elds of study) and multidisciplinary (making use of several disci-
plines at once). Inspired by previous research, Valeontis and Mantzari (2006) also described
terminology as an interdisciplinary �eld: �The interdisciplinarity of terminology results
from the multifaceted character of terminological units, as linguistic items (linguistics), as
conceptual elements (logic, ontology, cognitive sciences) and as vehicles of communication
in both scienti�c and generic language contexts�. Pimentel (2015) emphasized thetermi-
nology as a separate scienti�c discipline:�grown into a multi-faceted science, which seems
to have reached adulthood�.

6https://www :iso:org/obp/ui/#iso:std:iso:ts:5499:ed-1:v1:en:term:3 :1:11
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1.1.2 Applications

The increasing interest in terminology is no surprise given the constantly growing volume
of specialized communication. However, the manual extraction of the candidate terms is
often time-consuming and labor-intensive. Therefore, ATE was born as an NLP task that
reduces the e�ort of manually identifying terms from domain-speci�c corpora by providing
a list of candidate terms. This section focuses on illustrating the importance of ATE
tasks with application examples, which can be divided into three categories: [1] ATE for
terminology management (Le Serrec et al., 2010; Ortego-Antón, 2021; Repar et al., 2019b),
[2] ATE as part of an NLP pipeline (Terryn et al., 2019; Yan et al., 2017), and [3] ATE as
a commercial product (e.g., TERMite, Sketch Engine).

1.1.2.1 Automatic Terminology Extraction for Terminology Management

Maldonado and Lewis (2016) considered ATE the �rst step in many terminology man-
agement processes (e.g., glossary construction and curation). Le Serrec et al. (2010) in-
vestigated how standalone and combined single-word terminology extraction and bilingual
lexical alignment assisted terminologists when compiling bilingual English-French dictio-
naries on climate change. The French candidate terms were �rst extracted using TermoStat
(Drouin, 2003) and then submitted to the lexical aligner named Alinea. The results of lex-
ical alignment were analyzed based on a typology of terminology equivalents, which proved
the valuable potential of both tools to compile bilingual dictionaries. Similarly, Ortego-
Antón (2021) took advantage of the task to create a Spanish-English specialized dictionary
about dried meats with the following procedure: Given the comparable non-aligned corpus
as the input, TermoStat (Drouin, 2003) extracted the candidate terms using L'homme
(2004)'s principles for terminography, thus, building a bilingual termbase with the special-
ized tool MultiTerm 7 and �nding all relevant information with a freeware tool for corpus
analysis named AntConc8. Repar et al. (2019b) introduced TermEnsembler, a system
for semi-automated bilingual terminology extraction and alignment, focusing on English
and Slovenian. TermEnsembler proposed a novel Phrase-Table-Based Alignment (PTBA)
method based on Pialign (Neubig et al., 2011) and a new method using an evolutionary
algorithm to combine solutions of an ensemble of elementary term alignment algorithms.
The system developed for one of Southeast Europe's largest language service providers,
achieved up to 96% accuracy in aligning terms in the 400 best-matching term pairs.

Recently, the Slovenian Terminology Portal9, developed as part of the Development of
Slovene in a Digital Environment Project, is a platform which allows registered users to
create their specialized corpus, analyze it with an online concordance tool, use a termi-
nology extraction tool to extract candidate terms from their texts or already published
texts, and import the list of extracted candidate terms into the editor where they can add
de�nitions or equivalents in foreign languages to create their terminology resource. The
terminology extraction process is based on statistical and neural methods, including the
neural sequence labeling approach (H. Tran et al., 2022) developed as part of this thesis.
This is one of the signi�cant contributions to smaller lesser-known European languages
such as Slovenian and one of the �rst tools that leverage deep learning (transformer-based
models) as the base model for terminology extraction tasks.

7https://www.trados.com/product/multiterm/
8https://www.laurenceanthony.net/software.html
9https://terminoloski.slovenscina.eu/
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1.1.2.2 Automatic Terminology Extraction as Part of an NLP Pipeline

ATE had served as a powerful building block within an NLP pipeline by acting as a pre-
processing step or an information distillation tool, which can enrich various downstream
tasks, such as information retrieval (Lingpeng et al., 2005), machine translation (Wolf et
al., 2011), aspect-based sentiment analysis (Pavlopoulos & Androutsopoulos, 2014), hy-
pernym detection (Rigouts Terryn et al., 2016), and search engine optimization (Terryn
et al., 2019). However, with the advent of LLMs, this direction became less important
but identifying technical terminology and aligning them is still a challenge. No systematic
evaluation of the terminology extraction on other downstream tasks (e.g., machine trans-
lation), leaving an open discussion about the impact of LLMs with and without additional
information from specialized terminology dictionaries.

Information Retrieval (IR). ATE tasks have been commonly used for re-ordering steps
in IR systems to improve document-level precision. L. Yang et al. (2004) used the extracted
long terms in query and documents to reorder retrieved documents in Chinese IR systems
with a four-step procedure: [1] cluster the whole document set into clusters, [2] extract
global key terms from these clusters, [3] �nd local terms in a query or a document using
these global terms and their frequencies, and [4] re-calculate the similarity between query
and document using long local terms and re-order the retrieved documents using the new
similarity value. Likewise, Lingpeng et al. (2005) extracted the candidate terms in the
query and calculated their importance. They then re-ordered retrieved documents by the
kinds of terms in the query they contain to boost the precision of Chinese IR tasks.

Machine Translation. An important part of translating domain-speci�c terms, which
covers a large portion of the task (Katan, 2009), is �nding the correct equivalents for
domain-speci�c terms. Fähndrich (2005) estimated that around 20-50% of translators'
working time was spent on terminology research. Bowker (2015) has proven that a well-
managed terminology system could improve the quality of a translation, reduce the time
and cost of the process, improve corporate branding, and prevent legal liabilities. An
example of a signi�cant contribution to the translation task was provided by Xiong et al.
(2016). It has integrated three models (e.g., for solving term translation disambiguation,
term translation consistency, and term unithood, respectively) into a hierarchical phrase-
based statistical machine translation system to improve the accuracy of translation of
domain-speci�c terms. Haque et al. (2018) proposed TermFinder, a bilingual multi-word
term extractor that uses log-likelihood comparison to extract source and target terms
independently from both sides of a parallel domain corpus, and align them using the Phrase-
Based Statistical Machine Translation (PB-SMT) model (Koehn et al., 2003). Haque et al.
(2020) facilitated the assessment of terminology errors in machine translation by using PB-
SMT in combination with neural machine translation (NMT). This has improved English-
Hindi and Hindi-English translation and re�ned the quality of terminology translation.

Aspect-based Sentiment Analysis.ATE systems have also proven their usefulness in
aspect-based sentiment analysis where the polarity can be analyzed for speci�c targets
rather than for an entire sentence or text, as in sentiment analysis. De Clercq et al. (2015)
applied the TExSIS (Macken et al., 2013) term extractor to identify relevant entities for
aspect-based sentiment analysis in restaurant and laptop reviews. The identi�ed entities
are then aggregated into broader aspect categories and fed into a lexical and pointwise
mutual information-based classi�er to learn and infer how strongly an aspect is associated
with positive or negative sentiments. Similarly, a comparable approach has been proposed
for Russian (Mayorov et al., 2015).

Hypernym Detection.Rigouts Terryn et al. (2016) extracted the candidate terms for the
automatic recognition of Dutch hypernyms. The recognition was a three-stage procedure
consisting of three consecutive modules: [1] a pattern-based regular expression module, [2]
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a morphosyntactic-based hypernym recognition module, and [3] a complex noun decompo-
sition module. The ATE task was used to �nd relevant single and multi-word candidate
terms for which hypernyms should be recognized, and as an additional �lter to remove can-
didates with an unlikely part-of-speech (PoS) pattern unless they received a high termhood
score.

Search Engine Optimization.Terryn et al. (2019) took advantage of TExSIS (Macken
et al., 2013), a hybrid tool for bilingual ATE from parallel corpora, to improve the search
engine on a medical website. While this strategy was more error-prone and required more
extensive manual validation, it was able to lead users to relevant information that did not
necessarily contain their exact search terms.

1.1.2.3 Automatic Terminology Extraction as Commercial Products

This section explores commercially available software tools developed for automatic termi-
nology extraction. These systems process text data to identify key terms from text data
in a variety of domains (e.g. patent documents and medical reports).

TERMite 10 (TERM identi�cation, tagging & extraction tool), developed under SciBite
(an ELSEVIER company), is the paid, ultra-fast extraction engine for semantic analy-
sis. TERMite took advantage of high-quality, hand-curated vocabularies and ontologies
(VOCabs), such as MeSH11, Uniprot 12, or MedDRA13, to extract candidate terms from sci-
enti�c medical texts, transforming unstructured content into rich, machine-readable data.

NoSketchEngine14 and Sketch Engine15 software tools explore how language works with
800 ready-to-use corpora in more than 100 languages. Each corpus contains up to 80 billion
words in size to provide a truly representative sample of the language. Both versions include
terminology extraction and bilingual terminology extraction with combined statistical and
linguistic analysis. While the former extracts the candidate terms in the documents or in
specialized texts that the user uploads or that the Sketch Engine can �nd on the Internet,
the latter is carried out using the translation memory that the user uploads. The result is
a bilingual list of candidate terms and their translations. The extracted candidate terms
require very little, if any, manual cleaning or post-processing.

Tilde Terminology16 is a cloud-based tool that uses a combination of linguistic analysis
and statistical methods to recognize and extract term candidate terms. Tilde investigates
a variety of features, including the ability to search for terms in the largest European
terminology database, create custom and shared term collections in a simple cloud-based
terminology platform, and �lter terms by PoS, frequency, and other criteria.

MultiTerm Extract 17 is an application that checks the frequency of terms at a sub-
segment level and enables the user to build project glossaries without having to manually
search for the terms. The main purpose of MultiTerm is to automatically identify and ex-
tract the candidate's monolingual or bilingual terms from existing documents. MultiTerm
provides a central place to store and manage multilingual terminology, helping to quickly
create termbases and glossaries and deliver consistent, high-quality content from source to
translation.

Wordbee18, as part of the Wordbee Translation Suite, is an all-in-one terminology so-

10 https://scibite.com/platform/termite/
11 https://www.ncbi.nlm.nih.gov/mesh/
12 https://www.uniprot.org/
13 https://www.meddra.org/
14 https://www :sketchengine:eu/nosketch-engine/
15 https://www :sketchengine:eu/
16 https://term.tilde.com/
17 https://appstore.rws.com/plugin/109
18 https://wordbee.com/termextractor/
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lution speci�cally designed for translators to extract candidate terms, related synonyms
and variants from bilingual documents. The terminology assets follow the TermBase eX-
change standard (TBX 3.0), an open XML-based international standard for the exchange
of structured terminological data that makes it easy for users to identify, �lter, and export
terms from project �les.

1.1.3 Challenges

Despite the importance of term identi�cation and the great attention that this task receives
in research, correct recognition and extraction of terminology remain a di�cult task due
to the following challenges.

1.1.3.1 Consensus on the De�nition of a Term

Despite several di�erent de�nitions (as discussed in Section 1.1.1) that have been proposed
to describe the meaning of a term, and despite e�orts to distinguish between terms and
general vocabularies (Hätty & im Walde, 2018; Ho�mann, 1985; Pearson, 1998), there is
still a lack of a clear and consensual distinction between terms and non-terms (Pazienza
et al., 2005).

The de�nition of term is still arbitrary and controversial. It is di�cult to agree on
the di�erence between terms and general vocabulary in a corpus since terms vary between
di�erent domains, languages, and applications (Ho�mann, 1985). The terms may di�er
signi�cantly in di�erent domains, which makes it di�cult to develop universal methods
for terminology extraction. For example, as emphasized in the work of De Bessé et al.
(1997), a term can be de�ned as�a lexical unit consisting of one or more than one word
which represents a conceptinside a domain.� . In the context of technical domains, De
Bessé et al. (1997) classi�ed terms into three categories: [1] general terms of a subject
�eld (e.g., descriptions, instructions and textbooks, patent descriptions, and other non-
industry-speci�c terms), [2] craft-, industry-speci�c- and even �rm-speci�c terms, and [3]
product-speci�c terms. Meanwhile, in relation to applications, Hätty and im Walde (2018)
discussed that the de�nition of terms is much more relevant for annotators (e.g., annotating
terms for di�erent applications) and applications (e.g. di�erent professionals identifying
the candidate terms).

The disagreement in term de�nition also extends to various aspects. L'Homme (2020)
addressed this problem with three questions: [1] whether the lexical unit is relevant to
the subject �eld, e.g., the length of the terms (single and/or complex terms), [2] whether
proper nouns can be terms (e.g., PoS patterns), and [3] what is the level of terminological
variation (e.g., whether or not named entities should be included as part of the terms).

On the one hand, Bourigault (1992) emphasized the di�culty of extracting one-word
terms: �term extractors focus on multi-word terms for ontological motivations: single-word
terms are too polysemous and too generic and therefore it is necessary to provide the user
with multi-word terms that represent �ner concepts in a domain�. Meanwhile, Heylen and
De Hertog (2015) explained that this di�culty was due to the lack of good statistical
measures to evaluate, for example,termhood and unithood. Formally, unithood refers to
� the degree of strength or stability of syntagmatic combinations and collocations� (Kageura
& Umino, 1996), and termhood is de�ned as �the degree that a linguistic unit is related to
domain-speci�c concepts� (Kageura & Umino, 1996). Although the former is only relevant
to complex terms, the latter concerns both simple terms and complex terms. Recently,
termhood has often been equated with unithood, focusing on complex and multi-word
terms. As termhood measures are now more readily available and applicable thanks to
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increased computational power and the availability of large corpora, some approaches take
the opposite approach and focus exclusively on one-word terms (Nokel et al., 2012).

On the other hand, L'Homme (2020) has emphasized PoS factors as follows:�The vast
majority of terms are nouns. This is a consequence of the focus of terminology on concepts
(most of them are entities) and the way concept is approached. Even in cases where activity
concepts (linguistically expressed by nouns or verbs) or property concepts (prototypically
expressed by adjectives) need to be taken into account, nouns are still preferred�. Recently,
Rigouts Terryn et al. (2021) raised a further question as to what types of entities can be
included as terms and emphasized the need for consistency, that all extracted terms must
be speci�c to the domain of the analyzed text, whether with or without named entities.

In short, there are still no clear and fully agreed formal characteristics that distinguish
terms from general language. Criteria such as the length and PoS of terms, the inclusion
of proper names, and relevance to a particular domain all depend on the context in which
they are to be employed.

1.1.3.2 Data Acquisition Bottleneck

Astrakhantsev et al. (2015) dealt with the bottleneck in data collection as a challenge in ter-
minology extraction tasks, especially in the creation of the gold standard. Building domain-
speci�c corpora with manual terminology annotation is error-prone, labor-intensive, time-
consuming, and subjective. There are two main reasons for this: the notoriously low level
of agreement between annotators and the lack of consensus on an annotation protocol. As
a result, it is pragmatically problematic to combine multiple datasets into a diverse and
comprehensive corpus. Even in the most transparently annotated corpora such as AC-
TER (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020), the current benchmark dataset,
although parts of the corpora were annotated by multiple annotators to calculate inter-
annotator agreement, while language students helped with the annotation, the bulk of the
annotation work was done by a single annotator. As terminology is highly subjective, this
dataset is inevitably partially subjective. Building a corpus that ful�lls the requirements
of transparency and subjectivity (e.g., through semi-automatic checks, the development of
guidelines, and agreements between annotators) is essential.

The di�culty of obtaining parallel corpora for speci�c domains is also an obstacle
to multilingual terminology extraction. One solution is to switch to comparable corpora
instead (Delpech et al., 2012; Rigouts Terryn, Hoste, & Lefever, 2020). The corpora
then contain texts in di�erent languages that are not translations but have almost the
same vocabulary on a comparable topic. In contrast to parallel corpora, however, it is
impossible to know where these equivalent terms can be found or whether they exist at all.

1.1.4 Motivation

The �eld of terminology extraction has come a long way, but there is still room for ad-
vancement. In this section, we highlight the current landscape, identify the gaps and a
range of novel methods developed in the scope of the thesis to �ll them.

1.1.4.1 Terminology Extraction Improvement from the Perspective of Sequence-
Labeling Models

Our goal was to improve the performance of extracting the candidate terms from text
sequences by considering the task as a token classi�cation task using di�erent transformer
variants.
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Thanks to the TermEval 202019 shared task, several deep learning (DL) based methods
were proposed to solve the challenges. However, the winning solutions (Hazem et al.,
2020) and the latest research (Lang et al., 2021) mostly considered the ATE tasks as
binary sequence classi�cation tasks. These approaches relied on the positive (is-a-term)
and negative (not-a-term) samples generated from all possible n-grams of a �xed length
of a given sentence. Despite the superior predictive performance compared to other ML-
based approaches, the process of generating all possible n-grams from each sentence across
all documents for training purposes poses computational and storage challenges.

Meanwhile, the latest trend is the use of token classi�cation methods where the candi-
date terms are detected in their original contexts, usually by classifying each token in the
text sequence as (part of) a term or not. Thus, instead of having a label for the whole
span of the text sequence, the token classi�er assigns a label for each token. Nonetheless,
a majority of the works tested this mechanism on non-neural models (e.g., CRF (Judea
et al., 2014; Kucza et al., 2018)) or classical neural ones (e.g., LSTM, BiLSTM, LSTM-
CRF, and BiLSTM-CRF (Andrius, 2020; Han et al., 2018; Hazem et al., 2022; N. T. Le &
Sadat, 2021)).

With the advent of language models, we embraced transformer-based token classi�ca-
tion as an alternative strategy of binary sequence classi�cation for ATE tasks. On the one
hand, since this approach operates without upfront n-gram generation and handles each
sentence as a single example that needs to be labeled, it is considerably more time-e�cient
than the previous binary sequence classi�cation approach. On the other hand, transformer
variants have several advantages over classical neural approaches such as parallelization
(e.g., analyzing all relationships between words simultaneously) and better contextual
understanding (i.e., a deeper understanding of context and relationships between words
thanks to self-attention mechanisms).

1.1.4.2 Terminology Extraction Improvement from the Perspective of Anno-
tation Regimes

Another aspect that is important for terminology extraction is the recognition of nested
terms. Nested terms are de�ned as �terms that appear within other longer terms, and may
or may not appear by themselves in the corpus� (K. Frantzi et al., 2000). We have dived
deeper into improving the extraction of candidate terms by developing a new annotation
procedure to improve the e�ciency of the classi�er in capturing nested terms.

In many practical applications, it is common for terms to have a nested structure, where
one term can contain other terms or be part of others. ’. Vintar (2004) initially proposed
to rank and/or discard nested terms based on the C-value, but the results of the proposed
approach were not satisfactory. Marciniak and Mykowiecka (2015) later identi�ed them by
combining grammatical correctness and normalized pointwise mutual information (NPMI)
based on bigrams in a corpus. However, the e�ciency of this method strongly depends
on the corpus features (e.g., size, thematic homogeneity, and phrase frequency). Recently,
Gao and Yuan (2019) proposed an end-to-end architecture that formulated the task as
the progress of classi�cations and ranking, which considered all possible n-gram spans
or segmentation in the sentence and distinguished whether they can be domain-speci�ed
terms in the sentence. Nonetheless, this su�ers from reduced recall due to ranking and its
threshold output does not apply to new, unseen domains.

For other downstream NLP tasks that share the same mechanisms (e.g., named entity
recognition, keyword extraction), there are other approaches in addition to the common

19 A platform for researchers working on ATE systems with the ACTER corpora
(https://termeval.ugent.be/).
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sequence labeling tag regimes (e.g., BIO (Ramshaw & Marcus, 1999), IOBES (Lester,
2020), BMEWO (Ratinov & Roth, 2009), BILOU (Ratinov & Roth, 2009)). However,
none of them, except the BIO regime for the sequence-labeling approach, has been applied
yet for terminology extraction.

Furthermore, our study (H. T. H. Tran, Martinc, Doucet, & Pollak, 2022) pointed out
that the two most common errors made by the tested classi�ers were to predict a shorter
term nested in the ground truth term and vice versa, i.e., the model sometimes generated
the terms not covered in the ground truth, containing a nested term. This insight led us
to a hypothesis about the insu�ciency of the widely used BIO labeling regime (Hazem
et al., 2020). This regime does not allow labeling the nested terms and giving the model
the necessary information to avoid the above mistakes. Therefore, our goal has been to
develop a new annotation regime to better capture nested terms to improve the classi�er's
performance.

1.1.4.3 Improvement via Cross-domain, Cross-lingual, and Multilingual Learn-
ing

Our goal was to bridge the gap in techniques between extracting general information and
domain-speci�c terms. We developed di�erent approaches that allow modeling and ac-
counting for the domains with specialized language (including dominant and lesser-known
European languages) while bene�ting from the knowledge gained from common languages
and vocabularies.

Current research on ATE tasks deals with two major issues: [1] the data collection
for a speci�c �eld of expertise or domain is often non-existent or modest, and [2] the
available well-annotated corpora are scarce, especially for lesser-known languages (e.g.,
Slavic languages). To address the former issue, J. Liu et al. (2018) proposed to use a
concatenated vector of the one trained on the specialized corpora and the general corpora
as a new word embedding. In other words, they concatenated a relatively small size word
vector from the specialized corpora and a relatively large size one from the general corpora
to increase the total training corpora. However, this technique is di�cult to apply to
most ATE tasks, as it still requires an �appropriate� amount of domain-speci�c, manually
annotated data, which is scarce (i.e., the second problem).

In addition, zero-shot and few-shot learning have gained popularity as advanced ap-
proaches to overcome the problem of limited availability of annotated corpora. In zero-shot
learning, a model must categorize examples or instances into classes without seeing the ex-
amples of those classes during training. In contrast, few-shot learning allows the model to
categorize examples or instances into classes with only a handful of training examples. In
our case, both are based on the transfer of knowledge that the model receives from a rich
domain/language with lots of annotated data to a lesser domain/language with little or no
data.

Therefore, we proposed three settings: [1] cross-domain learning throughout our in-
vestigation, [2] cross-lingual learning, and [3] multilingual learning. The cross-domain
learning checks the generalization capabilities (and thus usefulness) of the model, i.e., how
successfully the knowledge the model obtains on one domain can be applied to an arbitrary
new unseen domain (i.e., zero-shot learning at the domain level). Meanwhile, cross-lingual
learning examines how well the ATE model performs without the language-speci�c training
corpus and how good the knowledge transfer between di�erent languages is (i.e., zero-shot
learning at the language level). In addition, we investigated whether adding more data
from other languages to the training set in the target language improves the model's per-
formance through multilingual learning.
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1.1.4.4 Terminology Extraction Improvement from the Perspective of Gener-
ative Models

The emergence of large-scale language models (LLMs) has signi�cantly improved perfor-
mance on several downstream tasks (Vilar et al., 2022). Two strategies for integrating
LLMs in these tasks include �ne-tuning and in-context learning (ICL) techniques. While
the �ne-tuning involves initializing a pre-trained model and conducting additional training
epochs on task-speci�c supervised data, ICL leverages the ability of LLMs to generate
texts with only a few task-speci�c examples as demonstrations. The concept of prompts
with few-shot demonstrations was �rst introduced by Radford et al. (2019), followed by
an empirical analysis of the ICL paradigm with GPT-3 (Brown et al., 2020) and PaLM
(Chowdhery et al., 2022). With the release of ChatGPT20 by OpenAI and the blossom-
ing of open-source LLMs (e.g., Llama (Touvron et al., 2023), Mistral (Jiang et al., 2023),
Zephyr (Tunstall et al., 2023)), recent research has focused on evaluating their performance
in various NLP tasks. Despite their attraction, none of these systems has yet been used to
solve the task, leaving a gap in terminology research.

We examined how well LLMs were able to extract the domain-speci�c terms and com-
pared their performance through an empirical study of di�erent prompting strategies across
languages. We bridged the gap between text generation and sequence labeling inherent
in the ATE task by guiding LLMs to produce predictions with speci�c output formats.
Instead of �ne-tuning directly, we applied the ICL technique, where we considered LLMs
as predictors and prompted the model with a few examples of sentences covering terms
and non-terms in mono- and cross-domain/lingual transfer. In this way, we evaluated
their potential use within pragmatic, real-world applications characterized by the limited
availability of labeled examples.

