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Abstract. Over the past decades, automatic term extraction (ATE),
a natural language processing (NLP) task that aims to identify terms
from specific domains by providing a list of candidate terms, has been
challenging due to the strong influence of domain-specific differences on
term definitions. Leveraging the advances of large-scale language mod-
els (LLMs), we propose LlamATE, a framework to verify the impact of
domain specificity on ATE when using in-context learning prompts in
open-sourced LLM-based chat models, namely Llama-2-Chat. We eval-
uate how well the LLM-based chat (e.g., using reinforcement learning
with human feedback (RLHF)) models perform with different levels of
domain-related information in the dominant language in NLP research
(e.g., English) and other European languages (e.g., French, Slovene)
from ACTER datasets, i.e., in-domain and cross-domain demonstra-
tions with and without domain enunciation. Furthermore, we examine
the potential of cross-lingual and cross-domain prompting to reduce the
need for extensive data annotation of the target domain and language.
The results demonstrate the potential of implicit in-domain learning
where examples of the target domain are used as demonstrations for
the prompts without specifying the domain of each example, and cross-
lingual learning when knowledge is transferred from the dominant to
lesser-represented European languages as for the data used to pre-train
the LLMs. LlamATE also offers a valuable compromise by reducing the
need for extensive data annotation, making it suitable for real-world ap-
plications where labeled corpora are scarce. The code is publicly available
at https://github.com/honghanhh/terminology2024.

Keywords: Term extraction · LLMs · Prompt engineering · In-context
learning · Llama-2-Chat · Cross-domain · Transfer learning · Self-verification

https://github.com/honghanhh/terminology2024


2 H. Tran et al.

1 Introduction

Throughout history, term extraction has been a challenging task due to the
strong influence of domain-specific differences on term definitions, which distin-
guishes it from general language. The International Organization for Standard-
ization (ISO) considered a term as “the designation6 of a defined concept7 in
a special language by a linguistic expression.” and defined the process of term
extraction as: “ terminology work8 that involves the identification and excerption

of terminological data9 by searching through a text corpus10” (ISO:1087, 2019).
Terms are beneficial not only for several terminographical tasks performed by
linguists (e.g., glossary construction (Maldonado and Lewis, 2016) and special-
ized dictionary construction (Le Serrec et al., 2010)), but also for several complex
downstream tasks (e.g., topic detection (El-Kishky et al., 2014), machine transla-
tion (Wolf et al., 2011), text summarization (Litvak and Last, 2008), information
retrieval (Lingpeng et al., 2005), ontology engineering and learning (Biemann
and Mehler, 2014), and sentiment analysis (Pavlopoulos and Androutsopoulos,
2014)). However, manual term extraction is often time- and labor-consuming.
Therefore, several automatic term extraction (ATE) approaches have been pro-
posed to identify the candidate terms from domain-specific corpora by providing
a list of candidate terms (see examples of term extraction results in Figure 1).

Fig. 1: An example of an ATE system output from a given input sentence.

TermEval 2020: Shared Task on Automatic Term Extraction, organized as
part of the CompuTerm workshop (Rigouts Terryn et al., 2020a), presented an
important step forward in systematic comparison among several ATE systems
with the introduction of a new manually-annotated corpus, namely “The Anno-

6 “Representation of a concept by a sign which denotes it in a domain or subject”.
7 “Unit of knowledge created by a unique combination of characteristics”.
8 “The work concerned with the systematic collection, description, processing and
presentation of concepts”.

9 “The data related to concepts and their designations”.
10 “A collection of natural language”.
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tated Corpora for Term Extraction Research” (ACTER) corpora (Rigouts Ter-
ryn et al., 2020a). The corpora contain domain-specific texts from four fields
in three languages (i.e., English, French, and Dutch) with two versions of gold
standards (with and without named entities). This is also the corpora on which
we conduct our experiments to verify our hypothesis on the impact of domain-
specificity and the potential of cross-lingual transfer and cross-domain transfer
in the era of large-scale language models (LLMs).

After the evolution of transformer-based token classifiers toward term extrac-
tion (e.g., BERT (Lang et al., 2021) and XLMR (Tran et al., 2022c,a,b,c)), recent
years have witnessed the blossoming of LLMs and their reinforcement learning
with human feedback (RLHF) versions exemplified by both close-sourced (e.g.,
ChatGPT11) and open-sourced (e.g., Llama-2-Chat12) models. Although these
models have undergone extensive training using diverse datasets from various
domains and have showcased remarkable competitiveness across several com-
plex downstream NLP tasks (Kocoń et al., 2023; Guo et al., 2023) regarding
both prompt engineering (Radford et al., 2019) and fine-tuning (Dettmers et al.,
2024), no application has been found on term extraction except our initial work
(Tran et al., 2024a) yet, leaving a gap in the terminology research.