1.2 Hypotheses and Methodology Overview

In this dissertation, we formulate three primary directions on how we approach the task of
terminology extraction with respect to methodology and annotation regimes, namely [1]
Terminology Extraction from the Perspective of Sequence Labeling Models; [2] Terminology
Extraction from Perspective of Annotation Regimes; and [3] Terminology Extraction from
the Perspective of Generative Models. We present our hypotheses for each direction and
brie�y describe how we formulated and veri�ed them.

1.2.1 Terminology Extraction from the Perspective of Sequence-Labeling
Models

In this direction, we have identi�ed �ve di�erent hypotheses from the perspective of
sequence-labeling models, which we evaluate in Chapter 4 of this dissertation.

1.2.1.1 H1: Terminology Extraction Bene�ts from Sequence Labeling Models

[H1.1] Token Classi�cation Models vs. Binary Classi�cation Models : �A token
classi�er trained on a monolingual dataset in cross-domain setting surpasses the perfor-
mance of binary classi�cation system in extracting the candidate terms.�

We considered terminology extraction as a token classi�cation (so-called sequence la-
beling) task and the transformer-based (e.g., XLMR) models as a token classi�er where the
model returned a label for each token in a text sequence using the BIO labeling scheme. We

20 https://openai.com/chatgpt
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compared our proposed approaches with the benchmarks that used ML- and transformer-
based models as binary classi�ers to verify our hypothesis. Both models were implemented
in cross-domain settings where the classi�er predicts new unseen domains.

[H1.2] Cross-lingual Transfer vs. Monolingual Learning: �In a zero-shot cross-
lingual setting, a token classi�er achieves comparable results to monolingual training in a
target language.�

We evaluated the capability of the model to apply the knowledge learned in one or
more languages for ATE in another unseen language when no data was available for a
target language. Therefore, we �ne-tuned the terminology extraction model in one or more
languages (e.g., English and Dutch) and tested it in another language, not appearing in the
train set (e.g., French). To prove our hypothesis, we compared our proposed approaches
with the monolingual setup where the model performs when there is a language-speci�c
training corpus available and there is a match between the language of the train set and
that of the test set.

[H1.3] Multilingual Learning vs. Monolingual Learning: �A token classi�er
trained on multilingual datasets and applied to a seen target language outperforms the
monolingual models trained on the target language and cross-lingual models not trained on
the target language.�

We investigated whether adding more data from other languages to the training set in
the target language improves the predictive performance by �ne-tuning models using [1]
training datasets from those languages in the ACTER (English, French, and Dutch) or [2]
training datasets from the languages in the ACTER plus the Slovenian training dataset
from the RSDO5 corpus, and then apply the model to the test sets of all languages in the
ACTER dataset. To prove our hypothesis, we compared our proposed approaches with
monolingual and cross-lingual setups.

[H1.4] The Impact of Labeled Semantics Information in Terminology Ex-
traction: �The integration of label semantic information into a token classi�er based on
BERT outperforms the base model.�

We proposed LIT, a novel architecture consisting of four components: an Encoder, a
Feature extractor, a Decoder, and a Cosine similarity operation. The �rst three components
worked together to generate an embedding for the target token. This embedding was then
compared to the embeddings of term labels generated by the decoder using cosine similarity.
The �nal prediction was based on the resulting similarity score. We test the hypothesis in
a monolingual cross-domain setting.

[H1.5] The Impact of Mixture of Experts in Terminology Extraction: �A
novel token classi�cation head architecture that combines a mixture of experts (MoE) and
recurrent neural networks (RNN) on a transformer-based model outperforms the base token
classi�cation model.�

We proposed MOSES, a novel architecture with (m)DeBERTa as the backbone and a
new token classi�cation head containing di�erent layers of the mixture of experts (MoE)
and recurrent neural networks (RNN). We were interested in the speci�c contributions
that the MoE and RNN layers have on the model's performance (either individually or
together). Therefore, we compared the settings that contained these components with the
baseline (m)DeBERTa model with a conventional (dense) token classi�cation head.

1.2.2 Terminology Extraction Perspective of Annotation Regimes

Using sequence-labeling approaches, we have shown the obstacles in capturing the nested
term and proposed a hypothesis from the perspective of annotation regimes, which we
evaluate in Chapter 5 of this dissertation.
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1.2.2.1 H2: Terminology Extraction Bene�ts from Nested Annotation Regime

[H2.1] The Impact of Nested Term Annotation in Terminology Extraction:
�An annotation regime that captures additional information with regard to nested terms,
improves the performance of token-based terminology extraction.�

The error analysis revealed that the two most common errors that the token classi�ers
made with the standard BIO annotation were that they predicted a shorter term nested
in the ground truth term (prediction: mass spectrometric, ground truth: mass spectromet-
ric analysis) and vice versa, i.e., the model sometimes generated longer candidate terms
not covered in the ground truth that contained a nested term (prediction: epithelial to
mesenchymal transition marker, ground truth: epithelial and mesenchymal). This insight
led to a hypothesis about the insu�ciency of the widely used BIO labeling regime. This
regime did not allow labeling of the nested terms and failed to provide the model with full
information on nested terms to avoid the above mistakes. Therefore, we proposed a new
NOBI annotation regime to capture single nested terms better and tested the hypothesis
that the NOBI regime leads to higher results than the standard BIO regime.

1.2.3 Terminology Extraction from Perspective of Generative Models

We investigated another direction in which we took advantage of generative models for
terminology extraction. In this direction, we formulated the problem into three hypotheses
and evaluated them later in Chapter 6 of this dissertation.

1.2.3.1 H3: Terminology Extraction Bene�ts from Generative Models

[H3.1] Terminology Extraction as Seq2Seq Classi�cation Tasks: �Token classi�-
cation model outperforms Seq2Seq models on terminology extraction task.�

We considered terminology extraction as a template Seq2Seq ranking task where the
original sentence was the source sequence, and the template �lled with the candidate term
spans was the target sequence during training. To prove our hypothesis, we compared our
approaches with the benchmark of sequence labeling (token classi�cation) approach.

[H3.2] Large Language Models (LLMs) as Instructors for Terminology Ex-
traction: �Large-scale language models with few-shot demonstration prompting using gen-
erative output formats leads to slightly lower performance, but avoids the need for extensive
data annotation.�

We have investigated the applicability of open-source (LLama2-chat) and closed-source
(ChatGPT ) large-scale language models (LLMs) in the ATE task in three prompting-
output designs: [1] sequence-labeling response, [2] text-extractive response, and [3] �lling
in the gap between the two types by text-generative response. In doing so, we hypoth-
esized that while prompting sacri�ced some performance compared to fully supervised
sequence-labeling baselines (a loss of a few percentage points), it o�ered a valuable trade-
o� by eliminating the need for extensive data annotation and computational e�orts. This
demonstrated the potential of our model for real-world applications characterized by the
limited availability of labeled examples.

[H3.3] The Domain Is Important for Automatic Terminology Extraction
in the Era of LLMs: [1] �When employing LLMs for terminology extraction, few-shot
demonstration prompting with self-veri�cation allows us to predict terms without needing
explicit information about the domain of the examples. This works for examples within the
same domain as well as across di�erent domains.�; [2] �Using LLMs for few-shot demon-
stration prompting in cross-lingual transfer, with self-veri�cation, allows for e�ective trans-
ferring of knowledge from well-represented languages to less-represented ones.�
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We proposedLlamATE , a framework to verify the impact of domain speci�city on ATE
when using ICL prompts in open-sourced reinforcement learning with human feedback
(RLHF) models, namely Llama-2-Chat. We evaluated how well instruction-tuned models
perform with di�erent levels of domain-related information in both rich-resourced (English
and French) and lesser-resourced European languages (Dutch) from ACTER datasets, i.e.,
in-domain and cross-domain demonstrations with and without domain enunciation. Fur-
thermore, we examined the potential of cross-lingual and cross-domain prompting to reduce
the need for extensive data annotation of the same domain and language. In addition, we
shed light on the in�uence of the self-veri�cation step in the procedure to reduce the impact
of noise and hallucination in the prediction. Last but not least, we aimed to evaluate the
practical use ofLlamATE for low-resourced terminology extraction tasks.

1.3 Scienti�c Contributions

In this section, we describe the main contributions of this dissertation and the result-
ing scienti�c �ndings, including our related publications (e.g., journals, conferences, and
workshop papers).

1.3.1 Main Contributions

This dissertation aims to propose a new mechanism to extract candidate terms and nested
terms more e�ciently with the following contributions to the scienti�c community:

1. Introducing terminology extraction as a transformer-based token classi�cation (so-
called sequence-labeling) task (H. T. H. Tran, Martinc, Doucet, & Pollak, 2022;
H. T. H. Tran, Martinc, Pelicon, et al., 2022; H. Tran et al., 2022; T. H. H. Tran
et al., 2022). Before the beginning of our dissertation, most of the existing meth-
ods were limited to rule-based systems (e.g., TermoStat (Drouin, 2003), TExSIS
(Macken et al., 2013)), ML-based approaches (e.g., (Rigouts Terryn et al., 2021)) or
binary sequence classi�cation ones (e.g., (Hazem et al., 2020)). The use of neural
networks for terminology extraction as a token classi�er still fell behind the recent
advances in language models. Before our works, most of the token classi�ers ap-
plied to terminology tasks included either classical ones (e.g., LSTM, BiLSTM) or
the vanilla BERT. This is one of the �rst studies to embrace the task as a token
classi�cation task using transformer-based language models (H. T. H. Tran, Mar-
tinc, Doucet, & Pollak, 2022; H. T. H. Tran, Martinc, Pelicon, et al., 2022; H.
Tran et al., 2022; T. H. H. Tran et al., 2022) with empirical studies on two aspects:
[1] monolingual vs. multilingual pre-trained models; and [2] masked (e.g., BERT,
RoBERTa) vs. autoregressive (e.g., XLNet) models. The source code can be found
at https://github :com/honghanhh/terminology-extraction.

2. Filling the research gap between rich- and lesser-resourced European languages (H. T. H.
Tran, Martinc, Doucet, & Pollak, 2022; H. T. H. Tran, Martinc, Pelicon, et al.,
2022). Due to the data acquisition bottleneck (Astrakhantsev et al., 2015), a ma-
jority of research focuses mainly on dominant European languages (e.g., English),
leaving a gap in other lesser-resourced ones (e.g., Slovenian). To �ll this gap, in
our research, we verify the applicability of our approaches to not only the most
dominant language in NLP research (e.g., English) but also other less-represented
languages (e.g., French, Dutch, and Slovenian) (H. T. H. Tran, Martinc, Doucet,
& Pollak, 2022; H. T. H. Tran, Martinc, Pelicon, et al., 2022) using transformer-
based models as the token classi�er with di�erent annotation regimes. One of our
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solutions (�ne-tuned SloBERTA extractor) has been integrated as term extracting
feature into the Slovenian Terminology Portal21 whose docker version can be found
at https://github :com/honghanhh/ate-docker.

3. Introducing novel NOBI annotation scheme to leverage the ability to extract nested
terms (H. T. H. Tran, Martinc, et al., 2024). In the traditional BIO regime, B
stands for the beginning word in the term, I stands for the word inside the term,
and O stands for the word not part of the term. The terms from a gold standard
list are �rst mapped to the tokens in the raw text and each word inside the text
sequence is annotated with one of three labels. However, it is not optimized for
nested terminology extraction. Thus, we propose NOBI (H. T. H. Tran, Martinc,
et al., 2024), an annotation regime with two additional labels BN and IN, where N
refers to nested single-word terms, which can be at the beginning (BN) or inside (IN)
position of a longer term. The guideline of the NOBI regime on ACTER and RSDO5
dataset can be found at https://github :com/honghanhh/nobi_annotation_regime.

4. Verifying the impact of transfer learning across languages and domains.Being aware
of the challenges of collecting data for a speci�c domain and the lack of well-annotated
corpora for less-represented languages, we are among the �rst to evaluate terminology
systems in cross-lingual and multilingual learning tran2022can,tran2024can against
the monolingual one. In cross-lingual learning, we evaluate the ability of the model
to apply knowledge learned in one or more languages to terminology extraction tasks
in another, unseen language. In multilingual learning, we investigate whether adding
more data from other languages to the training set in the target language improves
the predictive performance of the model. Interestingly, we �nd that a token classi�er
�ne-tuned in one (e.g., English) or more languages (e.g., English, French) can predict
the terms in new, unknown languages (e.g., Dutch) with competitive performance.
However, the cross-lingual performance was less successful in Slovenian, which can be
explained partly by Slovenian being a morphologically rich Slavic language and partly
by dataset creation (as other datasets were annotated within the same annotation
campaign). The source code can be found at https://github:com/honghanhh/ate-
2022.

5. Verifying the need for domain speci�city in the era of large-scale language models
through the introduction of the LlamATE system (H. T. H. Tran, González-Gallardo,
Doucet, & Pollak, 2024). Most of the current neural works considered terminology
extraction as a sequence or token classi�cation task. We approach the task with a
new perspective on the generative model. In practical use where both well-annotated
data and computational resources are not adequate for �ne-tuning, with the advent
of LLMs, we are the �rst to propose promptATE (H. T. H. Tran, González-Gallardo,
Delauney, et al., 2024), andLlamaATE (H. T. H. Tran, González-Gallardo, Doucet,
& Pollak, 2024), both of which consider LLMs as a predictor to query the candidate
term without additional �ne-tuning steps. We observe that for both systems, using
only a few examples as the demonstration for the predictor, the system outperforms
the �ne-tuned version with the same training examples and provides competitive
results against the fully-supervised token classi�ers. Furthermore,LlamaATE , our
4-step pipeline with instruction prompting and additional self-veri�cation steps, does
not need to be explicitly told the domain of the examples in the prompt (explicit
vs. implicit), both for examples coming from the same domain and for cross-domain
examples. The pipeline o�ers a promising approach for low-resource terminology

21 https://terminoloski.slovenscina.eu/
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extraction tasks, which is useful and practical due to the limited well-annotated
data. While it might not be a replacement for fully-supervised models, it can enhance
e�ciency and accuracy by streamlining the pre-annotation process and accelerating
manual annotation e�orts. The source code can be found at https://github:com/
honghanhh/terminology2024.

1.3.2 Main Publications

This doctoral work has led to the following publications (note that we only listed the
publication related to terminology extraction):

1. Journals :

ˆ (H. T. H. Tran, Martinc, et al., 2024) Hanh Thi Hong Tran , Matej Martinc,
Andraz Repar, Nikola Ljubesic, Antoine Doucet, Senja Pollak. Can Cross-
domain Term Extraction Bene�t from Cross-lingual Transfer and Nested Term
Labeling?. Machine Learning, 113(7), 4285-4314. 2024.

ˆ (Accepted) (H. T. H. Tran, González-Gallardo, Doucet, & Pollak, 2024)Hanh
Thi Hong Tran , Carlos-Emiliano González-Gallardo, Antoine Doucet, Senja
Pollak. � LlamATE: Automated Term Extraction Using Large-scale Generative
Language Models�. Computational Terminology Special Issue � Terminology,
2024.

2. Conferences :

ˆ (Accepted) (H. T. H. Tran, González-Gallardo, Moreno, et al., 2024)Hanh
Thi Hong Tran , Carlos-Emiliano González-Gallardo, Jose Moreno, Antoine
Doucet, and Senja Pollak. �Is Domain Important for Automatic Term Ex-
traction in the Era of Large Language Models?�. Terminologie & Ontologie :
Théories et applications (ToTh 2024), 2024.

ˆ (Accepted) (H. T. H. Tran, González-Gallardo, Delauney, et al., 2024)Hanh
Thi Hong Tran , Carlos-Emiliano González-Gallardo, Julien Delaunay, Jose
Moreno, Antoine Doucet, and Senja Pollak. �Is Prompting What Term Ex-
traction Needs?�. 27th International Conference on Text, Speech, and Dialogue
(TSD 2024), 2024.

ˆ (Accepted) (Sun et al., 2024) Wenjun Sun,Hanh Thi Hong Tran , Carlos-
Emiliano González-Gallardo, Mickaël Coustaty and Antoine Doucet. �LIT:
Label-Informed Transformers on Token-based Classi�cation�. 28th International
Conference on Theory and Practice of Digital Libraries (TPDL 2024), 2024.

ˆ (Delaunay et al., 2024) Julien Delaunay, Hanh Thi Hong Tran , Carlos-
Emiliano González-Gallardo, Jose Moreno, Antoine Doucet, and Senja Pollak.
� CoastTerm: a Corpus for Multidisciplinary Term Extraction in Coastal Scien-
ti�c Literature �. 27th International Conference on Text, Speech and Dialogue
(TSD 2024), 2024.

ˆ (H. T. H. Tran, Martinc, Pelicon, et al., 2022) Hanh Thi Hong Tran , Matej
Martinc, Andraz Repar, Antoine Doucet, Senja Pollak. �Ensembling Transform-
ers for Cross-domain Automatic Term Extraction�. International Conference on
Asian Digital Libraries (ICADL 2022). Cham: Springer International Publish-
ing, 2022.
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ˆ (H. T. H. Tran, Martinc, Doucet, & Pollak, 2022) Hanh Thi Hong Tran ,
Matej Martinc, Antoine Doucet, Senja Pollak. � Can Cross-domain Term Ex-
traction Bene�t from the Cross-lingual Transfer?. International Conference on
Discovery Science (DS 2022). Cham: Springer Nature Switzerland, 2022.

ˆ (H. Tran et al., 2022) Hanh Thi Hong Tran , Matej Martinc, Antoine Doucet,
Senja Pollak. �A Transformer-based Sequence-labeling Approach to the Slove-
nian Cross-domain Automatic Term Extraction �. Slovenian Conference on Lan-
guage Technologies and Digital Humanities (JTDH 2022), 2022.

ˆ Hanh Thi Hong Tran , Matej Martinc, Antoine Doucet, Senja Pollak. � Con-
textual and global sequential labeling approaches to automatic terminology extrac-
tion. 14th Joºef Stefan International Postgraduate School Students' Conference.
2022. (p.50).

Besides, we have the following publications under evaluation:

ˆ Matej Martinc, Hanh Thi Hong Tran , Boskho Koloski, Senja Pollak. �MOSES:
Mixture of Specialized Experts for Supervised Extraction�. Transactions of the Asso-
ciation for Computational Linguistics (TACL 2024), 2024.

ˆ (H. T. H. Tran et al., 2023) Hanh Thi Hong Tran , Matej Martinc, Jaya Caporusso,
Antoine Doucet, Senja Pollak. �The Recent Advances in Automatic Term Extraction:
A survey�. ACM Computing Surveys, 2023.

3. Models and Products
Our Slovenian model using SloBERTa (H. T. H. Tran, Martinc, Doucet, & Pollak,

2022) as the backbone was integrated into the Slovenian terminological portal22. The
docker version can be found at https://github:com/honghanhh/ate-docker.

Figure 1.2: Slovenian terminological portal.

In addition, XLMR token classi�ers that use NOBI for data annotation were pub-
lished in the Terminology Extraction collection23 on HuggingFace. The collection includes
classi�ers for monolingual, cross-lingual, and multilingual learning.

Other publications are listed in Chapter ??.

22 https://terminoloski.slovenscina.eu/
23 https://huggingface :co/collections/tthhanh/terminology-extraction-ate-66a26e41d723c565bbb8922f
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1.4 Thesis Structure

The remainder of this dissertation is organized as follows.
In Chapter 2, we present the related work on terminology extraction, including a sys-

tematic review of the available corpora, the evolution of DL-based approaches, and the
evaluation metrics.

In Chapter 3, we demonstrate in detail two corpora, namely theAnnotated Corpora for
Term Extraction Research (ACTER) 24 and the Corpus of term-annotated texts(RSDO5)25

datasets.
In Chapter 4, our focus is to provide proof to the general hypothesis that terminol-

ogy extraction can bene�t from Transformers models when formulated as a token classi-
�cation or sequence labeling task (see H1). We demonstrate it in cross-domain settings
in monolingual, cross-lingual, and multilingual learning scenarios, including in rich- and
lesser-resourced languages. Moreover, we investigate the potential of adding additional
layers on top of the base architecture to further improve the performance.

In Chapter 5, we highlight the obstacles of the standard annotation regimes in capturing
the nested terms and introduce a novel nested term labeling mechanism for the ATE
task, named NOBI (See H2). We compare the performance of the token classi�er from
Chapter 5 using the standard BIO regime and ours in both ACTER and RSDO5 datasets
to demonstrate the impact of our mechanism.

In Chapter 6, we focus on generative models and test two di�erent sets of methods to
extract the candidate terms: [1] template-based ranking models and [2] large generative
language models (LLMs) using prompt engineering with in-context learning. In the latter
approach, we also verify the domain impact on the ATE in monolingual, cross-lingual, and
multilingual learning.

For each hypothesis, in Chapters 4 to 6, we provide experimental evaluation and error
analysis to better understand the behavior and characteristics of the classi�er, as well as
the obstacle that needs to be solved in future work.

In Chapter 7, we summarize our work with general �ndings and conclusions before
listing all the papers published during my Ph.D. journey in Bibliography, including both
publications that are directly and not directly related to this dissertation.

24 https://github.com/AylaRT/ACTER
25 https://www.clarin.si/repository/xmlui/handle/11356/1470
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Chapter 2

Related Work

ATE has been a notoriously challenging task in the �eld of natural language processing
(NLP). In recent years, several datasets and techniques have been constructed and de-
veloped for ATE tasks. Recent advances in supervised machine learning (ML) and deep
learning (DL) approaches have prevailed over unsupervised approaches in the context of ter-
minology extraction. As the traditional approaches have been comprehensively addressed
in previous surveys (da Silva Conrado et al., 2014; Kageura & Umino, 1996), this section
aims to provide a research trajectory in the �eld of supervised terminology extraction.

First, in Section 2.1, we provide a brief overview of the previous surveys and compara-
tive studies on our speci�c tasks to get an overview of the existing work and to show what
is missing in the previous studies.

Second, in Section 2.2, we give an overview of the resources for terminology extrac-
tion over the last decades. All well-annotated corpora are considered if the following two
requirements are met: [1] they are publicly available, and [2] a description has been pub-
lished.

Third, we propose a systematic review of ML- and DL-based approaches to terminology
extraction and compare them with previous approaches based on feature engineering and
shallow supervised learning algorithms in Section 2.3. Our comparative analysis highlights
the improvements achieved by neural networks and shows that incorporating some insights
from previous work on ATE systems based on feature engineering can lead to further
improvements.

Fourth, in Section 2.4, we present all the metrics used in terminology extraction and
categorize them according to either indirect (i.e., through a downstream application) or
direct evaluation methodology (i.e., whether the evaluation was done by human judges,
dictionary-based, or gold standard-based) and the scope of the results (i.e., whether we
evaluate the entire results, parts of the results, or the best top-k results).

Fifth, in Section 2.5, we report the results for several ATE systems on the ACTER
corpora by comparing the candidate term list extracted on the whole test set level with
the manually annotated gold standard of each domain using a strictly matching F1- score
before jumping to the discussion about the current status of terminology extraction in
Section 2.6.

2.1 Previous Surveys and Comparative Studies

The �rst comprehensive survey of approaches to ATE was written by Kageura and Umino
(1996). It provided a systematic overview of the two main trends in the principles and
methods of automatic term recognition and introduced a distinction between linguistic
and statistical approaches. Pazienza et al. (2005) argued that all contemporary algorithms
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employed linguistic methods as a �ltering step. A decade later, da Silva Conrado et
al. (2014) presented an overview of di�erent approaches for ATE tasks, which can be
divided into three sub-categories: statistical, linguistic, and hybrid (i.e., statistical and
linguistic). They also did a brief review of di�erent corpora in di�erent domains used for
terminology extraction, but only for Brazilian Portuguese. Regarding monolingual rich-
resourced languages such as English, Astrakhantsev et al. (2015) presented a survey of
existing notions of a term and its linguistic features. They formulated the de�nition of
automatic terminology extraction, analyzed available approaches, and proposed a general
ATE pipeline consisting of four consecutive steps: preprocessing, term candidate collection,
term candidate scoring, and term candidate ranking.

In addition to these initial survey studies, a systematic comparison of various ATE
systems with the same corpora was also carried out as part of several shared tasks and
workshops. NTCIR (Kageura et al., 2000) is an evaluation-based project for information
retrieval and terminology extraction released between 1998 and 1999. However, this study
su�ered from the limited number of participants and the absence of previous evaluation
initiatives for computational terminology. Later, CoRReCT (Enguehard, 2003) introduced
an interesting data set with two proposed systems to detect candidate terms (i.e., FASTR
and SYRETE) and a new term recognition evaluation protocol called controlled indexing.
A few years later, the Campagne d'Evaluation des Systèmes d'Acquisition des Ressources
Terminologiques (CESART) (El Hadi et al., 2006), presented terminology extraction as
one of three subtasks with a more user-oriented evaluation. This project proposed an
interesting new protocol for terminology extraction that includes a gold standard list of
terms and a corresponding domain-speci�c acquisition corpus. This setting is considered
one of the better approaches to term annotation in recent terminology extraction studies.

The TermEval 2020 shared task on the extraction of monolingual automatic terminol-
ogy, organized as part of the CompuTerm workshop (Rigouts Terryn, Hoste, Drouin, &
Lefever, 2020), presented one of the �rst opportunities to systematically study and com-
pare various terminology extraction systems in comparable corpora in English, French
and Dutch of four domains (corruption, wind, equitation, heart failure). The participating
systems ranged from traditional approaches based on linguistic and statistical features to
systems based on shallow machine learning and neural networks. While the workshop was
an important step forward in systematic comparison among di�erent methodologies, there
is still room for improvement as the open source code for most of the participating systems
is not available, which hinders their replicability.

2.2 Related Corpora

Table 2.1 covers manually annotated domain-speci�c resources with their latest version
for terminology extraction systems developed over the past three decades. Note that
we only report the data resources that meet four criteria: [1] they have been used for
term evaluation; [2] they contain more than 100 terms; [3] they have annotations or gold
standards; and [4] they are publicly available at a speci�c URL or easily to reconstruct
based on the data description.

The monolingual datasets for terminology extraction task can be divided into two
categories:

ˆ Rich-resourced languages

� GENIA (v3.0) (Kim et al., 2003): a collection of 2,000 English abstracts in the
articles extracted from the MEDLINE database. 93,293 out of all 436,967 words
were annotated as biological terms.
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Table 2.1: List of most popular public open-sourced term datasets.

Dataset Year Domain(s) Language(s) URL(s)

M
on

ol
in

gu
al

da
ta

se
ts

GENIA 2003 Biomedicine English http://www :geniaproject:org/genia-corpus
GO 2005 Gene English http://geneontology:org/
CRAFT v2.0 2016 Biomedicine English https://bioNLP-corpora :sourceforge:net/CRAFT/

ACL RD-TEC v1.0 2014
Computational

English http://pars :ie/lr/acl-rd-tec-terminology
linguistics

ACL RD-TEC v2.0 2016
Computational

English http://pars :ie/lr/acl_rd-tec
linguistics

JPED 2005 Pediatrics Portuguese https://repositorio:ufsc:br/handle/123456789/102257
ECO 2005 Ecology Portuguese http://www:nilc:icmc:usp:br/nilc/projects/bloc-eco :htm
Irish Wiki 2019 Education Irish https://github :com/jmccrae/irish_sa�ron
Hindu Wiki 2022 Education Hindu https://hi :wikipedia:org/w/api :php

RSDO5 2021

Ph.D. theses,

Slovene https://www :clarin:si/repository/xmlui/handle/11356/1400
Scienti�c book,
Journal articles,

Graduate textbooks

M
ul

til
in

gu
al

da
ta

se
ts

TTC 2012

Chinese
English

Wind energy, French
Mobile technology German https://www :clarin:si/repository/xmlui/handle/11356/1463/

Latvian
Russian
Spanish

BitterCorpus 2014 Information technology
English

https://mt4cat :fbk:eu/benchmarks/bittercorpus
Italian

TermFrame v1.0 2019 Karstology
Slovene

http://termframe :� :uni-lj :si/Croatian
English

KAS-biterm 2019 Academic writing
Slovene

https://www :clarin:si/repository/xmlui/handle/11356/1263
English

ACTER v1.5 2020
Corruption, Dressage, English

https://github :com/AylaRT/ACTERHeart failure, French
Wind energy Dutch

� Gene Ontology (GO) (Consortium, 2004): the structured controlled vocabular-
ies of molecular and cellular biology that are freely available for community use
in the annotation of genes, gene products, and sequences. Between 2005 and
2022, a total of 7,694,564 annotations were made, with 43,329 valid terms, 4.024
obsoleted terms, and 2,438 merged terms.

� CRAFT (v2.0) (Bada et al., 2012): a collection of English full-text, open-access
biomedical journal articles, each of which is a member of the PubMed Central
Open Access Subset1. The dataset includes around 100,000 ontologies/terms
annotated from 67 out of the 97 articles in seven di�erent categories.

� ACL RD-TEC (QasemiZadeh & Handschuh, 2014): an English manually anno-
tated terms from ACL Anthology Reference Corpus for evaluating the terminol-
ogy extraction and classi�cation from literature in the domain of computational
linguistics (v1.0: 82,000 terms, v2.0: 300 unique abstracts with classi�ed terms).

� JPED (Coulthard et al., 2005): a Brazilian Portuguese collection of 283 texts
from the Pediatrics Journal (Jornal de Pediatria) and a gold standard of 1,534
bigrams and 2,647 trigrams.

� ECO (Zavaglia et al., 2005): 390 Portuguese documents about the domain of
Ecology in the context of the BLOC-Eco project.

ˆ Lesser-resourced languages

� RSDO52: a collection of 12 Slovene texts collected between 2000 and 2019, from

1https://www :ncbi:nlm:nih:gov/pmc/tools/openftlist/
2https://www :clarin :si/repository/xmlui/handle/11356/1400
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the �elds of biomechanics, linguistics, chemistry, and veterinary science. Over
250,000 words and almost 38,000 manually annotated terms were included.

� Irish Wiki (McCrae & Doyle, 2019): a collection of 11 Wikipedia Irish docu-
ments of 5,178 words and 864 extracted terms

� Hindi Wiki (Banerjee et al., 2022): a collection of 71 Wikipedia Hindu docu-
ments comprising 11,960 words and 953 manually annotated terms.

The monolingual datasets di�er considerably, as there is a lot of variation in both the
annotation and evaluation. Diverse approaches have been applied to each di�erent aspect,
including annotation type (candidate term list or just source text, etc.), annotation scheme
(binary or multi-label, etc.), annotation guidelines (term length, PoS patterns, whether or
not to add named entities, etc.). Another problem is that each monolingual dataset covers
a di�erent domain and usually covers only a limited number of terms within that speci�c
domain. Consequently, it is extremely di�cult to make any comprehensive comparison
among corpora or combine multiple datasets into an extensive corpus.

With the development of multilingual tasks (Devlin et al., 2018; Lang et al., 2021),
datasets that cover multiple languages and domains are becoming increasingly important
for the training and evaluation of multilingual and cross-lingual models.

ˆ TTC (Daille, 2012; Gornostay et al., 2012): one of the �rst manually annotated
texts from two domains (Wind energy and Mobile technology) in seven languages
(Chinese, English, French, German, Latvian, Russian, and Spanish).

ˆ BitterCorpus (Arcan et al., 2014): a manually annotated collection of parallel English-
Italian documents with 874 domain-speci�c bilingual terms in the Information Tech-
nology (IT) domain extracted from the GNOME and KDE collections.

ˆ TermFrame (v1.0) (Pollak et al., 2019; ’. Vintar et al., 2019; Vrtovec et al., 2019):
a specialized corpus of karstology literature in Slovene, Croatian, and English. The
terms were extracted from 24 English and 60 Slovene documents by comparing the
domain corpus to the reference corpus, and with additional processing steps (e.g.,
�ltering based on nested terms, stopwords, and fuzzy matching).

ˆ KAS-term (Ljube²i¢ et al., 2019): a collection of 700 bilingual Ph.D. theses (40
million tokens) in the KAS corpus about Slovene academic writing of three domains:
Chemistry, Computer Science, and Political Science. The terms were labeled using
three labels (terms, partial terms, abbreviations) in three categories of languages
(Slovene, English, or other languages).

ˆ ACTER (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020): the �rst meticulously
annotated corpus that covered multiple languages and domains and that o�ered
available up-to-date documentation and transparent annotation guidelines. Texts
from four di�erent domains ( corruption, dressage, heart failure, and wind energy)
and three languages (English, French, and Dutch) were manually annotated. AC-
TER solves the debate about whether or not to consider named entities as terms by
providing two di�erent versions of manual annotations: one containing only terms,
and the other containing both terms and named entities.

In our investigation of publicly available corpora, we �gured out that most original
studies provide detailed descriptions of the initial versions of their datasets. While some
papers incorporated both data and method descriptions, they often neglected to specify
the data versions employed or whether the entire dataset was utilized or only a part. This
inconsistency makes it di�cult to thoroughly compare methods using the same corpora,
especially when the latest version undergoes signi�cant changes from the previous one.
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2.3 Term Extraction Approaches

In this section, we o�er an extensive overview of recent ATE systems, which tend to
rely either on shallow ML techniques or deep neural networks. In most cases, traditional
approaches to terminology extraction do not rely only on ML. Instead, they tend to extract
candidate terms above a certain threshold, derived from several linguistic and statistical
features. Traditional approaches are not covered in our evolution in methodologies, since
they have been covered in previous surveys (Astrakhantsev et al., 2015; Kageura & Umino,
1996). In this section, starting from the advent of ML up until now, we present ML-based
(neural and non-neural) ATE systems, that have not been systematically described and
compared in any recent survey study.

2.3.1 Machine Learning Approaches

Despite some variations in features and models, most supervised ML approaches for ATE
follow the traditional approach, which includes three main steps: [1] preprocessing, [2]
feature engineering, and [3] term extraction model as a classi�er. In the preprocessing
step, some operations are performed on the input texts (e.g., sentence segmentation, word
segmentation, and PoS tagging) to prepare the input text for further steps. In the feature
engineering step, we describe the candidate terms by di�erent features (see examples of
di�erent types of features in Figure 2.1). In the �nal steps, the features are fed into the
ML classi�ers so that the classi�ers can learn from the training set and use this knowledge
to make predictions for new, unseen text.

Due to their relatively low accuracy, these �rst ML approaches were used mainly to
complement approaches based on hand-crafted rules. This, along with the success of tra-
ditional systems (e.g., TermoStat (Drouin, 2003)), which relied on several linguistic and
statistical features, led to the idea of combining di�erent types of information. That is,
multiple linguistic and statistical termhood indicators were fed as features to a variety of
ML algorithms. While several NLP tools (e.g., tokenization, lemmatization, stemming,
chunking, and PoS tagging) are employed in this approach to obtain linguistic pro�les of
term candidates, numerous statistical measures are also applied to this approach, including
termhood (S. Vintar, 2010), unithood (Daille et al., 1994), C-value (K. T. Frantzi et al.,
1998). Regarding ML algorithms, the most popular algorithms used for ATE include Ad-
aBoost (Castellví et al., 2001), ROGER evolutionary algorithm (Azé et al., 2005), RIPPER
rule induction (Foo & Merkel, 2010), CRF++ (Judea et al., 2014), K-nearest neighbors
(Qasemizadeh & Handschuh, 2014), Logistic Regression (Bolshakova et al., 2013; Dobrov
& Loukachevitch, 2011; Fedorenko et al., 2014; Loukachevitch, 2012; Nokel et al., 2012),
Decision Trees (DTs) (Karan et al., 2012), and Support Vector Machines (SVM) (Ljube²i¢
et al., 2018).

An example of an ML approach employing extensive feature engineering and several
classi�ers is given in Conrado et al. (2013) where the authors proposed to select statistical
and linguistic features and feed them into di�erent ML classi�ers (e.g., JRip, Naive Bayes,
J48, or SMO from WEKA). Y. Yuan et al. (2017) instead used common features (e.g., term
frequency, c-value, weirdness) extracted from the token n-grams (n=1,2,3,4,5) excluding all
the stopwords and fed them into di�erent classi�ers: Random Forest (RF), Linear SVM,
Multinomial Naive Bayes, Logistic Regression, and SGD classi�ers.

With the advent of the newly annotated ACTER corpora, one of the TALN-LS2N
approaches (Hazem et al., 2020) used the combination of di�erent meaningful informa-
tion�such as linguistic, stylistic, statistic, and distributional descriptors�to generate the
feature vectors. Then it used the XGBoost model to learn several classi�ers, which were
weighted according to their performance and iteratively aggregated. HAMLET (Rigouts
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Figure 2.1: Feature groups and subgroups for ML models (Rigouts Terryn et al., 2021).

Terryn et al., 2021) included a relatively wide range of supervised ML methods (e.g., DTs,
RF, Multi-layer Perceptron, and Logistic Regression) and relied on a total of 152 features
from six di�erent feature groups: morphological, frequency-based, statistical, relational
and linguistic, and corpus-based. The Binary RF classi�er performed the best of all tested
classi�ers. Furthermore, Nugumanova et al. (2022) combined probabilistic topic modeling
(PTM) and non-negative matrix factorization (NMF). They compared �ve di�erent NMF
algorithms and four di�erent NMF initializations and found optimal combinations of NMF
to compare with the extraction baseline (e.g., TF-IDF, RAKE, YAKE, and TextRank).

2.3.2 Deep Learning or Neural Approaches

Using neural networks, especially language models, to solve ATE tasks, has gained more
traction in recent years. Their application is performed to represent the information in the
text with word embeddings or to apply a deep architecture as an end-to-end classi�er.
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2.3.2.1 Neural-based Embeddings

The embeddings for terminology extraction are often pre-trained on a large general corpus,
and then potentially �ne-tuned on speci�c corpora during classi�cation.

Static Embeddings.The most popular general static or non-contextual word embeddings
are GloVe embeddings (Amjadian et al., 2016, 2018; Kucza et al., 2018; N. T. Le &
Sadat, 2021; Zhang, Petrak, & Maynard, 2018), followed by the domain-speci�c Word2Vec
embeddings (Zhang, Gao, & Ciravegna, 2018), either employing the CBOW or the skip-
gram architecture (Amjadian et al., 2018; Bay et al., 2021; R. Wang et al., 2016), and
FastText (Terryn et al., 2022). Meanwhile, some studies explored the idea of concatenating
general and domain-speci�c embeddings (Amjadian et al., 2018; Bay et al., 2021; Hätty
et al., 2020). These embedding concatenation techniques demonstrated that any strategy
using both types of embeddings performed better than those only using either the general
or the domain-speci�c ones but failed to capture contextual information.

Contextual Embeddings.Due to the signi�cance of general knowledge and contextual
information encoded in pre-trained language models for the downstream tasks, several
contextual embeddings have been proposed for the ATE task (Andrius, 2020; Terryn et
al., 2022). These include Flair embeddings3, which are neural, character-based language
models from the FlairNLP framework developed for multiple languages and incorporating
subword information. Furthermore, transformer-based embeddings have been explored,
some of which have already been tested in terminology extraction, for example, BERT
embeddings, and stacked Flair + BERT embeddings (Andrius, 2020; Terryn et al., 2022).

2.3.2.2 Neural-based Architectures

The use of deep neural networks in ATE is not only limited to the generation of embedding
representations. Neural architectures are also used as end-to-end terminology extraction
systems, which, depending on the nature of the neural methods applied to the ATE task,
are divided into three main types, as demonstrated in Figure 2.2: [1] (binary) sequence
classi�ers; [2] token classi�ers; and [3] sequence-to-sequence (Seq2Seq) generation models.

Binary Sequence Classi�ers.When deep neural models were �rst adopted, terminology
extraction was considered a binary classi�cation task, which assigns a binary labely 2 Y =
f is_ a_ term; not _ a_ term g to each sequences in a given sentenceS = f s1; :::; sng, where
n denotes the number of sequences generated from all possible n-grams of a �xed length of
a given sentence. Di�erent BERT-based variants have been tested (e.g., RoBERTa for En-
glish, CamemBERT for French, and XLMR (Hazem et al., 2020; Lang et al., 2021)). While
this method demonstrated superior performance than other ML-based approaches, gener-
ating all possible n-grams from every sentence across all documents for training purposes
poses computational and storage challenges. As a result, subsequent studies embraced
token classi�cation as an alternative strategy.

Token Classi�cation. A common approach is to consider ATE as a token classi�ca-
tion task, which assigns a labely 2 Y = f B; I; O g to each word x in a given sentence
X = f x1; :::; xng, where Y denotes the set of labels in BIO regimes (see the explanation
in Chapter 5), and n denotes the length of the given sentence. Several language models
have been applied as token classi�ers for ATE tasks, including RNN (Kucza et al., 2018),
LSTM-CNN (R. Wang et al., 2016), CNN-BiLSTM-CRF (Han et al., 2018), using di�er-
ent embeddings as input to feed into LSTM (Andrius, 2020), BiLSTM (Andrius, 2020;
N. T. Le & Sadat, 2021), LSTM-CRF (Andrius, 2020), and BiLSTM-CRF (Andrius, 2020;
Hazem et al., 2022; Rigouts Terryn et al., 2022), respectively. However, with the advent
of transformers, before our studies, only XLMR was initially proposed as a token classi�er

3https://github :com/�airNLP/�air
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Figure 2.2: An example of how three types of neural classi�ers work (from left to right:
Sequence classi�er; Token classi�er; Seq2Seq classi�er).

(Hazem et al., 2022; Lang et al., 2021) for English, French, and Dutch. Since this approach
operates without upfront n-gram generation and handles each sentence as a single example
that needs to be labeled, it is considerably more time-e�cient than the previous approach.

Seq2Seq Classi�ers.Despite the widespread use of Seq2Seq generation models for other
downstream NLP tasks, the adoption of self-supervised pre-training approaches for ATE
has just recently begun to gain traction. Lang et al. (2021) was the �rst to employ the
sequence generation model mBART (Y. Liu et al., 2020) to transform the input sentences
to sequences of comma-separated terms. This approach was inspired by the neural machine
translation-based ontology learning proposed by Petrucci et al. (2018). While promising,
the performance and applicability of this approach require additional testing and remain
an unsolved issue.

2.4 Evaluation Metrics

ATE models usually provide a list of candidate terms from the given domain-speci�c corpus
as the �nal output, and it is important to de�ne the correct methods and metrics to
evaluate the quality of this output. There are several variations among the evaluation
methods, including both intrinsic and extrinsic mechanisms. The extrinsic methods assess
the quality of the extracting system by measuring the improvement in the performance of
another system or application that uses the results of terminology extraction as described
in Vivaldi and Rodríguez (2007). Meanwhile, the intrinsic ones measure the quality of
terminology extractors by evaluating some intrinsic properties, which are independent of
their intended planned use. We can classify the direct evaluation approaches into two
main aspects: the evaluation methodology and the scope of the results (Zhang et al., 2008)
as shown in Figure 2.3. The evaluation methodology focuses on whether the evaluation
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is performed by human judges, or whether it is dictionary-based or gold standard-based.
Meanwhile, the scope of results answers the question of whether we evaluate the entire
results, parts of the results, or the top-k results. Due to this variety in evaluation types,
the performance of di�erent approaches is often not directly comparable.

Figure 2.3: Overview of di�erent evaluation metrics in ATE task.

Regarding the evaluation methods, in the initial studies about ATE tasks, having a
human judge was one of the �rst approaches to evaluate how well the candidate terms were
extracted. Justeson and Katz (1995) evaluated their system by asking a domain expert (i.e.,
a terminologist) to judge whether the extracted candidates were domain-speci�c terms.

To reduce the human e�ort, the dictionary-based evaluation was proposed either as a
list or a dictionary of the pre-de�ned criteria to map with the extracted terms. Kageura
and Umino (1996) used statistical features, e.g., termhood and unithood, for evaluation.
L'Homme et al. (1996) applied �ve pre-evaluation criteria from the basic design evaluation
to present how the results are shown in the candidate lists. Macken et al. (2013) identi�ed
the terms with linguistic preprocessing steps and matched the candidate terms to a pre-
de�ned dictionary of PoS patterns.

Another popular approach is based on reference term lists, or the so-called gold standard
corpora, which can be an adaptation of a pre-existing list, a sample (seed terms), or the
list of all the terms in the corpus. The pre-existing term list (Dobrov & Loukachevitch,
2011; Wermter & Hahn, 2005) is not collected directly from the training corpora but is
an already existing and community-wide terminology. Thus, the terminology extraction
approaches using the corpora with this gold standard often evaluate how many candidate
terms were actual terms but fail to measure how many terms in the text were correctly
extracted. Meanwhile, the approach of considering a sample as the gold standard (Baroni
& Bernardini, 2004; Loginova et al., 2012) took advantage of a web crawler to collect
the domain-speci�c texts (e.g., TTC project). The crawler took a list of domain-speci�c
words, the so-called seed terms, as input, and as outputs, the texts found on the Web in
the domain of interest. The seed terms are usually term representative of the domain for
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which we want to retrieve the web documents. To resolve the existing issues, the list of all
the terms in the corpus (Kim et al., 2003; Rigouts Terryn, Hoste, Drouin, & Lefever, 2020)
was used as a gold standard where the list was annotated directly from the corpora. This
became a benchmark for manual annotation in terminology extraction until now. If this
gold standard corpus is used, the �nal evaluation score is usually obtained by calculating
precision (i.e., how many candidate terms were actual terms), recall (i.e., how many terms
in the text were correctly extracted), and F1-score or F1 for short (i.e., the harmonic mean
of precision and recall) for the obtained list of term candidates. We will specify these
metrics when discussing the evaluation of di�erent scopes of results.

Finally, in addition to the performance of the ATE system with respect to the evaluation
metrics described above, some claim that other factors, such as the consistency of the
candidate terms predicted, are also important. For example, Sauron (2002) proposed that
the measures of a model's quality should also concern reliability, e�ciency, maintainability,
usability, and portability.

Regarding the scope of results, the most common ATE evaluation approach is to com-
pare the candidate term lists obtained by the system against the list of terms extracted
by human annotators (i.e., the so-called gold standard corpus (Conneau et al., 2019; Kim
et al., 2003; Rigouts Terryn, Hoste, Drouin, & Lefever, 2020; Rigouts Terryn et al., 2021)).
This is done by calculating precision (see equation 2.1), recall (see equation 2.2), and
F1-score (see equation 2.3).

Precision =
Number of correctly extracted terms

All the candidate terms
=

T rue Positives
T rue Positives + False Positive

(2.1)

Recall =
Number of correctly extracted terms

All terms in the corpus
=

T rue Positives
T rue Positives + False Negative

(2.2)

F1 � score= 2 �
P recision � Recall
P recision + Recall

(2.3)

Several ATE systems use the same evaluation approach as the keyword extraction task,
i.e., they choose the top-k best candidate terms for evaluation (top-100 candidate terms
(Ideue et al., 2011; Kupiec, 1993), top-300 candidate terms (S. Vintar, 2010), top-500
candidate terms (Daille, 1994)). Macken et al. (2013) and (Zhang, Petrak, & Maynard,
2018) evaluated the best-k candidate terms by using a variable k. Most of these studies
employed Precision for evaluation of the best-k terms (Drouin, 2003; Haque et al., 2018;
Macken et al., 2013; Repar et al., 2019a; Sclano & Velardi, 2007). One notable insight that
emerged from our literature review is that the number of studies using just Precision is
higher than the number of studies that evaluate the system according to all three evaluation
criteria (i.e., precision, recall, and F1-score). This is due to the relative lack of gold standard
data available in the past. However, thanks to the more recent e�ort of constructing
and manually annotating domain-speci�c datasets for ATE, most of the current systems
employed on contemporary benchmark datasets (e.g., ACTER) are evaluated according to
all three metrics (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020; Rigouts Terryn et al.,
2021).