The main contribution of our work is four-fold:

1. We present and compare the most recent advances in prompting techniques
when applied to ATE in English, French, and Dutch. To the best of our
knowledge, this is one of the first works focusing on ATE prompt engineering
for languages other than English.

2. We investigate the potential of in-context learning (ICL) or few-shot demon-
strations with prompt engineering in LLM-based chat models, namely Llama-
2-Chat (i.e., Llama-2-Chat-70b-chat-hf ) for ATE in several languages.

3. We empirically evaluate how the domain impacts the performance of ATE
given the same few-shot (k-shot) examples to LLM-based chat models using
four distinct prompting approaches: (1) explicit in-domain k-shot demonstra-
tion; (2) explicit cross-domain k-shot demonstration; (3) implicit in-domain
k-shot demonstration; and (4) implicit cross-domain k-shot demonstration.

4. We conduct an extensive cross-lingual study of term extraction in the Indo-
European languages to assess the potential of prompting when the annotated
data is scarce.

This paper is organized as follows: Section 2 presents the related work, while
Section 3 describes our chosen datasets. Section 4 introduces the overall archi-
tecture of LlamATE and discusses the individual components before describing
the experimental setup and evaluation metrics. The results with the error anal-
ysis are shown in Section 5, followed by the discussion on the error analysis,
practical use of LlamATE and limitations in Section 6, before concluding with
future work in Section 8.

11 https://platform.openai.com/docs/models
12 https://Llama.meta.com/Llama2/

https://platform.openai.com/docs/models
https://Llama.meta.com/Llama2/
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2 Related work

In early research on term extraction, Kageura and Umino (1996) identified two
main approaches: linguistic and statistical. A more comprehensive survey by
da Silva Conrado et al. (2014) categorized ATE methods into three feature-
based sub-categories: statistical, linguistic, and hybrid. Meanwhile, Astrakhant-
sev et al. (2015) focused on the dominant languages (i.e., English) and provided
a detailed overview of term definitions, linguistic features, and numerous extrac-
tion methods with a generalized four-stage pipeline: preprocessing, term candi-
date collecting, term candidate scoring, and term candidate ranking. With the
advent of deep learning, Tran et al. (2023) thoroughly summarized recent ad-
vances in term extraction with respect to three aspects: well-annotated corpora,
approaches, and evaluation metrics. The key findings were that neural models
generally outperformed feature-based machine learning (ML) models by a wide
margin, and that transformer-based cross-domain and cross-lingual models gen-
erally performed well and set new benchmarks.

2.1 Machine learning approaches

Due to their relatively low accuracy, these first ML approaches were mainly
used to complement approaches based on hand-crafted rules. This, along with
the success of traditional systems (e.g., TermoStat (Drouin, 2003)), which relied
on several linguistic and statistical features, led to the idea of combining different
types of information. While several NLP tools (e.g., tokenization, lemmatization,
stemming, chunking, and PoS tagging) were employed in this approach to obtain
linguistic profiles of term candidates, numerous statistical measures were also ap-
plied, including termhood (Vintar, 2010), unithood (Daille et al., 1994), C-value
(Frantzi et al., 1998). Regarding ML algorithms, the most popular algorithms
used for ATE included AdaBoost (Castellv́ı et al., 2001), ROGER evolutionary
algorithm (Azé et al., 2005), RIPPER rule induction (Foo and Merkel, 2010),
CRF++ (Judea et al., 2014), K-nearest neighbors (Qasemizadeh and Handschuh,
2014), Logistic Regression (Bolshakova et al., 2013; Fedorenko et al., 2014), De-
cision Trees (DTs) (Karan et al., 2012), and Support Vector Machines (SVM)
(Ljubešić et al., 2018).

An example of an ML approach employing extensive feature engineering and
several classifiers was given in Conrado et al. (2013) where the authors pro-
posed to select statistical and linguistic features and feed them into different
ML classifiers (e.g., JRip, Naive Bayes, J48, or SMO from WEKA). 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 different classifiers: Random Forest (RF), Linear SVM, Multi-
nomial Naive Bayes, Logistic Regression, and SGD classifiers. Another example
was given in Hazem et al. (2020), which used the combination of various types
of meaningful information—such as linguistic, stylistic, statistical, and distribu-
tional descriptors—to generate the feature vectors. It then used the XGBoost
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model to learn several classifiers, which were weighted according to their per-
formance and iteratively aggregated. HAMLET (Rigouts Terryn et al., 2021),
on the other hand, included a relatively wide range of supervised ML methods
(e.g., Multi-layer Perceptron, and Logistic Regression) and relied on a total of
152 features from six different feature groups: morphological, frequency-based,
statistical, relational and linguistic, and corpus-based. The Binary RF classifier
performed best of all the classifiers tested. In addition, Nugumanova et al. (2022)
combined probabilistic topic modeling (PTM) and non-negative matrix factor-
ization (NMF). They compared five different NMF algorithms and four different
NMF initializations and found optimal NMF combinations for comparison with
the extraction baseline (e.g., TF-IDF, RAKE, YAKE, and TextRank).

2.2 Neural approaches

The use of neural networks, especially language models, to solve term extraction
tasks has become increasingly important in recent years. They have been used to
represent the information in the text with word embeddings or to apply a deep
architecture as an end-to-end classifier. Traditional automatic term extractors re-
lied heavily on term characteristics (Repar et al., 2019) or neural non-contextual
(e.g., GloVe13 (Kucza et al., 2018; Le and Sadat, 2021), Word2Vec (Zhang et al.,
2018; Bay et al., 2021), and FastText (Terryn et al., 2022)) and contextual (e.g.,
Flair + BERT (Andrius, 2020)) embeddings to represent the term information
and adapt the ML classifier to extract the candidate terms (Rigouts Terryn et al.,
2021). With the advent of neural language models (LMs) and LLMs, different
mechanisms have been proposed to solve this task more efficiently.

Tagging-based Models : Initially, ATE was formulated as a sequence classifica-
tion task, which assigns binary label y ∈ Y = {is a term, not a term} to each
sequence s in a given sentence S = {s1, ..., sn}, where n denotes the number
of sequences generated from all possible n-grams of a fixed length of a given
sentence. Different BERT-based variants have been tested including RoBERTa,
CamemBERT, and XLMR (Hazem et al., 2020; Lang et al., 2021). However,
generating all possible n-grams from each sentence across all documents posed
a computational and storage challenge. As a result, token classification was pro-
posed as an alternative strategy.

The token classifier assigns a label y ∈ Y = {B, I,O} to each word x in
a given sentence X = {x1, ..., xn}, where Y denotes the set of labels in the
BIO annotation regime, and n denotes the length of the given sentence. Sev-
eral language models were applied, including both non-transformers (e.g., RNN
(Kucza et al., 2018), LSTM-CNN (Wang et al., 2016), CNN-BiLSTM-CRF (Han
et al., 2018), and (Bi)LSTM-CRF (Andrius, 2020; Rigouts Terryn et al., 2022;
Hazem et al., 2022)) and transformers models (e.g., RoBERTa (Tran et al.,
2022b; Delaunay et al., 2024), CamemBERT (Tran et al., 2022b), RobBERT
(Tran et al., 2022b), SloBERTa (Tran et al., 2022b), and XLMR (Hazem et al.,

13 https://nlp.stanford.edu/projects/glove/

https://nlp.stanford.edu/projects/glove/
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2022; Tran et al., 2022a,b, 2024b)). Besides the fully supervised classifier, cross-
domain (Lang et al., 2021; Tran et al., 2022c) and cross-lingual (Tran et al.,
2022a; Hazem et al., 2022; Tran et al., 2024b) learning were also applied to
enhance the extraction performance given the lack of available annotated data
in the target domain and language, respectively. The results suggested that the
models were still domain-sensitive and reconfirmed the potential of knowledge
transfer from the dominant to lesser-represented languages.

Span-based Models : Given an input sentence X = {x1, ..., xn} where xi denotes
the ith word, the span-based term extractor aims to predict the start and end
position of each term span in X. Wang et al. (2023a) used XLMR as an encoder
and operated the system in a two-step procedure: (1) training a span-based
extractor to extract candidate terms, and (2) adjusting boundaries of candidate
terms.

Generative-based Models : Despite the widespread use of Seq2Seq models for
NLP tasks, the adoption of self-supervised pre-training approaches for ATE tasks
has just recently gained traction (Lang et al., 2021). Given each sentence from
the document D = {sent1, ..., sentn} where n is the number of sentences, the
Seq2seq model (e.g., mBART) aims to transform each sentence into another
sequence of elements L = {term1, term2, ..., termM} where M is the number of
candidate terms found in the input sentence.

Prompt Engineering : The emergence of LLMs has improved performance across
several downstream NLP tasks with huge traction on prompt engineering with in-
context learning (ICL) that leverages the LLM ability to generate texts with only
a few task-specific examples as demonstrations (or few-shot demonstrations).
Despite their attraction, none have been used to solve the term extraction task
yet except our initial work (Tran et al., 2024a), leaving a gap in the terminology
research.