2.5 Comparative Evaluation

Since terminology extraction methods vary greatly concerning de�nition, corpora, domains,
languages, and evaluation metrics, a comparative evaluation of terminology extraction
methods is hardly achievable. Nevertheless, in this section, we present the results for several
ATE systems on the ACTER corpora by comparing the candidate term list extracted on
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Table 2.2: F1-score evaluation of benchmark approaches on theheart failure test set from
the ACTER corpus in three languages (English (EN), French (FR), and Dutch (NL)) and
two types of annotation, with named entities (NES) and without named entities (ANN).
The best approach for each category is highlighted in bold.

Methods ACTER
ANN NES

EN FR NL EN FR NL

Non-neural models

RACAI (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020) 39.3 - - 41.3 - -
e-Terminology (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020) 21.4 20.6 15.3 20.1 19.7 14.4
NYU (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020) 31.5 - - 30.6 - -
HAMLET (Rigouts Terryn et al., 2021) 54.2 60.2 66.1 55.4 60.8 66.0
Feature-based XGBoost (Hazem et al., 2022) - - - 33.6 50.9 34.1
NMF (Nugumanova et al., 2022) 33.5 30.9 30.1 33.7 30.7 30.3

Monolingual deep learning models

TALN-LS2N (Hazem et al., 2020) 45.0 45.9 - 46.7 48.1 -
NLPLab UQAM (N. T. Le & Sadat, 2021) 17.8 12.9 18.6 18.1 13.2 18.7
XLMR Sequence Classi�er (Lang et al., 2021) - - - 45.2 46.0 48.5
XLMR Token Classi�er (Lang et al., 2021) - - - 58.3 52.9 69.6
mBART NMT (Lang et al., 2021) - - - 53.2 55.9 65.2
Vanilla-biLSTM-CRF (Hazem et al., 2022) - - - 8.17 6.53 7.50
BERT (Hazem et al., 2022) - - - 48.2 - -
CamemBERT (Hazem et al., 2022) - - - - 51.1 -
BERT (NER) (Hazem et al., 2022) - - - 37.4 - 51.0
CamemBERT (NER) (Hazem et al., 2022) - - - - 51.1 -
BERT-biLSTM-CRF (Hazem et al., 2022) - - - 29.5 25.6 27.4
mBERT (Hazem et al., 2022) - - - 45.8 47.2 -

Multilingual deep learning models

XLMR Sequence Classi�er (Lang et al., 2021) - - - 46.0 46.7 56.0
XLMR Token Classi�er (Lang et al., 2021) - - - 56.2 55.3 67.8
mBART NMT (Lang et al., 2021) - - - 55.3 57.6 64.9
mBERT (Hazem et al., 2022) - - - 45.4 44.9 51.0

Cross-lingual deep learning models

XLMR Sequence Classi�er (Lang et al., 2021) - - - 44.7 48.1 58.0
XLMR Token Classi�er (Lang et al., 2021) - - - 58.3 57.6 69.8
mBART NMT (Lang et al., 2021) - - - 55.2 57.4 59.6

the whole test set level with the manually annotated gold standard of each domain using a
strictly matching F 1-score. We chose to report the performance on this dataset because it
is the most systematically annotated corpus that covers multiple languages and domains,
and that also contains available up-to-date documentation and transparent annotation
guidelines (Rigouts Terryn, 2021) with a high inter-annotator agreement (IAA) score (see
the details on Chapter 3). The results of the evaluation are presented in Table 2.2.

TALN-LS2N, RACAI, NYU, e-Terminology, and NLPLab_UQAM were all competi-
tors in the TermEval 2020 shared task (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020).
The TALN-LS2N approach is the winning solution on the English and French datasets,
whereas NLPLab_UQAM is the winning team on the Dutch corpus. While RACAI, NYU,
and e-Terminology rely on feature engineering and statistical approaches, TALN-LS2N and
NLPLab UQAM applied neural network-based models. After the competition, several new
approaches were developed. For example, HAMLET is a novel supervised method in-
spired by traditional hybrid systems such as TermoStat. Furthermore, Nugumanova et al.
(2022) combined probabilistic topic modeling (PTM) and non-negative matrix factoriza-
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tion (NMF), and the optimal combinations of NMF outperformed four baseline extraction
methods (e.g., RAKE (Rose et al., 2010), YAKE (Campos et al., 2020), and TextRank
(Mihalcea & Tarau, 2004)). All the described approaches were implemented on the AC-
TER dataset of version 1.2, which was �rst released by the TermEval 2020 shared task.
However, none of them had considered the problem as a token classi�cation task and had
taken advantage of the transformer-based models. Later, Lang et al. (2021) proposed a
comprehensive comparison between three transformer-based ATE models operating at the
sentence level: token classi�cation (or sequence-labeling) task, sequence classi�cation, and
sequence-to-sequence (Seq2Seq) generation. Their approaches were applied to the ACTER
dataset of version 1.5. However, there were not many changes to actual annotations, but
major updates to how the annotations were presented.

Most deep learning-based approaches also proved to be very competitive and surpassed
the performance of most non-neural methods by a large margin on all languages and anno-
tation types. Lang et al. (2021) also showcased the potential of cross-lingual learning when
considering ATE tasks as a token classi�cation problem. These approaches currently rep-
resent the new state-of-the-art (SOTA) methods regarding most languages in the ACTER
corpus.

2.6 Discussion

We summarized the recent advances in the automatic terminology extraction task, covering
both classic ML models based on feature engineering and novel neural network models that
have yielded several important insights, especially with the advent of pre-trained language
models. We �rst surveyed di�erent resources and presented a systematic list of well-
annotated monolingual and multilingual corpora for the ATE task. Then, we presented
the �rst systematic summary of DL-based approaches and compared their performance
with ML-based approaches. Furthermore, we indicate all metrics used in the ATE task
and categorize them according to the evaluation methodology and the scope of the results.

The main �ndings were that neural models generally outperformed ML models based
on feature engineering by a large margin and established SOTA methods. However, there
is still a gap between current neural approaches for ATE tasks and the development of
natural language processing algorithms, especially for non-English corpora and there is
room for improvement in performance. The winning solutions (Hazem et al., 2020) and
the latest research (Lang et al., 2021) mostly considered the ATE tasks as binary sequence
classi�cation tasks using neural models. Therefore, they su�ered from computational and
storage challenges to generate all possible n-grams from each sentence as the input. Mean-
while, the majority of works considered the task as a token classi�cation task but used
classical models (e.g., LSTM, BiLSTM, LSTM-CRF, and BiLSTM-CRF (Han et al., 2018;
Hazem et al., 2022; N. T. Le & Sadat, 2021)), leaving the gap in exploiting the emergence
of transformers and the latter (large) language models. Furthermore, current research has
not yet fully resolved the challenges discussed in Chapter 1, so we have the potential to
further develop our methods, especially for ATE tasks in cross-domain settings where the
application of the results to products is still in question. In the next chapter, we take a
closer look at the corpora we use to develop our methods and test our hypotheses.
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Chapter 3

Datasets

This chapter introduces two corpora that were used for the experimental validation of this
doctoral work. The Annotated Corpora for Term Extraction Research (ACTER) and the
Slovenian Corpus of Term-annotated Texts (RSDO5). Both datasets met our standard
requirements, including [1] they were used for terminology extraction; [2] they have anno-
tations or gold standards; [3] they cover at least four di�erent domains for cross-domain
terminology learning; and [4] they are publicly available with well-documented annotation
guidelines. Moreover, the ACTER corpora include three di�erent Indo-European languages
(e.g., English, French, and Dutch), which support us in verifying our hypothesis for mono-
lingual, cross-lingual, and multilingual learning. RSDO5, on the other hand, focuses on
Slovenian and helps us to verify our method in the lesser-known Slavic language.

3.1 The Annotated Corpora for Term Extraction Research
(ACTER)

3.1.1 Description

The ACTER corpora, which stands for Annotated Corpora for Term Extraction Research
(Rigouts Terryn, Hoste, Drouin, & Lefever, 2020), is a collection of domain-speci�c corpora
in which terms have been manually annotated. The dataset contains comparable trilingual
corpora (English, French, and Dutch) in all four di�erent domains: corruption (corp),
equitation (equi), heart failure (ht�), and wind energy(wind). The data in the same domain
are similar in subject, style, and length for each language, but they are not translations.
The dataset has two types of gold standards: one that contains both terms and named
entities (NES); and the other that contains only terms (ANN).

Figure 3.1 illustrates an example of the key di�erence between the ACTER's ANN
and NES versions of gold standards. Given the sentence �...This study uses the Medicare
Patient Safety Monitoring System ...�, the gold standard of the ANN version consists of
only the term � Patient � as the only term that was annotated as the ground truth. However,
the gold standard of the NES version includes the Named Entity (NE) �Medicare Patient
Safety Monitoring System� since both domain-speci�c terms and NEs were annotated in
the ground truth.

Only a small part of the corpora was annotated by several annotators in order to cal-
culate the inter-annotator agreement (IAA). Speci�cally, the IAA was calculated between
three annotators who were not domain experts but were �uent in three languages. Each
of them annotated about 3,000 tokens per language in the corpora overcorruption, heart
failure, and wind energy (� 40,000 tokens in total). There were two rounds of annotation
where the match was calculated based on the type and not the token. While the earlier
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Figure 3.1: An example of ACTER's ANN and NES versions were annotated in the BIO regime.

iteration yielded an average F1 of 0.614 and a Cohen's Kappa of 0.749, the later iteration
yielded an average F1 of 0.895 with a Cohen's Kappa of 0.927 after improving the guide to
determine agreement on labels. Although language students helped with the annotation,
most of the annotation work was done by a single annotator (Ayla Rigouts Terryn). In
addition, all annotations by other annotators were reviewed by this main annotator (a
terminologist �uent in all three languages). Only the terms on which several annotators
agreed were retained.

Originally, the gold standards provided four labels, namely speci�c term, common term,
out-of-domain (OOD) term, and additional named entities for the NES version. Since the
TermEval shared task (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020) was set up as a
binary task, all the term labels were combined and considered true terms. All participating
and later researchers proposed the system based only on these two binary interpretations,
and the four labels were made available afterward for a more detailed evaluation of the
results. The gold standard lists of terms were ordered alphabetically, with no relation to
their labels or degree of termhood. The details of the dataset have already been described
in detail in Terryn et al. (2020) and Rigouts Terryn, Hoste, Drouin, and Lefever (2020),
and we refer interested readers to this work for further information.

Table 3.1: ACTER corpus counts (only annotated parts of corpus).

Domain Language # �les # sentences # tokens (incl. EOS) # ANN terms # NES terms

corp
en 12 2,002 54,849 927 1,172
fr 12 1,977 63,084 979 1,207
nl 12 1,988 56,221 1,047 1,287

equi
en 34 3,090 64,383 1,155 1,561
fr 78 2,809 66,679 961 1,176
nl 65 3,669 63,788 1,393 1,541

ht�
en 190 2,432 60,331 2,361 2,556
fr 210 2,177 59,381 2,228 2,357
nl 174 2,880 60,726 2,074 2,215

wind
en 5 6,638 71,042 1,091 1,529
fr 2 4,770 74,529 773 967
nl 8 3,356 62,040 940 1,229
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3.1.2 Data Structure

The up-to-date ACTER dataset (version 1.5) has been structured as follows:

Figure 3.2: The overview of the ACTER corpus repository.

ˆ README.md, sources.txt : These �les provide information about the data sources.

ˆ languages and language/domains : At the �rst level, there is one directory per
language with an identical structure of sub-directories and �les per language. At the
second level, there are four directories, i.e., one per domain, each with an identical
structure of sub-directories and �les.

ˆ language/domain/unannotated_texts : Per domain, there are annotated and unan-
notated texts. For the unannotated texts, only the original (normalized) texts them-
selves are o�ered as .txt-�les.

ˆ language/domain/annotated : For the annotated texts, many types of information
are available, ordered in subdirectories.

ˆ language/domain/annotated/ annotations : The annotations can be found here, or-
dered in subdirectories for di�erent formats of the data.
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ˆ language/domain/annotated/ texts and language/domain/annotated/ texts_tokenized :
The texts of the annotated corpora can be found here, with the original (normalized)
texts and the (normalized) tokenized texts in di�erent directories.

ˆ language/domain/annotated/annotations/ sequential_annotations : Sequential an-
notations always have one token per line, followed by a tab and a sequential label
(more info in next section). There are empty lines between sentences.

ˆ language/domain/annotated/annotations/ unique_annotation_lists : Lists of all
unique annotations (lowercased, lemmatized) for the entire corpus (language-domain),
with one annotation per line, followed by a tab and its regarding label.

3.1.3 Versioning

Overall, there are �ve versions of the ACTER datasets throughout the development of the
corpora where the signi�cant updates were mainly from version 1.0 to version 1.1.

Changes version 1.0 to version 1.1.From version 1.0 to 1.1, several modi�cations were
made to the English, French, and Dutch corpora. In the English corpus, one named entity
(NE) � com(2007) 805 �nal� was removed from the corruption domain, while the wind en-
ergy domain saw the removal of two terms, �variable pitch blades� and � renewable sources�,
and one NE, �skuodas�. In the French corpus, two terms, �indélicat � and � loi relative à la
corruption �, were removed from the corruption domain, while the equitation domain saw
the removal of �canons� and � équilibration�. The wind energy domain had one term added,
� systèmes mutisources-multistockages�, while four terms (� systèmes mutisources�, � quadra-
ture�, � inductance directe�, � résistance statorique�) and 98 NEs ( �bar�, � esk�, � akh�, � tht �,
� enbw�, � rich �, � kama�, � man�, � sab�, � mer�, � deg�, � mor �, � aba�, � abo�, � ana�, � azm�,
� joo�, � jen�, � pri �, � han�, � ree�, � dav�, � cou�, � hol�, � sau�, � lal �, � lei �, � vet�, � pur �, � per�,
� her�, � hau�, � ans�, � slo�, � win�, � thi �, � ela�, � stem�, � cer�, � lav�, � ack�, � e.on�, � cim�,
� luo�, � wik�, � ds1103�, � fag�, � and�, � alm�, � pan�, � rap�, � ric �, � saa�, � reb�, � bor�, � kin �,
� sem�, � ecr�, � fau�, � ukt�, � kun�, � creg�, � sal�, � bou�, � crap�, � mog�, � nget�, � stu�, � sei�,
� lec�, � dir �, � nor �, � abb�, � doh�, � rwe�, � mul�, � oud�, � bea�, � 96/92/ce �, � gar�, � eri �, � cal�,
� goi�, � ish�, � fra �, � cra�, � bna�, � ull �, � des�, � ips�, � dro�, � uct�, � mat�, � ds 1104�, � mar �,
� svk�, � bla�, � buh�) were removed. In the Dutch corpus, �anticorruptie-eenheid� was added
as a term to the corruption domain, while four terms were removed. Additionally, two
terms were removed from both the equitation domain and the wind energy domain.

Changes version 1.1 to version 1.2.The transition from version 1.1 to 1.2 included the
addition of the heart failure domain as the test domain for the TermEval shared task.

Changes version 1.2 to version 1.3.In the subsequent update to version 1.3, wrong
sources in the Dutch heart failure domain were corrected and the heart failure abbreviation
was changed for consistency with four-letter domain abbreviations. Additionally, a GitHub
repository for the data was created and submitted to CLARIN.

Changes version 1.3 to version 1.4. The changes from version 1.3 to 1.4 involved
applying limited normalization to both texts and annotations, including standardizing all
dashes, single quotes, and double quotes.

Changes version 1.4 to version 1.5.The update from version 1.4 to 1.5 did not in-
volve many changes to the actual annotations but included a signi�cant update to their
presentation. A few very long NEs were removed from the wind energy and heart failure
sections, and the normalization process was updated by replacing �• � with � I � in anno-
tations and removing rare problematic characters. The data structure was reorganized to
include sequential annotations and tokenized versions of annotations.

Our research began at the release of version 1.2, marking the inclusion of the heart
failure domain as a test domain for the TermEval shared task. This foundational step
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allowed us to focus on a speci�c context, enrich our data and methodologies, and better
compare our research with other related work on the same datasets with the same settings.
As we progressed, we consistently re�ned and enhanced our processes, culminating in
the update to version 1.5. This latest version introduced signi�cant improvements in the
presentation and normalization of annotations, ensuring that our methodologies remained
robust, reliable, and up-to-date with the latest standards in the �eld. We have maintained
methodological consistency through these iterative updates, ensuring that our research
remains precise and applicable.

3.1.4 License

The dataset was released as an open-source corpus on Github1 under the Creative Com-
mons Attribution-NonCommercial-ShareAlike 4.0 International (CC BY-NC-SA 4.0)2. There-
fore, the data can be freely used and adapted for non-commercial purposes, provided the
work of Rigouts Terryn, Hoste, and Lefever (2020) is cited and any changes made to the
data are clearly stated.

3.2 Slovenian Corpus of Term-annotated Texts (RSDO5)

3.2.1 Description

Designed for training automatic terminology extraction, the Slovenian Corpus of Term-
annotated Texts (RSDO5)3 corpus (Jemec Tomazin et al., 2021) provides a rich resource
of manually annotated terms in Slovenian language. As part of the RSDO national project,
the RSDO5 corpus was manually compiled and annotated and contains 12 documents to-
taling about 250,000 words from the �elds ofbiomechanics(bim), chemistry (kem), veteri-
nary (vet), and linguistics (ling). The data were collected from diverse sources, including
Ph.D. theses (3), a Ph.D. thesis-based scienti�c book (1), graduate-level textbooks (4),
and journal articles (4) published between 2000 and 2019.

Besides the manually annotated terms, the corpus also provided additional informa-
tion with Universal Dependencies annotations, i.e., tokenization, sentence segmentation,
lemmatization, morphological features, and dependency syntax. However, in our research,
we only leverage the original text with the term labels, where we consider all terms and
do not distinguish between in-domain and out-of-domain terms. The general statistical
details of the corpus are provided in CLARIN4.

Table 3.2: RSDO5 corpus counts (only annotated parts of corpus).

Domain Language # �les # tokens # terms

Biomechanics (bim)

Slovene

3 61,344 2,319
Chemistry (kem) 3 65,012 2,409
Veterinary (vet) 3 75,182 4,748
Linguistics (ling) 3 109,050 4,601

1https://github :com/AylaRT/ACTER
2https://creativecommons :org/licenses/by-nc-sa/4 :0/
3https://www :clarin :si/repository/xmlui/handle/11356/1470
4https://www :clarin :si/repository/xmlui/handle/11356/1470
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3.2.2 Data Structure

Four di�erent formats have been provided, including corpus in source Text Encoding Ini-
tiative (TEI) format, CoNLL-U format, vertical format, and plain text format. Within the
scope of our research, we focus on the CoNLL-U format, whose latest version (version 1.1)
has been structured as follows:

Figure 3.3: The RSDO5 CONLL-U corpus repository overview.

ˆ 00README.txt and rsdo5-meta.tsv : These �les provide metadata about the
corpus, including �le, domain, author, title, source, publisher, date, URL, number of
terms, words, and tokens.

ˆ rsdo5jez* , rsdo5kem* , rsdo5vet* , and rsdo5bim* : These �les provide identical
CONLL-U format for four di�erent domains, including Linguistics, Chemistry, Vet-
erinary Science, and Biomechanics, respectively. The annotated terms as marked in
the 10th, MISC column in IOB format. The ending cla, dis , and ucb represents the
sources of the �les (cla for scienti�c article, dis for scienti�c monograph, and ucb
for college textbook).

3.2.3 Versioning

Overall, there are two versions of RSDO5 datasets throughout the development of the
corpora. The details of the changes are de�ned below.

Changes version 1.0 to version 1.1.This update included enriching the existing terms
within the TEI and vertical format �les. This enrichment came in the form of additional
markings that distinguish between terms relevant to the speci�c domain (in-domain) and
those that are not (out-domain).

Our research deliberately targeted the CONLL-U format available in version 1.1. This
decision ensured that our work remained up-to-date and applicable. By using the most
recent format, we maintained the precision and broader applicability of our research �nd-
ings.

3.2.4 License

Sponsored by the Ministry of Culture (C3340-20-278001) �Development of Slovene in a
Digital Environment� project, the dataset was released as an open-source corpus on Clarin5

5https://www :clarin :si/repository/xmlui/handle/11356/1470
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and integrated into KonText 6 platform. The corpus was also under the license of Creative
Commons-Attribution-ShareAlike 4.0 International (CC BY-SA 4.0). Therefore, the data
can be freely used and adapted for our studies.

3.3 Discussion

We have summarized our description of two corpora that we used to experiment and
test our hypotheses, as described in Chapters 4 to 6, including a general overview of the
datasets, the data structure, di�erent versions of the data, and the version we used in our
thesis with the associated licenses. In the next three Chapters, we take a closer look at
three main directions for extracting the candidate terms, including hypotheses and related
methods that we apply and test in the two corpora mentioned.

6https://www :clarin :si/kontext/corpora/corplist
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Chapter 4

Sequence-labeling Approach for ATE
Tasks

This chapter focuses on the �rst main hypothesis of this dissertation, namelyH1: Termi-
nology Extraction Bene�ts from Sequence Labeling Models and more speci�cally
the following �ve speci�c hypotheses concerning the claim that sequence labeling models
improve terminology extraction:

ˆ [H1.1] Token Classi�cation Models vs. Binary Classi�cation Models : �A
token classi�er trained on a monolingual dataset in cross-domain setting surpasses
the performance of binary classi�cation system in extracting the candidate terms.�

ˆ [H1.2] Cross-lingual Transfer vs. Monolingual Learning: �In a zero-shot
cross-lingual setting, a token classi�er achieves comparable results to monolingual
training in a target language.�

ˆ [H1.3] Multilingual Learning vs. Monolingual Learning: �A token classi�er
trained on multilingual datasets and applied to a seen target language outperforms
the monolingual models trained on the target language and cross-lingual models not
trained on the target language.�

ˆ [H1.4] The Impact of Labeled Semantics Information in Terminology Ex-
traction: �The integration of label semantic information into a token classi�er based
on BERT outperforms the base model.�

ˆ [H1.5] The Impact of Mixture of Experts in Terminology Extraction: �A
novel token classi�cation head architecture that combines a mixture of experts (MoE)
and Recurrent neural networks (RNN) on a transformer-based model outperforms the
base token classi�cation model.�

These �ve hypotheses are detailed in Section 4.1 when the ATE task is considered from
the perspective of sequence-labeling (token classi�cation) tasks. While hypotheses H1.4
and H1.5 are applied to di�erent downstream NLP tasks, in the context of our dissertation,
we report only on the results of terminology extraction. Meanwhile, in Section 4.2, we
make a comparison among �ve hypotheses against the benchmark with further analysis to
understand the classi�er's prediction before jumping to the conclusion in Section 4.3.

4.1 Terminology Extraction as Sequence-Labeling Tasks

This section starts with preliminary studies conducted to investigate the e�ectiveness of this
direction on the RSDO5 corpus in Section 4.1.1, followed by empirical studies of di�erent
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models from the transformer family on the ACTER and RSDO5 datasets in monolingual
learning in Section 4.1.2. Next, we investigate the best token classi�er from previous
studies on cross-lingual and multilingual learning to determine its general applicability in
less-resourced languages in Section 4.1.3. Then, in Section 4.1.4, we propose LIT, an end-to-
end architecture that integrates the Encoder-Decoder mechanism of the transformers with
additional information on the semantic similarity label. Finally, we propose MOSES, an
architecture that integrates MoE with an RNN layer before the token classi�cation head in
section 4.1.5. The latter two architectures are applied to di�erent token classi�cation tasks.
However, in the context of our dissertation, we report only on the results of terminology
extraction.

4.1.1 Preliminary Studies

In our preliminary study on Slovenian, we leverage the RSDO5 corpus to investigate the
e�ectiveness of token classi�cation (so-called sequence-labeling) models for terminology ex-
traction tasks. This focus is particularly relevant for lesser-resourced European languages,
for which there is still a signi�cant lack of benchmarks for terminology extraction com-
pared to other downstream NLP tasks. The RSDO5 dataset, with its speci�c focus on
Slovenian, allows us to explore this direction and contribute to closing this research gap in
under-represented languages. This part resulted in the following publications:

ˆ (H. Tran et al., 2022) Hanh Thi Hong Tran , Matej Martinc, Antoine Doucet, Senja
Pollak. � A Transformer-based Sequence-labeling Approach to the Slovenian Cross-
domain Automatic Term Extraction �. Slovenian Conference on Language Technolo-
gies and Digital Humanities (JTDH 2022), 2022.

Overall, we evaluate the performance of XLMR, a transformer-based pre-trained model,
on the terminology extraction task. We formulated the task as a supervised cross-domain
sequence labeling problem and applied it to the RSDO5 dataset, which contains texts
from four diverse domains. We show that the proposed cross-domain approach surpasses
the current SOTA (Ljube²i¢ et al., 2019) for all the combinations of training and testing
domains with which we experimented, thus establishing a new SOTA for the terminology
extraction task in the Slovenian corpus.

4.1.1.1 Task Formulation

Let :

ˆ X = f Tok1; Tok2; :::; Tokng be a sequence of n tokens in a text document.

ˆ T = f term 1; term 2; :::; term m g be a set of m terms from a gold standard list.

ˆ L = f B; I; O g be the label set for the BIO annotation scheme, where B is the
beginning of a term, I is inside a term, and O is outside of a term.

ˆ f (Toki ) be the pre-trained XLMR model's output vector for token Toki .

Objective:
The goal is to learn a function g : X ! L n that assigns a label fromL to each token in
the sequenceX .
Model:
The architecture consists of the following components:
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1. Embedding layer : This layer maps each tokenToki to a dense vector representation
E i .

2. Encoder layer : This pre-trained transformer-based model processes the sequence
of encoded tokens (E = f E1; E2; :::; Eng) to capture contextual information. We can
denote the output of the Encoder for token i asTi .

3. Classi�cation head : This layer takes the encoded representationTi for each token
and predicts the label probability distribution:

p(l jTi ) = sof tmax (Wc � Ti + bc) (4.1)

where Wc is the weight matrix of the classi�cation head, bc is the bias vector of the
classi�cation head, andp(l jTi ) is the probability of label l being assigned to tokeni .

The general work�ow of the model is visualized in Figure 4.1.

Figure 4.1: The overall XLMR architecture.

Training :
The model is trained on a labeled dataset where each tokenToki has a corresponding gold-
standard label l i 2 L. The training objective is to minimize the loss function measuring the
discrepancy between the predicted and true labels. A common loss function for sequence
labeling tasks is the cross-entropy loss:

Loss= �
nX

i =1

X

l2 L

yi � log(p(l jzi )) (4.2)

The predictions are then fed into a post-processing step to extract the �nal candidate
terms in the form of a list, which is in the same format as the original gold standard.
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4.1.1.2 Architecture

We consider ATE as a token classi�cation task where the model returns a label for each
token in a text sequence. We use the BIO labeling mechanism (Lang et al., 2021; Rigouts
Terryn et al., 2021). The terms from the gold standard list are �rst assigned to the tokens
in the raw text. Each word inside the text sequence is annotated with one of the three
labels (see examples in Figure 4.2).

Figure 4.2: An example of the BIO mechanism on a text sequence from Slovenian corpus.

We experiment with XLMR 1 (Conneau et al., 2019), a transformer-based model pre-
trained on 2.5 TB of �ltered CommonCrawl data with 100 languages. With the prolif-
eration of non-English models (e.g., CamemBERT for French, Finnish BERT, German
BERT), XLMR, the multilingual version of RoBERTa (Y. Liu et al., 2019), is a generic
cross-lingual sentence Encoder that achieves benchmark performance on multiple down-
stream NLP tasks, including ATE for rich-resourced languages (e.g., English) (Rigouts
Terryn, Hoste, Drouin, & Lefever, 2020). Based on this well-documented SOTA perfor-
mance on several related tasks, we opt to employ XLMR in a monolingual setting on our
low-resourced Slovenian corpus (in comparison with SloBERTa later in Chapter 4.1.2).

The overall architecture is presented in Figure 4.1. First, we divide the dataset into
train-validation-test splits. The train split is used for �ne-tuning the pre-trained language
model. The validation split is applied to prevent over-�tting during the �ne-tuning phase.
Finally, the test split, which is not adopted during training, is used to evaluate the method.
The model is �ne-tuned on the training set to predict for each word in the sequence
the probability of whether it is a part of the term (B, I) or not (O). For this purpose,
an additional token classi�cation head containing a feed-forward layer with a softmax
activation is added on top of the model.

4.1.1.3 Experimental Setup

We investigate the e�ectiveness of cross-domain learning, testing the transfer of knowledge
from one domain to another, and thus evaluating the model's capability to extract terms in
new unseen domains. Therefore, we �ne-tune the model in two domains (e.g.,biomechanics
and chemistry), validate it in the third domain (e.g., veterinary), and test it in the fourth
domain that is not included in the training set (e.g., linguistics). We consider terminology
extraction as a sequence-labeling or token classi�cation task with a BIO annotation scheme.

We employ the XLMR token classi�cation model and its �fast� XLMR tokenizer from
the Huggingface library2. We �ne-tune the model for up to 20 epochs (i.e., we employ
the early stopping regime) using the learning rate of 2e-05, training and evaluation batch
size of 32, and sequence length of 512 tokens, since this hyperparameter con�guration had
the best performance in the validation set. Documents containing more than 512 tokens
are truncated, while documents with fewer than 512 tokens are padded with a special
< PAD > token at the end. During �ne-tuning, the model is evaluated on the validation
set after each training epoch, and the model with the best performance is applied to the
test set.

1https://huggingface.co/FacebookAI/xlm-roberta-base
2https://huggingface.co/models
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For each word in a word sequence, the model predicts whether it is part of a term (B,
I) or not (O). The sequences identi�ed as terms are extracted from the text and included
in a set of all predicted candidate terms. In a post-processing step, all candidate terms are
lowercase before we compare our derived candidate list with the gold standard using the
standard evaluation metrics (precision, recall, and F1).

4.1.2 Empirical Studies of Transformer-based Models

Inspired by the performance of the token classi�er described in Section 4.1.1, we propose an
empirical evaluation of several transformers-based language models, pre-trained on either
monolingual or multilingual corpora, including both masked (e.g., BERT, RoBERTa) and
autoregressive (e.g., XLNet) models used in the cross-domain ATE tasks, which aligns with
hypothesis H1.1. In addition, we not only �ll the research gap in the Slovenian ATE task
by experimenting with di�erent models to achieve a new SOTA in the RSDO5 corpus,
but we also elaborate our studies on di�erent languages from ACTER corpora to evaluate
the consistency of the performance of di�erent dominant and lesser-represented European
languages. Finally, we propose a simple but e�cient late-fusion approach that further
improves SOTA in this �eld. This part resulted in the following publication:

ˆ (H. T. H. Tran, Martinc, Pelicon, et al., 2022) Hanh Thi Hong Tran , Matej
Martinc, Andraz Repar, Antoine Doucet, Senja Pollak. �Ensembling Transformers
for Cross-domain Automatic Term Extraction �. International Conference on Asian
Digital Libraries (ICADL 2022). Cham: Springer International Publishing, 2022.

4.1.2.1 Task Formulation

Evaluation of Individual Models:

ˆ Let M = f M 1; M 2; :::; M ng be a set of n transformer-based models evaluated for the
ATE task. M i can be a multilingual model or a monolingual model.

ˆ For each modelM i , we can de�ne an evaluation metric (e.g., precision, recall, F1) as
E i (M i ; D test ), where:

� E i represents the evaluation metric.

� D test is the test dataset used for evaluation.

Ensemble Approach:
The ensemble or late fusion approach combines the results of the two models that

perform best in the following three settings to potentially improve performance: [1] the
best monolingual and multilingual models; [2] the two best monolingual models; and [3]
the two best multilingual models. Here, two strategies are used:

1. Union : This strategy combines the list of candidate terms from the two models that
perform the best in all three settings. Mathematically, we can represent the union
operation as:

U =
[

(Ti j M i 2 M ) (4.3)

where:

ˆ U is the combined candidate term list.

ˆ Ti is the candidate term list generated by modelM i .
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2. Intersection : This strategy takes only the terms identi�ed by the two highest-
performing models in the three settings. Mathematically, we can represent the inter-
section operation as:

I =
\

(Ti j M i 2 M ) (4.4)

where:

ˆ I is the intersected candidate term list.

Overall Evaluation:
The �nal evaluation metric, the F 1-score, can be calculated based on the chosen en-

semble approach (U or I ) for each combination and compared with the performance of the
individual models (E i ).

4.1.2.2 Architecture

We conduct a systematic evaluation of transformer-based models that were pre-trained on
monolingual and multilingual corpora for the ATE task modeled as sequence labeling. The
models are obtained from Huggingface according to the number of downloads and likes.
The chosen models are presented in Figure 4.3.

Figure 4.3: Empirical evaluation of pre-trained language models on the ATE task.

Regarding multilingual pre-trained systems, we investigate the performance of mBERT3

(Devlin et al., 2018), mDistilBERT 4 (Sanh et al., 2019), InforXLM5 (Chi et al., 2021), and

3https://huggingface.co/google-bert/bert-base-multilingual-uncased
4https://huggingface.co/distilbert/distilbert-base-multilingual-cased
5https://huggingface.co/microsoft/infoxlm-base
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XLMR 6 (so-called XLMRoBERTa) (Conneau et al., 2019). All the chosen multilingual
models are �ne-tuned in a monolingual fashion due to �ndings from related work (Lang et
al., 2021) showing that no (or only marginal) gains are obtained if the model is �ne-tuned
on the multilingual training data.

Regarding the monolingual pre-trained models, we evaluate several English autoen-
coding Transformer variants, including ALBERT 7 (Lan et al., 2019), BERT8 (Devlin et
al., 2018), DistilBERT 9 (Sanh et al., 2019), ELECTRA10 and RoBERTa11 (Y. Liu et al.,
2019), and one autoregressive model, XLNet12 (Z. Yang et al., 2019). For French, we use
CamemBERT13 (Martin et al., 2019) and FlauBERT 14 (H. Le et al., 2020). For Dutch, we
employ BERTje15 and RobBERT16. For Slovenian, we choose SloBERTa17, a RoBERTa-
based model trained on a large Slovenian corpus.

Based on the results of the above empirical studies, we propose a novel approach to
late fusion for ATE tasks. This decision is guided by the general tendency that precision
is better than recall for all tested monolingual and multilingual models. This leads us to
believe that by combining the results of di�erent models, we can achieve improvements
in recall and hence overall F1. We consider two strategies to combine the outputs of the
di�erent models of the ensemble, namely the union and the overlap of the lists of candidate
terms from the models of the ensemble. See the whole procedure in Figure 4.4.

Figure 4.4: Empirical evaluation of pre-trained language models on the ATE task.

We hypothesize that by combining the outputs of the two models, we will be able
to signi�cantly improve the recall of the terminology extraction system. To validate this
hypothesis, we test three combinations, namely, we combine the outputs of the [1] best
monolingual and multilingual models, [2] two best monolingual models, and [3] two best
multilingual models.

4.1.2.3 Experimental Setup

The experiments were performed with two datasets, RSDO5 v1.1 (Jemec Tomazin et al.,
2021) and ACTER v1.5 (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020), due to their
diverse domains and well-documented guidelines. In the RSDO5 v1.1 corpus, we share the
same con�guration setup as in Chapter 4.1.1. We experiment with 12 di�erent combina-
tions of training, validation, and testing data, where two domains are used for training, a

6https://huggingface.co/FacebookAI/xlm-roberta-base
7https://huggingface.co/albert/albert-base-v1 and https://huggingface.co/albert/albert-base-v2
8https://huggingface.co/google-bert/bert-base-uncased
9https://huggingface.co/distilbert/distilbert-base-uncased

10 https://huggingface.co/google/electra-small-generator
11 https://huggingface.co/https://huggingface.co/FacebookAI/xlm-roberta-base
12 https://huggingface.co/xlnet/xlnet-base-cased
13 https://huggingface.co/almanach/camembert-base
14 https://huggingface.co/�aubert/�aubert_base_uncased
15 https://huggingface.co/GroNLP/bert-base-dutch-cased
16 https://huggingface.co/pdelobelle/robbert-v2-dutch-base
17 https://huggingface.co/EMBEDDIA/sloberta
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third one for validation, and a fourth one for testing. Meanwhile, for all three languages in
the ACTER v1.5 corpora, we considercorruption and wind energy for training, equitation
for validation, and heart failure as a test set, same as in the TermEval 2020 shared task
(Rigouts Terryn, Hoste, Drouin, & Lefever, 2020).

For both datasets, we consider terminology extraction as a sequence-labeling task with
a BIO annotation scheme. The chosen model predicts for each word in a word sequence
whether it is a part of a term (B, I) or not (O). The extracted candidate terms are then
formulated as a set and converted to lowercase in a post-processing step. Only then do we
compare them with the gold standard using the evaluation metrics (precision, recall, and
F1).

4.1.3 Cross-lingual and Multilingual Learning

Inspired by the success of transformer-based models as (binary) sequence classi�ers in the
TermEval 2020 competition (Hazem et al., 2020), in our adaptation as a token classi�er
(H. T. H. Tran, Martinc, Doucet, & Pollak, 2022; H. Tran et al., 2022), and the emergence
of cross-lingual learning (Lang et al., 2021), we propose to further explore the performance
of the XLMR (Conneau et al., 2020) pre-trained model in cross-lingual learning, where the
model is �ne-tuned in one or more languages and tested in a new unseen language; and
in multilingual learning, where the model is �ne-tuned on several languages and tested
in a seen language. The choice of pre-trained models was based on two reasons: [1] the
results of the empirical studies in Chapter 4.1.3; [2] the multilingualism of XLMR where
the pre-trained model covers all four languages in the training set.

This part resulted in the following publication:

ˆ (H. T. H. Tran, Martinc, et al., 2024) Hanh Thi Hong Tran , Matej Martinc, An-
draz Repar, Nikola Ljubesic, Antoine Doucet, Senja Pollak.Can Cross-domain Term
Extraction Bene�t from Cross-lingual Transfer and Nested Term Labeling? Special
Issue of Discovery Science. Machine Learning. 2024.

ˆ (H. T. H. Tran, Martinc, Doucet, & Pollak, 2022) Hanh Thi Hong Tran , Matej
Martinc, Antoine Doucet, Senja Pollak. �Can Cross-domain Term Extraction Bene�t
from the Cross-lingual Transfer?. International Conference on Discovery Science (DS
2022). Cham: Springer Nature Switzerland, 2022.

Overall, we model terminology extraction as a sequence-labeling task and systematically
evaluate the performance of our token classi�er (e.g., XLMR) in cross-lingual settings
using the ACTER v1.5 and in multilingual settings for both ACTER v1.5 and RSDO5
v1.1 corpora. We compare the performance of cross-lingual and multilingual learning with
that of monolingual learning to determine its general applicability in less well-resourced
languages. This aligns with hypotheses H1.2 and H1.3.

4.1.3.1 Task Formulation

Let :

ˆ L = f English; F rench; Dutch; Slovenian g be the set of four languages we investi-
gate.

ˆ k be an integer representing the number of languages considered for training (1 for
monolingual, 2 or higher for cross-lingual).
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ˆ Ck be the collection of possible tuples of sizek that can be constructed from lan-
guages inL . For example, C2 denotes the collection of all possible two-language
combinations in a set of four languages, e.g.

C2 = f (English; F rench ); (English; Dutch ); :::g (4.5)

Cardinality of Language Combinations:
We denote the i th tuple of size k with C i

k , e.g., for the previous example,C1
2 would

yield (English; F rench ). The cardinality of the collection Ck , jCk j is formulated as:

jCk j =
�

4
k

�
(4.6)

It represents the number of ways to choosek distinct elements (languages) from a set
of 4 (L ) without considering the order.
Training set:

We create i th training dataset D from the collection of tuples Ck of sizek, as a con-
catenation of datasets in the tuple, or more formallyD i;k :

D i;k =
[

language2 C i
k

train _ split (language) (4.7)

where train-split represents the respective data-split of the given language.
Monolingual learning (k = 1 ; jC1j)

ˆ C1 = L: In this case, C1 contains all four individual languages (English, French,
Dutch, Slovenian) for monolingual training, respectively.

Cross-lingual learning (k > 1; D i;k for i 2 [1; jC4j])

ˆ This speci�es the speci�c combination of k � 1 languages for training in the i th

instance and tests on new unseenk language.

Multilingual learning ( k = 4 ; D i; 4 for i 2 [1; jC4j])

ˆ C i
k This represents thei th tuple of size k in the collectionCk . It speci�es the speci�c

combination of k languages for training in the i th instance.

4.1.3.2 Architecture

We apply the cross-domain performance of the XLMR token classi�er in cross-lingual and
multilingual learning compared to monolingual learning. Altogether, di�erent scenarios
are tested and described below.

1. Monolingual setup. We evaluate how well the model performs when a language-
speci�c training corpus is available and there is a match between the language of the
train set and the language of the test set. To allow a better comparison with other
existing approaches, we apply the same con�guration as in the TermEval 2020 share
task whereheart failure of each language is considered as a test set. This means that
we train three monolingual models for three languages (English, French, and Dutch)
and test each model in the same language for each annotation regime. We also train
12 monolingual models for each annotation regime for Slovenian, using 12 di�erent
combinations of the split of training, validation, and testing for the domains.
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2. Cross-lingual setup. We evaluate the model's ability to apply knowledge learned in
one or more languages to terminology extraction in another unseen language. There-
fore, we �ne-tune the model in one or more languages (e.g., English and Dutch) and
test it in another language that is not included in the training set (e.g., French). In
this scenario, we thus investigate how well the model works without the language-
speci�c training corpus and how well the knowledge transfer between di�erent lan-
guages is.

3. Multilingual setup. To �ne-tune our model, we use [1] training datasets for all
languages in the ACTER dataset (e.g., English, French, and Dutch) or [2] training
datasets for all languages in the ACTER dataset and the Slovenian training dataset
from the RSDO5 corpus and then apply the model to the test sets of all languages.
In this way, we investigate whether adding more data from other languages to the
training dataset corresponding to the target language improves the predictive per-
formance of the model.

All settings are applied in a cross-domain evaluation scenario, where we use two domains
for training, another domain for validation, and the rest for testing. An exception is the
multilingual and cross-lingual settings with the additional Slovenian corpus in the training
set, where we use two domains from ACTER corpora and all domains from the RSDO5
corpus for training to predict the ACTER test set and vice versa for RSDO5 corpus. In this
way, we can evaluate the generalization capabilities of the model to adapt the knowledge
in one or more domains to a new, unseen, arbitrary domain, which is much more useful.

4.1.3.3 Experimental Setup

Monolingual learning shares the same experimental setup with the XLMR classi�er de-
scribed for the methods in Chapter 4.1.1. Meanwhile, cross-lingual and multilingual learn-
ing share the same model con�guration and the data train-validation-test split setup for
both datasets.

4.1.4 Label-Informed Transformers (LIT) Models

Transformers-based language models have led to the investigation of various embedding
and modeling techniques for several downstream NLP tasks. Nevertheless, the comprehen-
sive exploration of semantic information about the label from the Encoder and Decoder
components has not yet been fully realized in these tasks. Thus, aligning with hypothesis
H1.4, we propose LIT, an end-to-end pipeline architecture that integrates the transformer's
Encoder-Decoder mechanism with an additional semantic similarity label for token classi-
�cation tasks. This part resulted in the following publication:

ˆ (Accepted) (Sun et al., 2024) Wenjun Sun,Hanh Thi Hong Tran , Carlos-Emiliano
González-Gallardo, Mickaël Coustaty and Antoine Doucet. �LIT: Label-Informed
Transformers on Token-based Classi�cation�. 28th International Conference on The-
ory and Practice of Digital Libraries (TPDL 2024), 2024.

Within the scope of this dissertation, we only report the results on the ATE task, which
was one of the downstream tasks tested.

4.1.4.1 Architecture

The LIT architecture is shown in Figure 4.5. It consists of a backbone language model, an
Encoder, a feature extractor, a Decoder, and a cosine similarity operation. The �rst three
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are used to compute the embedding of the target token, the Decoder is used to obtain
the embedding of each label, and �nally, the cosine similarity is used to obtain the �nal
prediction.

Figure 4.5: General architecture of LIT approach.

First, when the training data are loaded, the input is represented by a sequence of
tokens using BERT embeddings. Then, the vector representation of each token is obtained
by the language model and fed directly to the Encoder for further computation. We use
this Encoder to process the semantics (e.g., domain-speci�c terms). During the tokeniza-
tion process, some tokens are divided into multiple sub-tokens, we thus adopt the vector
representation of the �rst sub-token as the overall feature of this token. Then, the average
vector value of each target token is extracted as the input of the Decoder. Mathemati-
cally speaking, given the original sequencef T1; T2; :::; Txg, the tokenization process returns
the output sequence off T11 ; T12 ; :::; Txy g, where Txy means theyth sub-token of the x th

token. After BERT embeddings and the Encoder, the resulting token embeddings are
f Em11 ; Em12 ; :::; Em xy g, whereEm xy refers to the embedding of theyth sub-token of the
x th token and L(Em) is the embedding of each label ofEm x , e.g., the representation of
TERM , given 1 being the �rst sub-token, can be formulated as:

TERM = Avg(1f L (Em i 1 )== T ERM gEm i 1 ); i = f 0; : : : ; xg (4.8)

The feature extractor is used to calculate the average embedding of the term token in
sentences. Then, sequences are grouped into corresponding input groups according to the
labels they contain (e.g., a label for terminology extraction and �ve labels for the Historical
NER tasks). If one sequence contains multiple labels, it will be organized into multiple
corresponding groups. This is to allow the model to learn the semantics of all labels during
training. These representations are fed into the Decoder as the representation along with
the n decoding vectors as another input to the Decoder according to the number of labels.
Finally, the n outputs of the Decoder are obtained and used as the representation of each
label. The predicted token label is the one that maximizes the cosine similarity (Cos_ sim)
between the Encoder and Decoder outputs:

L (Em xs1 ) = Max (Cos_ sim(Em xs1 ; Label))) (4.9)
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Figure 4.6: Architecture adaptation on terminology extraction as the token classi�cation
task.

where Label means the embeddings of labels. This mechanism is shown in Figure 4.6 for
both token-based classi�cation tasks. During inference, the feature extractor is not needed,
as the �nal result is obtained by comparing the output of the Encoder with the embedding
of the label.

4.1.4.2 Experimental Setup

To make long texts compatible with the BERT model, we set a window length and the
truncation stride to 100 and use the cross-entropy function for the loss calculation. For the
language model, we �ne-tuned BERT based on the dataset and our speci�c task (for the
terminology extraction task, we used the cased version of BERT18). Our model's Encoder
and Decoder are both in the transformer's structure.

4.1.5 Mixture of Specialized Experts (MOSES) for Supervised Extrac-
tion

In recent years, foundation models have completely revolutionized the way NLP is done
and the development of LLMs has enabled task-agnostic architectures that can solve down-
stream NLP tasks in a zero-shot fashion, with no labeled data required (Brown et al.,
2020). With the rise of LLMs, novel training regimes and architectural components have
been proposed, such as low-rank adaptation (LoRA) (Hu et al., 2021) and the mixture of
experts (MoE) (Jacobs et al., 1991), which make these models more e�cient and training
less computationally expensive and faster. While these components have been successfully
employed in an unsupervised setting with abundant data, studies that would research their
e�ectiveness in a supervised setting with fewer resources are scarce. The main reason for
this is that these components have been developed with the speci�c aim of improving the
scalability of models (Shazeer et al., 2017) and therefore their impact on the performance of
models is somewhat neglected in most studies or only measured indirectly, i.e., the studies
focus on how the use of these components enables greater scalability, which in turn leads
to performance gains.

In contrast, our studies focus on the performance improvements we can obtain from one
of these components without increasing the size of the backbone model. More speci�cally,
we are interested in how MoE can be used to improve several text extraction tasks in a
supervised setting with far fewer resources than is typically the case in an unsupervised
language modeling setting. The general hypothesis is that, the same as for text generation,
it is bene�cial for text extraction to allow speci�c parts of the network to specialize for

18 https://huggingface :co/bert-base-cased
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speci�c types of tokens. More speci�cally, we investigate whether the introduction of a
gating network that assigns di�erent parts of the sequence to specialized layers that only
take care of certain subsequences and tokens according to their semantic and grammatical
role could improve SOTA. As a result, we test our approach on several sequence-labeling
tasks with di�erent amounts of available training data to determine the data threshold
that still allows the convergence of expert layers.

This part aligns with hypothesis H1.5 and results in the following publication under
evaluation:

ˆ (Under review) Matej Martinc, Hanh Thi Hong Tran , Boskho Koloski, Senja
Pollak. � MOSES: Mixture of Specialized Experts for Supervised Extraction�. Trans-
actions of the Association for Computational Linguistics (TACL 2024), 2024.

In the scope of our dissertation, we only report the architecture and results for ATE
tasks.

4.1.5.1 Architecture

MOSES (visualized in Figure 4.7) is based on �ne-tuning a pre-trained transformer ar-
chitecture with a customized token classi�cation head. As a backbone model, we employ
DeBERTa (He et al., 2020) for the English corpus and mDeBERTa for French and Dutch
corpora of ACTER datasets. It was chosen since it showcased SOTA performance on sev-
eral downstream NLP tasks, among them also the majority of three sequence labeling tasks
that we investigate, such as NER (Shon et al., 2022), keyword extraction, and our speci�c
terminology extraction tasks.

Figure 4.7: The MOSES general architecture given the terminology extraction input.
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The main novelty of our approach is a customized token classi�cation head that contains
several components. The output logits from the (m)DeBERTa backbone are �rst fed to
the gate network or router, which determines which tokens in the input sequence are sent
to which expert. More speci�cally, in the setting with n experts the gate network (G)
decides which experts (E) receive a part of the input:

y =
nX

i =1

G(x) i E i (x)

We model the routing as a weighted multiplication, where hypothetically all experts
could contribute to processing each part of the input. Nevertheless, the additionaltop_k
parameter ensures that only the topk experts contribute to the respective part of the input,
and other experts are excluded from the computational graph, thus saving computational
resources. Following Shazeer et al. (2017), we employ the so-called Noisy Top-k Gating,
which introduces some (tunable) noise and then keeps the top k values. Noise is introduced
for load balancing, i.e., to prevent the gating network from converging in a way that the
same few experts are activated for most of the tokens, which would make training ine�cient.
More speci�cally, the �nal weight distribution is obtained by feeding the input ( x) through
a dense layer (Wg) and adding some random noise in the following way:

H (x) i = ( x � Wg) i + StandardNormal() � Softplus((x � Wnoise ) i )

After that, we �lter out only the top k experts out of v:

KeepTopK(v; k) i = f vi if vi in top k, otherwise � inf g

We �nally apply softmax only to the �ltered experts:

G(x) = Softmax(KeepTopK(H (x); k))

Note that the router is composed of learnable parameters and is �ne-tuned at the same
time as the rest of the network.

On the other hand, each expert is represented as a neural network consisting of three
sequential dense layersWg with additional activation and dropout layers. More speci�cally,
the expert is represented as:

E(x) = Dropout(ReLU(x � Wg) � Wg) � Wg

The outputs of di�erent experts, which attend to speci�c tokens assigned to them by
the routing network, are �rst reassembled into a single sequence representation. After that,
a two-layer randomly initialized Encoder, consisting of dropout and two recurrent neural
networks (RNN) layers, is added (with element-wise summation) to this sequence. The
initial motivation behind this adaptation is related to the �ndings from related work that
suggest that recurrent layers are quite successful in modeling the positional importance of
tokens in the keyword detection task (Meng et al., 2017; X. Yuan et al., 2020) and by the
study of Sahrawat et al. (2020), who also reported good results when an RNN classi�er
and contextual embeddings generated by transformer architectures were used for keyword
detection. Also, the results of the initial experiments suggested that some performance
gains can be achieved by employing this modi�cation, especially on smaller datasets.

The output sequence of the MoE and RNN Encoders is �nally fed to the feed-forward
classi�cation layer, which returns the output matrix of size SL � NC, where SL stands for
sequence length and NC stands for the number of classes. In our case,NC is always 3,
since we model all tasks as sequence labeling with the BIO annotation regime.
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For each of the tasks, we perform an additional post-processing step. For example, in
terminology extraction, the extracted candidate terms go through an additional �ltering
step to lowercase them and remove unnecessary duplication. All candidate terms at the
sentence level are then added to the �nal list of candidate terms at the corpus level.

4.1.5.2 Experimental Setup

We employ MOSES for three di�erent sequence-labeling tasks, namely keyword extraction,
terminology extraction, and named entity recognition (NER), and test various settings to
determine the e�ect that the proposed architectural additions have on the performance
of the model. We are interested in the speci�c contributions that the MoE and RNN
layers have on the performance of the model (either separately or together). Therefore
we compare the settings containing these components to the baseline (m)DeBERTa model
with a usual (dense) token classi�cation head. However, in the scope of this dissertation,
we report mainly on terminology extraction tasks.

During �ne-tuning, we use low-rank adaptation (LoRA) (Hu et al., 2021) instead
of �ne-tuning the entire model. More speci�cally, we freeze all layers in the backbone
(m)DeBERTa model and train only low-rank perturbations to query and value weight ma-
trices in the model. Additionally, we train all matrices in the custom token classi�cation
head (i.e., MoE, RNN, and dense classi�cation layers are randomly initialized and �ne-
tuned). Each model was �ne-tuned for a maximum of 20 epochs and after each epoch,
the trained model was tested on the documents chosen for hyperparameter optimization
and test set model selection. The model that showed the best performance was used on
the test set. The hyperparameter values used during �ne-tuning include a learning rate of
2e-4, a sequence length of 512, LoRA r of 16, LoRa alpha of 16, and LoRa dropout of 0.1.

4.2 Results

In this section, we de�ne the evaluation metrics in Section 4.2.1 to measure the perfor-
mance of di�erent approaches introduced earlier in Chapter 4 compared to the baseline as
described in Chapter 4.2.2. We then present general observations and discussions on the
results obtained in Subsection 4.2.3. A more detailed error analysis is provided in Section
4.2.4 to gain deeper insights into model behavior.

4.2.1 Evaluation Metrics

We evaluate each terminology extraction system by comparing the aggregated list of can-
didate terms extracted on the level of the whole test set with the manually annotated
gold standard term list using precision (see equation 2.1), recall (see equation 2.2), and
F1-score (F1) (see equation 2.3). These evaluation metrics have also been used in related
work (Lang et al., 2021; Nugumanova et al., 2022), including the TermEval 2020 shared
task (Hazem et al., 2020; Rigouts Terryn, Hoste, Drouin, & Lefever, 2020).

4.2.2 Baselines

We compared our studies with di�erent benchmarks for each corpus. For the ACTER
corpora, we included [1] the winning solutions for each language in ACTER from the
TermEval 2020 shared task where the dataset was published and [2] the later proposed
solutions up to the start of our research. However, for the RSDO5 corpus, due to its
novelty, we compared our work with the latest studies until we started our research.
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4.2.2.1 ACTER Corpora

During the TermEval 2020 shared task, we consider winning solutions from TALN-LS2N
(Hazem et al., 2020) for English and French and NLPLab_UQAM (Rigouts Terryn, Hoste,
Drouin, & Lefever, 2020) for Dutch as the baselines:

ˆ TALN-LS2N (Hazem et al., 2020) was the winning solution for English and French
corpora where they used BERT as a binary classi�er for terminology extraction.
Given the input being the concatenation of a sentence and a selected n-gram within
the sentence, the classi�er labeled the n-gram as a positive training example if it is
a term. Otherwise, the classi�er labeled it as a negative example.

ˆ NLPLab_UQAM (Rigouts Terryn, Hoste, Drouin, & Lefever, 2020) was the winning
solution for the Dutch corpus where they applied a BiLSTM to the task given the
input being the sequence represented by pre-trained Glove word embedding.

After the TermEval 2020 shared task, several methods have been implemented in both
neural and non-neural directions to surpass the baselines above, including:

ˆ HAMLET (Rigouts Terryn et al., 2021) proposed a hybrid adaptable machine learn-
ing system to extract the candidate terms in a three-step procedure: [1] preprocessing
and candidate term selection based on PoS, [2] extracting 177 di�erent features (e.g.,
shape, linguistics, frequency, statistical, etc), and training on di�erent ML classi�ers
(e.g., DTs, RF, multi-layer perception, logistic regression). We reported only the
optimal combinations for the best terminology extraction performance.

ˆ NMT (Lang et al., 2021) considered terminology extraction from three perspectives:
[1] as a sequence classi�cation task, [2] as a token classi�cation task, and [3] as a
neural machine translation (NMT) task. The results show that the best performance
when considering the second perspective is achieved with the XLMR classi�er, which
serves as a benchmark in our studies.

ˆ NMF (Nugumanova et al., 2022) combined the probabilistic topic modeling (PTM)
and non-negative matrix factorization (NMF) to extract the candidate terms. Five
di�erent NMF algorithms and four di�erent NMF initializations were tested by
changing the number of topics extracted from the documents and the number of
most probable words extracted from the topics. Again, we only speci�ed the optimal
combinations for the best terminology extraction performance.

All mentioned neural methods followed a cross-domain setting, where two domains (i.e.,
corruption, wind energy) were used for training, another domain (i.e.,equitation) was used
for validation, and the remaining domain (i.e., heart failure) was used for the testing phase.
We shared the same con�guration of train-validation-test splitting as them to make our
work transparent and comparable.

4.2.2.2 RSDO5 Corpus

There is a limited amount of research available on RSDO5. Two of the most recent works
on the tasks were considered as the baseline, including:

ˆ KAS-term (Ljube²i¢ et al., 2019) proposed supervised learning experiments (e.g.,
SVM with RBF kernel) that can be adapted to RSDO5 corpus to extract candidate
terms from Slovene academic texts using frequency and di�erent co-occurrence statis-
tics (e.g., chi-square, Dice, pointwise mutual information, t-score, tf-idf, C-value).



4.2. Results 55

ˆ TermoUD (Marciniak et al., 2023) was a language-independent terminology extrac-
tion tool with a two-step pipeline: [1] Identifying the candidate phrase using pre-
de�ned rules, and [2] ranking the candidate terms based on C-value.

4.2.3 Quantitative Results

We report the performance of our methods for each of the �ve hypotheses described above
on two corpora using precision, recall, and F1-score as evaluation metrics.

4.2.3.1 ACTER Corpora

Tables 4.1, 4.2, and 4.3 reported the performance of our approaches in English, French,
and Dutch corpora (ACTER version 1.5), respectively, compared with the baseline (Group
5) described in Section 4.2.2. Our methods include four groups: [1] di�erent transformer-
based models in monolingual learning (Group 1); [2] XLMR in cross-lingual and multi-
lingual learning (Group 2); [3] LIT architecture (Group 3); and [4] MOSES architecture
(Group 4).
Transformer-based models as Token Classi�ers vs. Baselines

We compared our empirical experiments using di�erent transformer-based models as
token classi�ers �ne-tuned on monolingual datasets (Group 1) with the four baselines for
each language (Group 5). While the monolingual pre-trained models were competitive in
English (e.g., RoBERTa), and French (e.g., CamemBERT) corpora, the multilingual mod-
els (e.g., XLMR) proved to outperform both versions of the Dutch corpus. This highlighted
the impact of monolingual pre-trained models on the test set of their speci�c languages and
the potential of multilingual models to tackle the dataset with fewer resources compared
to the dominant ones (e.g., English). Moreover, our approaches using BERT as a token
classi�er outperformed the approaches of TALN-LS2N where BERT was considered as a
sequence classi�er for both versions of the gold standard in English and French, except for
the English ANN version when using the same BERT as a backbone. To be precise, there
was an increase of 6.9 percentage points in the English NES version, 2.5 percentage points
in the French ANN version, and 9.3 percentage points in the Dutch NES version, while
there was only a decrease of 2 percentage points in the English ANN version when BERT
was used as the token classi�er for the task. Furthermore, most of the other transformers'
token classi�ers outperformed the sequence classi�er of the TALN-LS2N baseline. Thus,
our hypothesis H1.1 was con�rmed: �A token classi�er trained on a monolingual dataset
in cross-domain setting surpasses the performance of the binary classi�cation system in
extracting candidate terms.�.

Note that in our empirical studies, monolingual models (e.g., CamemBERT) performed
better on a speci�c language test set (e.g., French test set) than other models pre-trained in
that particular language (e.g., French) or �ne-tuned models in cross-lingual or multilingual
learning due to several factors. First, monolingual pre-trained models are trained exclu-
sively on one language, allowing them to specialize and optimize the linguistic structures,
nuances, and vocabulary of the language. In contrast, multilingual pre-trained models must
balance the learning of multiple languages, which can lead to less e�ective optimization
for a single language. Second, the former models may have a vocabulary and tokeniza-
tion scheme speci�cally tailored to French, better capturing its unique morphological and
syntactic features. The latter models, on the other hand, use common vocabularies that
are less e�cient in capturing the speci�cities of each language, especially for languages
with rich morphology or speci�c characters. Despite the performance of the monolingual
model in that particular language, it often provides less competitive performance when it
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Table 4.1: The evaluation of di�erent approaches in the English version of the ACTER
corpora. The best result for each evaluation metric appears in bold for each version.

Settings
ANN version NES version
P R F 1 P R F 1

(Group 1) Transformer-based models in Monolingual Learning

Mono

ALBERT v1 52.6 47.4 49.9 54.4 54.6 54.5
ALBERT v2 49.9 48.5 49.2 57.0 55.1 56.1
BERT uncased 59.1 32.4 41.9 61.4 47.5 53.6
DistilBERT uncased 58.2 38.8 46.5 61.1 48.2 53.9
ELECTRA 56.5 46.8 51.2 58.2 47.3 52.2
RoBERTa 58.1 51.0 54.3 62.3 56.3 59.1
XLNet 56.5 53.9 55.2 58.3 57.3 57.8

Multi
BERT uncased 55.2 35.2 43.0 62.1 49.4 55.0
DistilBERT cased 55.1 45.5 49.8 57.1 54.2 55.6
InfoXLM 57.7 54.6 56.1 61.2 54.5 57.6
XLMR 58.1 48.1 52.6 62.1 52.0 56.6

(Group 2) Cross-lingual and Multilingual Learning

XLMR f r 56.9 33.2 42.0 60.0 39.1 47.3
XLMR nl 55.6 56.4 56.0 57.6 58.3 58.0
XLMR en;f r 57.2 51.2 54.0 60.4 51.5 55.6
XLMR en;nl 58.0 48.7 52.9 62.4 51.3 56.3
XLMR f r;nl 60.8 46.8 52.9 62.3 50.4 55.7
XLMR en;f r;nl 56.8 53.0 54.9 60.8 52.5 56.4
XLMR en;f r;nl;sl 45.9 66.3 54.2 48.3 65.6 55.6

(Group 3) Label-Informed Transformers (LIT) for terminology extraction

LIT 37.0 70.4 48.5 45.0 65.1 53.2

(Group 4) Mixture of Specialized Experts (MOSES) for terminology extraction

DeBERTa - - - 59.3 56.1 57.7
DeBERTa MoE - - - 54.0 63.9 58.5
DeBERTa MoE RNN - - - 54.6 64.4 59.1

(Group 5) Baselines

TALN-LS2N 32.6 72.7 45.0 34.8 70.9 46.7
HAMLET - - 54.2 - - 55.4
NMT - - - - - 55.3
NMF - - 33.5 - - 33.7
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Table 4.2: The evaluation of di�erent approaches in the French version of the ACTER
corpora. The best result for each evaluation metric appears in bold for each version.

Settings
ANN version NES version
P R F 1 P R F 1

(Group 1) Transformer-based models in Monolingual Learning

Mono
CamemBERT 70.5 45.0 54.9 70.7 52.2 60.1
FlauBERTa 75.9 26.2 38.9 75.3 39.0 51.4

Multi
BERT uncased 67.8 37.7 48.4 69.4 49.0 57.4
DistilBERT cased 64.5 43.5 51.9 65.2 48.8 55.8
InfoXLM 68.7 39.8 50.4 71.1 48.9 58.0
XLMR 70.5 44.4 54.5 72.4 48.5 58.1

(Group 2) Cross-lingual and Multilingual Learning

XLMR en 66.7 47.9 55.8 70.6 53.8 61.1
XLMR nl 66.5 51.5 58.0 67.6 53.2 59.5
XLMR en;f r 63.7 52.4 57.5 68.1 52.8 59.5
XLMR en;nl 65.3 44.2 52.7 68.7 52.4 59.4
XLMR f r;nl 69.2 48.3 56.9 70.7 49.5 58.3
XLMR en;f r;nl 68.0 50.7 58.1 48.3 65.6 55.6
XLMR en;f r;nl;sl 58.1 61.6 59.8 59.5 62.5 61.0

(Group 3) Label-Informed Transformers (LIT) for terminology extraction

LIT - - - - - -

(Group 4) Mixture of Specialized Experts (MOSES) for terminology extraction

mDeBERTa - - - 48.8 52.8 50.7
mDeBERTa MoE - - - 50.4 51.4 50.9
mDeBERTa MoE RNN - - - 50.0 56.4 53.0

(Group 5) Baselines

TALN-LS2N 41.9 50.9 45.9 45.2 51.5 48.1
HAMLET - - 60.2 - - 60.8
NMT - - - - - 57.6
NMF - - 30.9 - - 30.7
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Table 4.3: The evaluation of di�erent approaches in the Dutch version of the ACTER
corpora. The best result for each evaluation metric appears in bold for each version.

Settings
ANN version NES version
P R F 1 P R F 1

(Group 1) Transformer-based models in Monolingual Learning

Mono

BERT dutch _ cased 65.6 65.5 65.6 67.6 66.0 66.8
robBERT 69.6 36.8 48.2 71.6 55.0 62.2
robBERT v2 71.6 36.4 48.3 73.6 55.7 63.4

Multi
BERT uncased 70.7 62.5 66.3 72.3 63.7 67.8
DistilBERT cased 69.8 61.3 65.3 69.5 66.2 67.8
InfoXLM 70.4 66.7 68.5 73.5 64.2 68.6
XLMR 70.3 62.2 66.0 73.3 61.5 66.9

(Group 2) Cross-lingual and Multilingual Learning

XLMR en 69.2 61.1 64.9 73.0 63.0 67.6
XLMR f r 72.1 51.0 59.8 73.6 55.5 63.3
XLMR en;f r 72.5 61.7 66.7 73.1 63.5 68.0
XLMR en;nl 69.3 60.2 64.4 74.4 61.7 67.4
XLMR f r;nl 75.7 56.7 64.8 76.7 59.6 67.1
XLMR en;f r;nl 69.9 64.3 67.0 73.7 62.9 67.9
XLMR en;f r;nl;sl 62.7 75.5 68.5 63.6 73.7 68.3

(Group 3) Label-Informed Transformers (LIT) for Terminology Extraction

LIT 49.8 73.5 59.4 50.0 80.3 61.6

(Group 4) Mixture of Specialized Experts (MOSES) for Terminology Extraction

mDeBERTa - - - 68.9 61.9 65.2
mDeBERTa MoE - - - 69.1 65.0 67.0
mDeBERTa MoE RNN - - - 69.0 69.8 69.4

(Group 5) Baselines

NLPLab UQAM 18.1 19.3 18.6 18.9 18.6 18.7
HAMLET - - 66.1 - - 66.0
NMT - - - - - 59.6
NMF - - 30.1 - - 30.3
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comes to other languages. Therefore, we decided to use a model pre-trained on multilingual
languages (e.g., XLMR) to explore the diversity of di�erent languages and domains.
Cross-lingual and Multilingual Learning vs. Baselines

We compared our experiments on cross-lingual and multilingual learning (Group 2) with
monolingual learning (Group 1) and with the baselines (Group 5). The results indicated
that the cross-lingual and multilingual �ne-tuned models outperformed the monolingual
�ne-tuned models when the same models (e.g., XLMR) were used, except when it came
to the precision obtained by the models of monolingual learning on the French test set.
Multilingual models tended to outperform cross-lingual ones, the only exception being the
cross-lingual model trained in Dutch and applied to the English test set. By adding four
domains of Slovenian corpus to the training set, the multilingual model demonstrated a
signi�cant improvement in recall across all test languages, which, on average, increases
by 18.2 percentage points in the ANN test set and 13.5 percentage points in the NES
test set compared to monolingual learning. However, �ne-tuning multilingual data could
be computationally more expensive as a trade-o�, especially if the dataset was large and
diverse (e.g., the combination of ACTER and RSDO5 as the training set). Overall, the best
token classi�er for each language in this setting included [1] XLMR �ne-tuned in Dutch
for both versions of the English test set, [2] XLMR �ne-tuned in English for the French
NES version, and [3] XLMR �ne-tuned in all four languages for the French ANN and both
versions of the Dutch test set.

Compared to the baselines, our best cross-lingual and multilingual XLMR token clas-
si�er outperformed the winning solutions of TermEval 2020 competition (TALN-LS2N
and NLPLab_UQAM) as well as the more recent research results of NMT, NMF, and
HAMLET, except for the French ANN version where we had only a marginal gap (about
0.4 percentage points) with the HAMLET methods. Regarding multilingual evaluation,
we showed that in contrast to the results of Lang et al. (2021), the addition of di�erent
languages generally improved the models slightly.

Note that English, French, and Dutch all belong to the Indo-European family and use
the same Latin alphabet in the writing system but with di�erent branches. English comes
from the Germanic branch (closer to Dutch) and has a large vocabulary due to historical
in�uences (French, Latin, Germanic). Dutch shares some vocabulary with English but
has a more Germanic sound. French comes from the Italic/Romance branch with many
words derived from Latin, which shows the greatest similarities with the Germanic branch
as well. That explains why, for example, XLMR �ne-tuned for Dutch still bene�ted both
versions of the English test set in capturing the candidate terms and vice versa.

These �ndings con�rmed our hypothesis H1.2: �In a zero-shot cross-lingual setting, a
token classi�er achieves comparable results to monolingual training in a target language.�
and H1.3: �A token classi�er trained on multilingual datasets and applied to a seen target
language outperforms the monolingual models trained on the target language and cross-
lingual models not trained on the target language.�if the languages come from the same
or similar branches in the Indo-European family with a degree of closeness in the writing
system.
LIT vs. Baselines

We compared the performance of the LIT architecture on terminology extraction (Group
3) in English and Dutch corpora with the baseline (Group 5) to address the impact of label
information on our speci�c task.

Compared to the vanilla BERT architecture (pre-trained on monolingual and multilin-
gual datasets, respectively), LIT demonstrated a signi�cant improvement in the number
of correct terms extracted via recall for both versions of the ACTER corpora but only
surpassed the performance in F1 with a 6.6 percentage point increase of the English ANN
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test set. Overall, LIT indicated a discrepancy in the extraction of the ANN and NES
versions where it performed better on the version without the named entities in the gold
standard. We hypothesized that this behavior is due to the di�erent lengths of terms in
the two annotation categories, which is mainly due to the inclusion of long-named entities.

Compared to baselines (Group 5), LIT also outperformed the winning solution for
English (TALN-LS2N) and Dutch (NLPLab_UQAM); and the NMF approaches. In par-
ticular, there was an increase of 41.3 (ANN set) and 42.9 (NES set) percentage points for
LIT compared to NLPLab_UQAM in the Dutch test set. Meanwhile, our architectures
delivered competitive performance with the HAMLET methods with an average di�erence
of only 6.8 and 3.3 percentage points in F1 for the ANN and NES versions, respectively.

We acknowledge this behavior as we have only one label type (binary labels) in termi-
nology extraction, unlike NER tasks. As a result, the e�ects of informed label semantics
cannot be teased out in comparison to other similar sequence labeling tasks (e.g., we cap-
tured the overall improvements of this additional information with multi-label tasks such
as Historical NER).

Thus, our hypothesis H1.4 was partially con�rmed:�The integration of label semantic
information into a token classi�er based on BERT outperforms the base model.�. Further
analysis at the term-type level should be conducted in the future to con�rm this.
MOSES vs. Baselines

We reported the results of our approach on the NES version of the ACTER corpora for
terminology extraction tasks and compared them on three levels: [1] vanilla (m)DeBERTa;
[2] (m)DeBERTa with MoE on top; [3] (m)DeBERTa with MoE and RNN on top against
the baselines (Group 5).

Compared to the vanilla architecture with a dense token classi�cation head, the inclu-
sion of MoE layers with and without RNN on top of the (m)DeBERTa model continuously
improved performance in all languages analyzed. While there was a marginal increase when
adding only the MoE layer (0.8 percentage points increase in English, 0.2 in French, and
1.8 in Dutch), stacking both the MoE and RNN layers on top of (m)DeBERTa resulted in
signi�cant performance improvements, reaching up to 4.2 percentage points increase in F1

compared to the vanilla model and up to 2.4 percentage points increase compared to the
MoE-only version.

An evaluation of our experimental results against benchmarks showed a signi�cant
improvement in F1 and a favorable balance between precision and recall, compared to
the winning solutions of TermEval 2020, NMT, and HAMLET techniques. Although our
methods exhibited competitive performance in English and Dutch corpora compared to
neural-supervised approaches, they achieved slightly lower scores than most neural algo-
rithms and NMF in French. However, our approach surpassed the best neural-supervised
classi�er in English and Dutch, respectively.

This con�rmed our hypothesis H1.5: �A novel token classi�cation head architecture
that combines a mixture of experts (MoE) and recurrent neural networks (RNN) on a
transformer-based model outperforms the base token classi�cation model.�

4.2.3.2 RSDO5 Corpus

We reported the result of monolingual (Group 1), and multilingual (Group 2) pre-trained
models in monolingual learning, and the best classi�er from two groups in multilingual
learning (Group 3) in comparison with the baseline (Group 4) in Table 4.4, 4.5, 4.6, and
4.7. Note that each data combination in the column name is in the form of�[training set
1-training set 2][validation set]� and the test set is mentioned in the table title. The best
result for each evaluation metric appears in bold for each version.
Monolingual learning vs. Baselines
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Table 4.4: The evaluation for the Linguistics (ling) test set in RSDO5 corpus.

Models
[bim-kem][vet] [bim-vet][kem] [kem-vet][bim]
P R F 1 P R F 1 P R F 1

Monolingual Pre-trained Model

SloBERTa 73.2 70.5 71.8 73.9 73.5 73.7 74.5 74.0 74.2

Multilingual Pre-trained Models

XLMR 69.6 64.1 66.7 66.2 72.4 69.2 69.5 73.7 71.5
InfoXLM 68.4 71.4 69.8 67.7 71.5 69.6 73.7 66.9 70.1
BERT uncased 66.8 65.9 66.3 66.8 68.0 67.4 66.0 69.6 67.8
DistilBERT cased 61.8 53.4 57.3 59.1 67.2 62.9 60.9 58.2 59.5

Multilingual Learning

SloBERTa+ ANN 67.7 69.6 68.6 66.5 71.4 68.8 69.8 66.2 67.9
SloBERTa+ NES 67.2 69.9 68.5 67.9 69.0 68.5 67.8 68.5 68.2

Baselines

KAS-term 52.2 25.4 34.1 52.2 25.4 34.1 52.2 25.4 34.1
TermoUD 25.0 - - 25.0 - - 25.0 - -

Table 4.5: The evaluation for the Biochemistry (bim) test set in RSDO5 corpus.

Models
[vet-kem][ling] [vet-ling][kem] [ling-kem][vet]
P R F 1 P R F 1 P R F 1

Monolingual Pre-trained Model

SloBERTa 68.0 67.4 67.7 69.0 66.6 67.8 67.2 67.8 67.5

Multilingual Pre-trained Models

XLMR 62.3 65.2 63.7 62.4 64.0 63.2 63.5 66.8 65.1
InfoXLM 63.6 60.6 62.1 56.7 67.5 61.6 60.6 64.0 62.3
BERT uncased 62.6 60.9 61.7 65.3 58.3 61.6 62.7 63.6 63.2
DistilBERT cased 57.8 55.8 56.8 60.6 56.4 58.4 62.0 52.4 56.8

Multilingual Learning

SloBERTa+ ANN 60.5 63.8 62.1 65.7 59.2 62.3 61.1 64.9 63.0
SloBERTa+ NES 62.6 62.3 62.4 61.8 67.1 64.3 60.9 66.7 63.7

Baselines

KAS-term 53.8 24.8 33.9 53.8 24.8 33.9 53.8 24.8 33.9
TermoUD 21.0 - - 21.0 - - 21.0 - -

We compared the performance of di�erent monolingual (Group 1) and multilingual pre-
trained models (Group 2) on the RSDO5 corpus. Both types of pre-trained models, where
we used two domains from the RSDO5 corpus for training, validated on the third domain,
and tested on the last domain, proved to have relatively consistent performance across all
the combinations. The model performed slightly better on thelinguistics and veterinary
domains than on biomechanicsand chemistry. Moreover, a signi�cant performance boost
was observed on thelinguistics domain when the model was trained in thechemistry
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Table 4.6: The evaluation for the Chemistry (kem) test set in RSDO5 corpus.

Models
[bim-vet][ling] [bim-ling][vet] [ling-vet][bim]
P R F 1 P R F 1 P R F 1

Monolingual Pre-trained Model

SloBERTa 72.1 65.9 68.9 70.3 68.5 69.4 73.5 67.0 70.1

Multilingual Pre-trained Models

XLMR 68.7 55.1 61.2 70.2 59.2 64.3 70.1 60.3 64.8
InfoXLM 67.8 60.4 63.9 72.0 56.6 63.4 71.2 59.5 64.8
BERT uncased 65.4 59.7 62.4 65.5 63.2 64.4 67.3 54.0 59.9
DistilBERT cased 55.7 60.5 58.0 60.2 55.8 57.9 59.5 57.7 58.6

Multilingual Learning

SloBERTa+ ANN 68.3 59.3 63.5 69.9 58.4 63.6 69.6 61.2 65.1
SloBERTa+ NES 67.5 54.6 60.4 67.9 59.2 63.3 69.3 52.7 59.9

Baselines

KAS-term 47.8 31.4 37.8 47.8 31.4 37.8 47.8 31.4 37.8
TermoUD 24.0 - - 24.0 - - 24.0 - -

Table 4.7: The evaluation for the Veterinary (vet) test set in RSDO5 corpus.

Models
[bim-kem][ling] [bim-ling][kem] [ling-kem][bim]
P R F 1 P R F 1 P R F 1

Monolingual Pre-trained Model

SloBERTa 77.6 66.0 71.3 78.3 65.3 71.2 76.7 64.9 70.3

Multilingual Pre-trained Models

XLMR 71.1 66.7 68.8 72.7 65.6 68.9 69.3 68.1 68.7
InfoXLM 71.0 63.7 67.2 66.9 68.9 67.9 72.7 63.6 67.9
BERT uncased 68.2 61.6 64.7 68.6 65.5 67.0 69.1 60.6 64.6
DistilBERT cased 63.8 58.7 61.1 65.8 58.2 61.8 66.0 54.0 59.4

Multilingual Learning

SloBERTa+ ANN 71.0 65.3 68.0 69.8 68.8 69.3 69.8 68.4 69.1
SloBERTa+ NES 69.2 67.4 68.3 70.5 67.8 69.1 69.3 64.7 66.9

Baselines

KAS-term 66.9 19.3 29.9 66.9 19.3 29.9 66.9 19.3 29.9
TermoUD 21.0 - - 21.0 - - 21.0 - -

and veterinary domains, and for the veterinary domain when the model was trained in
biomechanicsand linguistics. In these two settings, the model achieved an F1 of more than
68%. The monolingual SloBERTa model outperformed multilingual pre-trained approaches
(Group 2) in all cases by a relatively large margin in F1. This can be explained by the
fact that as SloBERTa was trained on a larger Slovenian corpus (e.g., Giga�da 2.0, Kas
1.0, Janes 1.0, Slovenian parliamentary corpus siParl 2.0, and slWaC with a total subword
vocabulary of 32,000 tokens) and was focused speci�cally on the Slovenian language in
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pretraining, it has a deeper understanding of Slovenian vocabulary and syntax (language-
speci�c knowledge) than other multilingual pre-trained models such as XLMR. This leads
to higher performance also on downstream tasks in Slovene, such as terminology extraction
in our case. By employing this model and looking at the best-performing train/validation
combinations for each test domain, we improved the baseline in Group 4 (e.g., KAS-term)
in all domains. Our results, thus, set a new benchmark for the Slovenian corpus.
Multilingual learning vs. Monolingual learning vs. Baselines

We also explored the performance of multilingual learning approaches (Group 3) on
the RSDO5 test sets compared to the previous two groups and the baselines (Group 4).
We trained the model using either additional ANN or NES labels from all domains of the
ACTER dataset and on two domains from the RSDO5 dataset, validated on the third
RSDO5 domain, and tested on the last domain. In general, our approach outperformed
the approach proposed in Ljube²i¢ et al. (2019) (KAS-term) by a large margin on all
domains and according to all evaluation metrics, especially in recall. Overall, we achieved
results roughly twice as high as the approach proposed by Ljube²i¢ et al. (2019) in F1 for
all test domains in both monolingual and multilingual learning. However, the additional
information on other languages (e.g., English, French, Dutch) during �ne-tuning did not
help the classi�er to extract the candidate terms in Slovenian better than the monolingual
ones (e.g., SloBERTa).

One reason for this is that Slovenian, although it has the same European root, comes
from a di�erent branch than the other three languages. More precisely, Slovene belongs to
the Balto-Slavic branch. However, Slovenian terminology also contains many terms from
Latin and Greek stems (e.g. biologija (biology) from bio (life) and logos (word, study))
). This is a common feature of many European languages, including Slavic languages,
but as these stems are often combined with Slovene su�xes or pre�xes, the speci�c mor-
phological patterns, and syntactic structures may still bene�t more from the monolingual
model trained on Slovenian data. We believe that however, the main reason for the higher
performance of the Slovene monolingual model is that the SloBERTa model training data
contained more Slovenian data and other data types, including the Corpus of academic
Slovene KAS, which is the genre rich in terminology.

These �ndings con�rmed our hypothesis H1.3: �A token classi�er trained on multilin-
gual datasets and applied to a seen target language outperforms the monolingual models
trained on the target language and cross-lingual models not trained on the target language.�
if the languages are from the same or a similar branch of the Indo-European family and
share the same annotation campaign (e.g. although the English and Slovenian datasets
both belong to ndo-European, we collected them from di�erent annotation campaigns with
di�erent degrees of IAA and term de�nitions).

4.2.3.3 Late Fusion

Inspired by the empirical studies of di�erent monolingual and multilingual pre-trained
transformers models, we reported the improvement in performance (percentage points) of
the late fusion in Figure 4.8 where we ensemble two best classi�ers with intersection and
union in three scenarios for ACTER corpora: the [1] best monolingual and multilingual
models, [2] two best monolingual models, and [3] two best multilingual models. The
performance of each combination was compared with the best performance of the single
model in each speci�c test set (in Group 1), including InfoXLM for English ANN and
Dutch, RoBERTa for English NES, and CamemBERT for French.

The improvements/decline in performance over the best single model on di�erent lan-
guages of the ACTER dataset indicated a systematic consistent characteristic: combining
the candidate term sets of the two best-performing classi�ers (no matter what type of clas-
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Figure 4.8: F1 improvement using late fusion in ACTER corpora.

si�er they are) using the union always results in the biggest gain. Speci�cally, the union
of the best monolingual and multilingual models improved the performance in most of the
gold standard versions and languages except the ANN version of Dutch.
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4.2.4 Error Analysis

This section focuses on understanding the predictive performance of our token classi�ers
through comprehensive error analysis, including [1] the impact of domain speci�city in
the best token classi�ers for each dataset; [2] the impact of term length in the best token
classi�ers for each dataset; and [3] the error patterns in the prediction of the best token
classi�ers, which we attempt to address and mitigate in the next chapters.

4.2.4.1 The Impact of Domain Speci�city

Figure 4.9: The predictive performance in recall in (green line) of (m)DeBERTa-MOE-
RNN.
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Although the RSDO5 corpus was limited in in-domain and out-domain types, in AC-
TER corpora, based on the lexicon speci�city and domain speci�city, Rigouts Terryn,
Hoste, and Lefever (2020) introduced four labels, one for named entities and three for
term labels, namely one for speci�c terms, one for out-of-domain (OOD) terms, and one
for common terms. Regarding the impact of domain speci�city and the diversity of term
types, we reported the performance of di�erent types of terms (e.g., speci�c terms, common
terms, out-of-domain terms, and named entities) to investigate the predictive power of our
best classi�er on the NES version of the corpora (for the diversity of term types and the
inclusion of named entities) and on each language in the corpora. We chose (m)DeBERTa-
MOE-RNN as the classi�er that performed the best on both the English and Dutch test
sets (for consistency in behaviors).

Table 4.9 visualizes the predictive power of our classi�er per type of label. The sky
blue bar represents the number of true terms in the gold standard, the coral bar refers to
the number of true terms that our classi�er predicts as terms, and the green line repre-
sents the recall per label type. Overall, the (m)DeBERTa-MOE-RNN model could extract
candidate terms belonging to speci�c, common terms, and named entities with compet-
itive performance, while the model failed to retrieve OOD terms. This could be due to
several factors, including [1] the rarity of OOD terms in the gold standards, and [2] the
lexicon- and domain-speci�city characteristics of the OOD type terms compared to other
types. Regarding the earlier factor, the amount of OOD terms only covers 6.1 percent of
the English gold standard and 3.0 percent of both French and Dutch ones, which made
it di�cult for the classi�er to learn from a few examples compared to other labels. With
respect to the latter factor, the OOD term type is di�erent from the others. The spe-
ci�c terms are both lexicon- and domain-speci�c and are terms according to the strictest
de�nitions of the concept. Meanwhile, common terms are strongly related to the domain
but are not necessarily lexicon-speci�c. However, OOD terms are lexicon-speci�c, but not
domain-speci�c. For example, in the heart failure corpus, some of the medical abstracts
contained terminology related to statistics (e.g., �p-value�), which is not part of the general
lexicon, but they are not very speci�c to the domain of heart failure either.

4.2.4.2 The Impact of Term Length

To determine whether the term length a�ects the models' performance, we calculated F1
separately for terms of lengthk = f 1; 2; 3; 4; � 5g for both the NES version of ACTER and
RSDO5 datasets. We visualized them in Figure 4.10. While the results of the ACTER
dataset were obtained by employing the best-performing model (XLMR) according to the
F1 for a speci�c language on theheart failure test set, the results for the RSDO5 dataset
were obtained by employing the best-performing model (SloBERTa) according to the F1
for each domain based on each table.

The models proved to be good at predicting terms containing up to four words for
English and up to three words for French and Dutch in ACTER corpora. Similarly, the
results on the RSDO5 dataset showed that the models were good at predicting short
terms containing up to three words for all four domains of the RSDO5 corpus. The best
model applied to the linguistics test domain also showed relatively good performance when
it came to the prediction of longer terms, achieving 45.3% for terms with at least �ve
words. Meanwhile, in veterinary and biomechanicstest domains, despite high precision
for prediction of long terms, the F1 tended to reduce due to the low recall. One factor
contributing to this was the small amount of longer terms in the dataset on which the
models were trained. When it came to predictions in thechemistry domain, there were no
correct term predictions that consisted of more than �ve words.
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Figure 4.10: Performance in F1 for each language in ACTER and each domain in RSDO5
sets.

4.2.4.3 The Error Patterns

In addition, we dived into di�erent error patterns found in the list of candidate terms
proposed by the model. We reported some examples of these incorrect patterns in the
English version of ACTER corpora in Table 4.8 and the linguistics test domain in the
RSDO5 corpus in Table 4.9. The �rst column refers to our predicted candidate term, and
the second column presents the true term from the gold standard.

As the corpus contained nested terms, the very common mistake the model made was
to predict a shorter term nested in the correct term of the gold standard (Pattern 1). Vice
versa, the model sometimes generated incorrect predictions containing the correct nested
terms (Pattern 2). Furthermore, in some cases, the model predicted a single prediction
made of two consecutive terms or vice versa (Pattern 3).

The consistent error patterns in the prediction output for both datasets raised a ques-
tion of whether the current BIO annotation regimes used for terminology extraction to
transform the task into a sequence labeling task are not su�cient, especially for capturing
nested terms. This led us to the next hypothesis, which is H2.1:�If we apply a novel
annotation regime that considers additional nested terms on terminology extraction, our
token classi�er can capture single nested terms better and improve the overall performance
of extracting candidate terms.�
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Our predictions The gold standard

Pattern 1

�mass spectrometric� �mass spectrometric analysis�

�histologic� �trichrome blue histologic analysis�

�cox proportional hazards regression� �multivariate cox proportional hazards regression modeling�
... ...

Pattern 2

�scn5a transcript� �scn5a�

�cardiac rehabilitation care� �rehabilitation�

�ang ii infusion mouse model� �infusion�
... ...

Pattern 3

�automatic de�brillator implantation�, �multicenter automatic de�brillator implantation
�resynchronization therapy� cardiac resynchronization therapy�

�heart failure with reduced ejection fraction� �heart failure�, �ejection fraction�

�epithelial to mesenchymal transition markers� �epithelial�, �mesenchymal�
... ...

Table 4.8: Examples of predictions in the English heart failure domain from ACTER
corpora.

Our predictions The gold standard

Pattern 1

�klasi£na analogna telefonska� �klasi£na analogna telefonska zveza�
(classic analog telephone) (classic analog telephone connection )

... ...

Pattern 2

�brezºi£no slu²alk v u²esu� �brezºi£no slu²alk�
(wireless in-ear headphones) (wireless headphones)

�elektromehanska uporaba elektri£ne energije� �elektri£ne energije�
(electromechanical use of electrical energy) (electrical energy)

... ...

Pattern 3

�batne parne stroje za pogon� �batne parne stroje� , �pogon�
(reciprocating steam engines) (piston steam engines), (propulsion)

�elektrarna na atomski pogon� �elektrarna�, �atomski pogon�
(nuclear power plant) (power plant), (nuclear power plant)

�besedilnim tipom strokovnega jezika� �besedilnim tipom�, �strokovnega jezika�
(text type professional language) (text type), (professional language)

�transformatorske postaje visoke napetosti� �transformatorske postaje�,�visoke napetosti�
(high voltage transformer stations) (transformer stations), (high voltage)

... ...

Table 4.9: Examples of predictions in the linguistics test domain from RSDO5 corpus.
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4.3 Discussion

In this chapter, we investigated the e�ectiveness of transformer-based models as token
classi�ers for terminology extraction in �ve di�erent directions: [1] a preliminary study
to evaluate the impact of transformer-based models as token classi�ers for terminology
extraction on the RSDO5 corpus; [2] an empirical evaluation of di�erent transformer-based
models in monolingual learning with and without late fusion approaches; [3] multilingual
and cross-lingual learning; [4] LIT: additional label information into BERT-based model;
and [5] MOSES incorporating MoE with RNN layers for supervised sequence labeling tasks,
including terminology extraction. While the second and third directions were tested on
both ACTER and RSDO5, the last two directions were applied mainly on the ACTER
sets.

Our key �ndings demonstrated that:

ˆ The superiority of the multilingual pre-trained transformer-based model in recall and
F1 for terminology extracting excluding named entities in the gold standards and the
improvement of ensembling di�erent transformers models' output predictions.

ˆ The promising impact of multilingual and cross-lingual cross-domain learning when
transferring from the dominant to lesser-represented languages using the XLMR to-
ken classi�er.

ˆ The capability of our additional semantic similarity label information when compared
to the conventional transformer-based architecture (e.g., BERT).

ˆ The potential of MoE with an additional RNN layer incorporated into the conven-
tional transformers-based architecture (e.g., DeBERTa for English, and mDeBERTa
for the rest) for supervised sequence-labeling tasks, including terminology extraction
with limited data.

However, we believe that there remains room for improvement in the �eld of supervised
terminology extraction. Despite its performance in the standard BIO annotation regime,
the current transformers token classi�er is not optimized for nested terminology extraction.
Thus, in the next chapters, we will investigate the new annotation regime that can better
capture nested terms. Additionally, with the advent of large-scale language models (LLMs),
we would like to test them on the ATE task and explore innovative techniques such as
prompt engineering and instruction tuning to improve their performance.
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Chapter 5

A Novel Nested Term Labeling
Regime for ATE Tasks

As discussed previously in Chapter 4, the token classi�er with the standard BIO annotation
regime was unable to extract the candidate nested terms. To address this challenge and �ll
the gap, this chapter focuses on the impact of the annotation regime on the performance of
ATE sequence-labeling models by exploring theH2: Terminology Extraction Bene�ts
from Nested Annotation Regime with the following hypothesis:

ˆ [H2.1] The Impact of Nested Term Annotation in Terminology Extraction:
�An annotation regime that captures additional information with regard to nested
terms, improves the performance of token-based terminology extraction.�

This part resulted in the following publications:

ˆ (H. T. H. Tran, Martinc, et al., 2024) Hanh Thi Hong Tran , Matej Martinc,
Andraz Repar, Nikola Ljubesic, Antoine Doucet, Senja Pollak. Can Cross-domain
Term Extraction Bene�t from Cross-lingual Transfer and Nested Term Labeling?.
Machine Learning, 113(7), 4285-4314. 2024.

In detail, Section 5.1 presents preliminary studies on the current status of the an-
notation regime on speci�c terminology extraction tasks and the gap with other similar
downstream NLP tasks (see Section 5.1.1). Then, Section 5.1.2 introduces NOBI, the novel
annotation regime speci�cally designed to capture the single-nested term. The results with
further error analysis are discussed in Section 5.2 before the conclusion in Section 5.3.

5.1 Annotation Regimes

First, we conduct preliminary studies on di�erent annotation regimes used for terminology
extraction tasks, followed by the current regimes used for other similar downstream NLP
tasks. Based on the error patterns of the best token classi�er in Chapter 4, we then
propose NOBI, a new annotation regime to capture nested terms, thus improving the
overall performance of the terminology extraction task when the number of nested terms
in the dataset is signi�cant enough.

5.1.1 Preliminary Studies

As discussed in Chapter 1, most of the existing techniques applied to nested terminology
extraction were based on either linguistic or statistical features (e.g., C-value (’. Vintar,
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2004), NPMI (Marciniak & Mykowiecka, 2015)) to rank or discard the nested terms. How-
ever, they su�ered from poor results (e.g., reduced recall) due to their adaptability to new,
unseen domains. Since then, no other methods have been proposed, leaving a gap in the
extraction of nested terms in terminology extraction tasks.

As for other downstream NLP tasks that use the same mechanisms (e.g., NER, keyword
extraction), in addition to the usual sequence-tag schemes (e.g., BIO (Ramshaw & Marcus,
1999), IOBES (Lester, 2020), BMEWO (Ratinov & Roth, 2009), BILOU (Ratinov & Roth,
2009)) for both �at and nested terms, we can categorize the methods for capturing nested
entities into four main types: [1] sequence labeling, [2] hypergraph-based, [3] sequence-to-
sequence (Seq2Seq), and [4] span-based methods. However, none of these methods, except
for BIO and BILOU regimes for sequence-labeling tasks, has been used for terminology
extraction so far.

5.1.2 NOBI Annotation Regime

Given the potential of sequence labeling adapted to the ATE task shown in Chapter 4, we
consider ATE as a sequence-labeling task where the model returns a label for each token
in a text sequence using two di�erent labeling regimes: the benchmark BIO annotation
scheme (Lang et al., 2021; Rigouts Terryn et al., 2021) and our novel annotation scheme
called NOBI.

5.1.2.1 Description

In the BIO regime, B stands for the word with which the term begins, I stands for the word
within the term, and O stands for the word that is not part of the term. The terms of a
gold standard list are �rst mapped to the tokens in the raw text, and each word inside the
text sequence is annotated with one of three labels (see the upper example in Figure 5.1).
However, the BIO annotation scheme is not optimized for extracting nested terminology.
Thus, we propose NOBI, an annotation regime with two additional labels, BN and IN,
which refer to a word being at the beginning and within the nested term, respectively.

Figure 5.1: An example of BIO and NOBI annotation regimes in the ACTER corpus.

In Figure 5.1, for example, the gold standard contains the following terms:�stent�, �bot-
tleneck stent�, �myocardial�, �infarction�, �myocardial infarction� , etc. In the BIO regime,
we ignore the single nested terms, marking�bottleneck� as the beginning (B) and�stent� as
the inside (I) of the full term �bottleneck stent�. Similarly, �myocardial� is the beginning (B),
and �infarction� is inside (I) of the full term �myocardial infarction� . However, in the NOBI
regime, we consider�bottleneck stent� and �stent� as two di�erent terms, where �stent� is



5.1. Annotation Regimes 73

Figure 5.2: The proportion of unique nested terms in the ACTER gold standards.

the nested term of�bottleneck stent�. This contrasts with the BIO regime, where the model
only extracts the �bottleneck stent� as a term. Similarly, �myocardial� and �infarction� are
two separate terms nested from�myocardial infarction� . Therefore, an additional label N
is added to the label of�stent� , �myocardial� , and �infarction� .

We do not consider multi-word nested terms nor terms nested within other nested
terms � i.e, nested terms at the second or higher level � due to their rarity in the corpora
and the gold standards (see the nested frequency in the gold standard from Figure 5.2 and
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Figure 5.3: The proportion of unique nested terms in the RSDO5 gold standards.

5.3). Despite the di�erent number of terms across languages and domains, the percentage of
unique nested terms is reasonably consistent across languages and domains and is around a
third of the total unique terms in the gold standards. However, the number of terms nested
in other nested terms accounts for only one-tenth and one-twelfth of the total number of
unique terms in both corpora, respectively, and the amounts are even much smaller if we
specify the ratio per nested level (e.g., in the second level, third level).

Table 5.1: The proportion of unique nested terms of di�erent word lengths in each domain and
language of ACTER and RSDO5 corpora.

Languages Domains k = 1 k = 2 k = 3 k = 4 k � 5 % (k = 1)

ACTER

en

corp 246 89 11 1 1 70.69
equi 469 87 5 1 0 77.90
wind 282 171 36 4 0 83.51
ht� 580 183 55 20 6 83.45

fr

corp 289 59 19 2 2 87.60
equi 339 32 13 3 0 86.97
wind 192 38 24 6 1 57.20
ht� 620 99 30 8 9 73.56

nl

corp 309 46 12 2 1 84.90
equi 414 44 12 6 0 68.72
wind 253 36 4 4 1 80.94
ht� 574 46 4 4 0 91.40

RSDO5

sl

ling 737 177 8 0 0 79.93
vet 835 199 13 5 1 79.30
kem 388 126 7 2 1 74.05
bim 349 111 17 16 14 68.84

Average 78.06

In Table 5.1, we present the proportion of nested terms with di�erent word lengthsk
wherek = f 1; 2; 3; 4; � 5g for each domain and language of both corpora. The last column
on the right shows the percentage of single-word nested terms in total nested terms in the
�rst level. On average, the proportion of single-word nested terms accounts for 78.06% of
all the nested terms at the �rst level in the corpora.
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5.1.2.2 Annotation Process

The annotation process to create the NOBI regime consists of three algorithms: [1] iden-
tifying nested terms that overlap with other terms in the ground truth (Algorithm 1); [2]
creating a list of terms for each sentence or segment in the annotated data. (Algorithm 2);
and [3] re-annotating the data to include NOBI annotations and ensuring that overlapping
and nested boundaries are accurately captured (Algorithm 3). These algorithms provide a
systematic approach to identify and re-annotate nested terms for sequence labeling tasks.

Algorithm 1 Generate List of Nested Terms

Require: DataFrame df , List of Ground Truth Terms gts
Ensure: List of Nested Terms

1: Initialize an empty list nested_ terms
2: for eachi from 0 to len(df ) � 1 do
3: for eachent in df:entities:iloc [i ] do
4: Extract term from df:words:iloc [i ][ent[1] : ent[2] + 1]
5: Convert term to lowercase
6: if the number of occurrences ofterm in gts > 1 and term not in nested_ terms

then
7: Append term to nested_ terms
8: end if
9: end for

10: end for
11: return List of nested terms in lowercase

Algorithm 1 identi�es nested terms in the data by comparing the terms extracted from
the DataFrame with a list of ground truth terms. If a term occurs multiple times in the
ground truth, it is considered nested. Meanwhile, Algorithm 2 extracts terms from the
entities in each row of the DataFrame and stores them in a new column calledterm_list .
Algorithm 3 reannotates the data by identifying and marking nested terms in the anno-
tations. It uses the previously de�ned algorithms to convert the nested annotations and
create the term list.

Algorithm 2 Get Term List

Require: DataFrame df
Ensure: DataFrame with Term List Column

1: Create a new columnterm _ list in df
2: for eachi from 0 to len(df ) � 1 do
3: Initialize an empty list li
4: for eachx in df:entities:iloc [i ] do
5: Extract term from df:words:iloc [i ][x[1] : x[2] + 1]
6: Append term to li
7: end for
8: Assign li to df:term _ list:iloc [i ]
9: end for

10: return DataFrame df with term _ list column
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Algorithm 3 Reannotate Data

Require: Input Path input _ path, Ground Truth Path gs_ path, Output Path
output_ path

Ensure: Ground Truth Terms and Updated DataFrame
1: Load DataFrame df from input _ path
2: Update df using the Get Term List algorithm
3: Load Ground Truth Terms gts from gs_ path
4: Identify nested_ terms using the Generate List of Nested Terms algorithm
5: for eachi from 0 to len(df ) � 1 do
6: for eachent in df:entities:iloc [i ] do
7: Extract term from df:words:iloc [i ][ent[1] : ent[2] + 1]
8: Initialize an empty list term _ subset
9: for eachn from 1 to 10 do

10: Generate n-grams ofterm and append to term _ subset
11: end for
12: Convert term _ subset to lowercase
13: Identify inside_ term by �nding nested terms in term _ subsetexcluding the orig-

inal term
14: Initialize an empty list single_ inside_ term
15: for eachx in inside_ term do
16: Split x into individual words and append to single_ inside_ term
17: end for
18: Remove duplicates fromsingle_ inside_ term
19: if len(single_ inside_ term ) > 0 then
20: for eachj from ent[1] to ent[2] do
21: if df:words:iloc [i ][j ] is in single_ inside_ term then
22: Update df:labels:iloc [i ][j ] to indicate nested term (e.g.,N � Term)
23: end if
24: end for
25: end if
26: end for
27: end for
28: Save updateddf to output_ path
29: return Ground Truth Terms gts and Updated DataFrame df

The annotations are provided in simple UTF-8 encoded plain text �les. No lemma-
tization was performed. Aligned with the up-to-date ACTER dataset (version 1.5), the
updated version with NOBI annotation has been structured as visualized in Figure 5.4.

Each annotated �le (e.g., en_corp_nes.csv) contains the following columns: words,
labels, entities, term_list . The words column contains the original text, the labelscolumn
contains the NOBI annotation, the entities column contains the position of the terms in the
sentence, theterm_list column contains the terms extracted from the text. For example,
the �rst 5 rows of the en_corp_nes.csv �le are shown in Figure 5.5.

Compared to the previous version (e.g., ACTER corpora version 1.5), we further pro-
vide the position of the terms in the sentence in theentities column, and the term_list
column contains the terms extracted from each sentence in each row for further usage.
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Figure 5.4: An example ofcorruption domain from ACTER corpora with NOBI annotation.

5.1.2.3 Experimental Setup

We evaluated the cross-domain performance of XLMR per annotation regime (e.g., BIO
and NOBI) in monolingual, cross-lingual, and multilingual settings (as in Chapter 4).

1. Monolingual setup. We evaluate how well the model performs when a language-
speci�c training corpus is available and there is a match between the language of the
training set and the language of the test set. We train three monolingual models for
three languages (i.e., English, French, and Dutch) and test each model in the same
language for each annotation regime.

2. Cross-lingual setup. We evaluate the model's ability to apply the knowledge
learned in one or more languages for the ATE in another, unseen language. Therefore,
we �ne-tune the ATE model in one or more languages (e.g., English and Dutch) and
test it in another language that is not included in the training set (e.g., French). In
this scenario, we examine how well the model performs without the language-speci�c
training corpus and how well the knowledge transfer between di�erent languages is.

3. Multilingual setup. We �ne-tune our model by using [1] training datasets from
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Figure 5.5: An example ofcorruption domain from ACTER corpora with NOBI annotation.

the languages of the ACTER dataset (i.e., English, French, and Dutch) or [2] train-
ing datasets from the languages of the ACTER dataset plus the Slovenian training
dataset from the RSDO5 corpus, and then apply the model to the test datasets of all
languages of the ACTER and RSDO5 dataset. In this way, we investigate whether
adding more data from other languages to the training set in the target language
improves the predictive performance of the model.

All three settings are applied in a cross-domain evaluation scenario, where we use two
domains for training, another domain for validation, and the rest for testing. An exception
is the multilingual and cross-lingual settings with the additional Slovenian corpus in the
training set, where we use two domains from the ACTER corpora and all domains from
the RSDO5 corpus for training. In this way, we can evaluate the generalizability of the
model to adapt knowledge in one or more domains to a new unseen arbitrary domain.
In the ACTER dataset, we use thecorruption and wind energy domains for training, the
equitation domain for validation and the heart failure domain for testing to allow direct
comparison with other benchmarks that use the same train-validation-test setting (Lang
et al., 2021). In the meantime, we investigate di�erent combinations of training, validation,
and testing in the RSDO5 corpus.

We divide the dataset into training, validation, and test sets. The model is �ne-tuned
on the training set to predict the probability that each word in a word sequence is either
a part of the term (B, I), a nested term (BN for nested terms at the beginning of a multi-
word term, IN for nested terms at non-beginning positions of a multi-word term) or not a
part of the term (O). For this purpose, an additional token classi�cation head is added to
each model, which contains a feedforward layer with a softmax activation. The training
mechanism is the same as for the token classi�er (e.g. XLMR) for the dataset with the
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BIO annotations, with the exception that when extracting the candidate term set, we
additionally included every single word that has an N label (e.g. BN and IN) in the �nal
list.

We evaluated the BIO and NOBI annotation systems separately using the XLMR token
classi�er. As explained earlier, we chose XLMR because it is competitive among other
language models, as shown by our previous empirical studies for rich and lesser-known
European languages. The model is �rst trained to predict a label for each token in the
input text sequence (i.e., we model the task as a token classi�cation problem) and then
applied to the unseen text (test data). Finally, the �nal list of candidate terms for the test
data is compiled from the tokens or token sequences labeled as terms. Note that when
using the NOBI annotation regime, the terms labeled BN and IN are included separately
in the �nal term list along with the nested terms.

Similarly to our experimental setup in Section 4, we used the XLMR token classi�er
as the base model and evaluated the predictive performance of each classi�er when using
the BIO and NOBI annotation regimes to label the training and validation sets separately.
All experiments were performed on 2 GPUs of A100 with a hyperparameter con�guration
of 20 epochs, a learning rate of 2e-05, and a sequence length of 512.

5.2 Results

In this section, we compare the performance of the NOBI annotation regime with the BIO
standard regime in the ACTER and RSDO5 corpora and report the results with general
observations in Section 5.2.1. We then present a more detailed error analysis in Section
5.2.2 to gain deeper insight into the predictive behavior of the token classi�er when using
the NOBI regime.

5.2.1 Quantitative Results

We reported the performance of our standard token classi�er when using NOBI as the
annotation regime for the training corpora compared to the same token classi�er when
using the BIO annotation. Both systems use the same evaluation methods by comparing
the aggregated list of candidate terms extracted at the level of the whole test set with the
manually annotated gold standard term list using precision, recall, and F1 (as in Chapter
4). Since the same gold standard is used to evaluate the performance of both systems, we
can transparently compare their performance.

5.2.1.1 ACTER Corpora

The evaluation of our NOBI annotation regime compared to the standard BIO annota-
tion regime with the same XLMR token classi�ers in di�erent settings (e.g., monolingual
learning, cross-lingual learning, and multilingual learning) can be found in Table 5.2, 5.3
and 5.4. For each test set, the best model in precision (P), recall (R), and F1-score (F1)
for each data version (ANN and NES) and each annotation regime separately (BIO and
NOBI) is marked in bold. The arrows are used to compare BIO and NOBI for each setting,
where " indicates the better performance of NOBI compared to the BIO regime, while#
denotes the lower performance of NOBI compared to the BIO regime. In blue, we show
the best model in F1 for each test set.

Regardless of the annotation scheme, the results showed that the cross-lingual and
multilingual models tended to outperform the monolingual models in all evaluation metrics
in both the ANN and NES versions of the test data, except for the precision achieved by
the monolingual French model on the French test set when the BIO regime was used,
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Table 5.2: Evaluation on the English ACTER dataset given heart failure as a test set.

Train ANN NES
language BIO NOBI BIO NOBI

P R F 1 P R F 1 P R F 1 P R F 1

en 58.1 48.1 52.6 # 57.5 " 48.6 " 52.7 62.1 52.1 56.7 # 58.6 " 55.2 " 56.9

fr 56.9 33.2 42.0 # 54.2 " 34.7 " 42.3 60.0 39.1 47.4 # 57.8 " 44.3 " 50.2
nl 55.6 56.4 56.0 " 57.6 " 58.4 " 58.0 54.4 57.7 56.0 " 56.9 " 61.2 " 59.0

fr, sl 47.1 65.8 54.9 # 42.5 " 68.8 # 52.5 49.2 64.3 55.7 # 44.6 " 66.6 # 53.4
nl, sl 45.7 66.3 54.1 " 46.0 " 67.8 " 54.8 48.1 65.4 55.5 " 49.2 " 67.0 " 56.8
fr, nl 60.8 46.8 52.9 # 57.5 # 41.5 # 48.2 62.3 50.5 55.7 # 58.6 " 52.0 " 55.1

fr, nl, sl 50.0 62.4 55.5 # 48.3 " 67.2 " 56.2 52.1 63.2 57.2 # 49.5 " 65.3 #. 56.3

en, fr 57.2 51.2 54.0 " 58.0 51.2 " 54.4 60.4 51.5 55.6 # 59.5 " 54.2 " 56.7
en, nl 58.0 48.7 52.9 # 54.0 " 56.1 " 55.0 62.4 51.4 56.4 # 57.4 " 58.6 " 58.0
en, sl 48.1 63.2 54.6 " 49.0 " 65.7 " 56.1 54.9 63.8 59.0 # 50.8 " 64.4 # 56.8

en, fr, sl 48.1 64.2 55.0 " 51.1 " 67.2 " 58.0 58.4 61.1 59.7 # 55.2 " 63.4 # 59.0
en, nl, sl 48.4 65.0 55.4 # 44.8 " 68.6 # 54.2 54.5 63.3 58.6 # 53.1 " 67.3 " 59.3
en, fr, nl 56.8 53.0 54.9 # 55.7 # 51.0 # 53.3 60.8 52.6 56.4 # 57.4 " 59.8 " 58.6

en, fr, nl, sl 45.9 66.3 54.2 # 45.5 " 69.3 " 54.9 48.3 65.7 55.6 " 51.9 " 68.4 " 59.0

cross-ling. avg. 52.7 55.2 52.6 # 51.0 " 56.4 # 52.0 54.4 56.7 54.6 # 52.8 " 59.4 " 55.1
multi-ling. avg. 51.8 58.8 54.4 # 51.2 " 61.3 " 55.1 57.1 58.5 57.3 # 55.0 " 62.3 " 58.2

Table 5.3: Evaluation on the French ACTER dataset given heart failure as a test set.

Train ANN NES
language BIO NOBI BIO NOBI

P R F 1 P R F 1 P R F 1 P R F 1

fr 70.5 44.4 54.5 # 66.3 " 48.9 " 56.3 72.4 48.5 58.1 # 65.9 # 54.7 " 59.8

en 66.7 47.9 55.8 " 67.8 # 44.8 # 53.9 70.6 53.8 61.1 # 65.3 # 53.3 # 58.7
nl 66.5 51.5 58.0 # 64.7 # 47.0 # 55.1 67.6 53.2 59.5 # 67.5 # 53.1 # 59.4

en, sl 60.2 61.4 60.8 " 61.1 # 57.5 # 59.2 57.8 62.5 60.1 " 62.9 # 56.0 # 59.2
nl, sl 61.4 60.4 60.9 # 59.5 # 58.5 # 59.0 61.8 59.9 60.8 " 63.1 # 56.7 # 59.7
en, nl 65.3 44.2 52.7 # 65.2 " 47.9 " 55.2 68.7 52.4 59.4 " 69.3 # 50.6 # 58.5

en, nl, sl 58.7 61.0 59.8 # 55.3 " 63.2 # 59.0 60.9 62.0 61.5 # 59.0 " 62.3 # 60.6

fr, en 63.7 52.4 57.5 " 65.7 # 49.5 # 56.4 68.1 52.8 59.5 # 67.2 # 49.6 # 57.1
fr, nl 69.2 48.3 56.9 # 66.4 " 48.4 # 56.0 70.7 49.5 58.3 # 66.1 " 54.2 " 59.6
fr, sl 65.0 56.6 60.5 # 58.8 " 62.3 60.5 65.3 57.6 61.2 # 56.9 " 64.0 # 60.2

fr, en, sl 61.5 58.6 60.0 " 63.2 " 60.5 " 61.8 67.4 57.5 62.1 # 64.1 " 61.6 " 62.9
fr, nl, sl 64.9 58.2 61.4 # 61.5 " 61.0 # 61.3 65.3 57.9 61.4 # 63.1 " 62.7 " 62.9
fr, en, nl 68.0 50.7 58.1 # 65.4 # 46.9 # 54.6 70.2 52.1 59.8 # 63.8 " 56.5 " 60.0

en, fr, nl, sl 58.1 61.6 59.8 " 60.3 " 62.8 " 61.6 59.5 62.5 61.0 " 64.2 # 59.5 " 61.7

cross-ling. avg. 63.1 54.4 58.0 # 62.3 # 53.3 # 56.9 64.6 57.3 60.4 # 64.5 # 55.3 # 59.4
multi-ling. avg. 64.3 55.2 59.2 # 63.0 " 55.9 # 58.9 66.6 55.7 60.5 # 63.6 " 58.3 " 60.6

and the monolingual Dutch model on the Dutch test set when the NOBI scheme was
used. The multilingual models generally performed better than the cross-lingual models
in F1. However, the multilingual models had lower precision than the monolingual and
cross-lingual models. By including the Slovenian corpus with four di�erent domains in the
training set, the multilingual model showed a signi�cant improvement in recall in all test
languages compared to the monolingual setting. It also outperformed the other models
in F1 when we evaluated it in all three test sets with both annotations. However, this
improvement came at the expense of precision.

The choice of domains for training a terminology extraction model is undoubtedly
crucial for its performance. Based on the above performance, we have learned some valuable
guidelines for selecting domains for terminology extraction. First, there should be a certain



5.2. Results 81

Table 5.4: Evaluation on the Dutch ACTER dataset given heart failure as a test set.

Train ANN NES
language BIO NOBI BIO NOBI

P R F 1 P R F 1 P R F 1 P R F 1

nl 70.3 62.2 66.0 " 71.2 " 64.1 " 67.5 73.3 61.5 66.9 " 73.5 " 62.6 " 67.6

en 69.2 61.1 64.9 " 71.0 61.1 " 65.7 73.0 63.0 67.6 # 69.4 " 68.4 " 68.9
fr 72.1 51.0 59.8 # 70.4 " 55.6 " 62.2 73.6 55.5 63.3 # 70.4 " 62.4 " 66.2

en, sl 59.5 76.6 67.0 " 61.6 " 78.3 " 68.9 61.1 73.6 66.7 " 61.6 " 75.7 " 68.4
fr, sl 62.5 74.7 68.1 # 58.7 " 79.3 # 67.5 61.6 71.2 66.1 # 59.4 " 75.1 " 66.3
en, fr 72.5 61.7 66.7 # 70.8 # 60.1 # 65.0 73.1 63.5 68.0 # 72.5 # 61.2 # 66.4

en, fr, sl 59.6 77.0 67.2 " 61.1 " 78.2 " 68.6 66.6 69.6 68.1 # 66.4 " 74.9 " 70.4

nl, en 69.3 60.2 64.4 # 68.6 " 62.7 " 65.5 74.4 61.7 67.4 # 70.7 " 66.3 " 68.4
nl, fr 75.7 56.7 64.8 # 73.2 " 58.1 64.8 76.7 59.6 67.1 # 73.0 " 60.6 # 66.2
nl, sl 65.8 72.7 69.1 # 65.0 " 77.0 " 70.5 69.9 69.7 69.8 # 68.6 " 72.5 " 70.5

nl, en, sl 64.7 73.0 68.6 # 60.0 " 80.6 " 68.8 68.7 70.3 69.5 # 67.6 " 74.2 " 70.8
nl, fr, sl 69.2 69.0 69.1 # 65.2 " 76.5 " 70.4 69.4 69.4 69.4 # 65.4 " 74.4 " 69.6
nl, en, fr 69.9 64.3 67.0 " 72.1 # 55.5 # 62.7 73.7 62.9 67.9 # 71.1 " 64.9 # 67.8

en, fr, nl, sl 62.7 75.5 68.5 " 64.5 " 78.1 " 70.6 63.6 73.7 68.3 " 69.2 # 73.2 " 71.1

cross-ling. avg. 65.9 67.0 65.6 # 65.6 " 68.8 " 66.3 68.2 66.1 66.6 # 66.6 " 69.6 " 67.8
multi-ling. avg. 68.2 67.3 67.4 # 66.9 " 69.8 " 67.6 70.9 66.8 68.5 # 69.4 " 69.4 " 69.2

degree of relevance from the training domain to the target test set. For example, in our
case, we included the Slovenian corpus in the training set of the token classi�er to make
predictions for the new unseen test set (e.g.,heart failure). Since RSDO5 covers some
domains (e.g. biomechanics, chemistry) that are directly relevant to the domain that the
classi�er is supposed to predict. Furthermore, the diversity of data sources (e.g. academic
papers, news articles) and domain speci�city support the performance of the classi�er.

These results were consistent with our discussion in Section 4.2.3 and thus con�rmed
hypothesis H1.2:�In a zero-shot cross-lingual setting, a token classi�er achieves comparable
results to monolingual training in a target language.�and H1.3: �A token classi�er trained
on multilingual datasets and applied to a seen target language outperforms the monolingual
models trained on the target language and cross-lingual models not trained on the target
language.� if the languages are from the same or a similar branch of the Indo-European
family and share the same annotation campaign (e.g. although the English and Slove-
nian datasets both belong to ndo-European, we collected them from di�erent annotation
campaigns with di�erent degrees of IAA and term de�nitions).

When comparing the two annotation regimes, the use of NOBI annotations improved
the recall of the model in many cases. This is especially true for monolingual and multilin-
gual settings (see Figure 5.6, 5.7, and 5.8) - in which the models were trained in multiple
languages, including the language of the test sets for all scenarios - and for cross-lingual
settings - in which the models were trained in only one language and applied to the other
languages except for the French test set. A signi�cant increase in recall also improved F1

overall.
In Table 5.5, we reported the best-performing models from our combinations of training

data: [1] for the English and French test sets, the best results were obtained with English,
French, and Slovenian training data; and [2] for the Dutch test set, the best results were
obtained with the multilingual classi�ers of all four languages. Thus, we compared the
multilingual XLMR classi�er �ne-tuned to the pre-de�ned test language with the multi-
lingual XLMR classi�er (trained in at least three languages, including Slovenian and the
language of the test set) using the ACTER dataset in both annotation regimes. This
demonstrated the strength of a multilingual pre-trained language model with multilingual
settings - using either [1] English, French, and Slovenian or [2] all four languages as a
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