3 Datasets

The experiments were conducted on version 1.5 of the ACTER14 (Rigouts Terryn
et al., 2020a) covering texts from diverse languages and domains. The ACTER
dataset is a collection of 12 corpora covering four domains (corruption (corp),
equitation (equi), wind energy (wind), and heart failure (htfl)) in three languages
(English (en), French (fr) and Dutch (nl)). The dataset has two types of gold
standard annotations: one containing both terms and named entities (NES);
and the other one containing only terms (ANN). The dataset details have al-
ready been elaborately described in Rigouts Terryn et al. (2020b), and we refer
interested readers to this work for further information.

14 https://github.com/AylaRT/ACTER

https://github.com/AylaRT/ACTER


LlamATE: Automated Term Extraction Using LLMs 7

4 Methodology

The general workflow of our proposed prompting term extractor or so-called
LlamATE is visualized in Figure 2.

Fig. 2: Our general LlamATE workflow for few-shot prompting term extractor
with three optional settings: [1] whether LlamATE shows in-domain or cross-
domain demonstration, and whether LlamATE defines the domain of the demon-
strations explicitly or implicitly (domain transfer); [2] whether LlamATE uses in-
lingual or cross-lingual examples (language transfer); and [3] whether LlamATE
applies self-verification with/without explanation or not (self-verification).

4.1 Large language models

The emergence of LLMs has improved performance across several downstream
tasks with two different strategies: fine-tuning and ICL. While the fine-tuning
strategy involves initializing a pre-trained model and conducting additional train-
ing epochs on task-specific supervised data, ICL leverages the LLM’s ability to
generate texts with only a few task-specific examples as demonstrations. On the
one hand, training or fine-tuning LLMs specifically tailored to a particular task
(e.g., term extraction) poses challenges due to the substantial computational
resources required (Wang et al., 2023b). On the other hand, we believe that
the vast world knowledge of LLMs offers promising insights for improving the
handling of such extraction tasks.

As a result, in our research, we applied the ICL strategy to Llama-2-Chat, the
chat version of the open-sourced auto-regressive LLM released by Meta AI, tuned
to align with human preferences for helpfulness and safety. We used the largest
version of Llama-2-Chat, namely Llama-2-Chat-70b-chat-hf 15 trained between
January 2023 and July 2023 (see our series of complementary experiments in
Section 7 to support this optimal choice).

15 https://huggingface.co/meta-Llama/Llama-2-70b-chat-hf

https://huggingface.co/meta-Llama/Llama-2-70b-chat-hf
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4.2 Architecture Design

The quality of the input prompt when querying an LLM system is essential to
the quality of the response. The popularization of LLMs was followed by the
development of prompt engineering, the aim of which is to design prompts that
best fit the language model to maximize the quality of the generated text. As
a rule of thumb, the more explicit the prompt, the better16. Some examples of
the task can be included to show the language model the sort of answers that
are expected; this is known as a few-shot demonstration. Moreover, specifying
certain criteria like the field or discipline that is relevant to the task narrows
down the language model into a fixed text generation style. We have therefore
designed our prompt as follows (see example in Figure 3).

Fig. 3: An example of our prompt to extract the candidate terms for the ANN
version of the ACTER dataset in the explicit in-domain in-lingual settings.

16 https://platform.openai.com/docs/guides/prompt-engineering

https://platform.openai.com/docs/guides/prompt-engineering
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1. Prompt language: By default, we use prompt instruction in English for all
scenarios, even for term extraction in another language (e.g., French), as it is the
most ubiquitous language in all their training corpora (i.e., 89.70% of training
data in Llama-2-Chat is in English).

2. Task Description: We define the role that the LLM needs to follow and
specify the task the LLM has to perform: “As an excellent automatic term ex-
traction (ATE) system, extract the terms in the Heart Failure domain given the
following text delimited by triple backquotes.”. We provide an additional sen-
tence to clarify the scope of the candidate terms. In the ANN version, we men-
tion “Named entities are not considered as terms.” and in the NES version, we
mention “Named entities are considered as terms.”.

3. Few-shot Demonstration: In the context of the ATE task, a standard few-
shot or k-shot sample refers to obtaining exactly a few (k) examples where an
example is a sentence in the corpora. However, meeting this strict requirement
can be challenging, especially when dealing with data that exhibits an imbal-
anced distribution between sentences containing terms and not containing terms,
in in-domain or cross-domain settings. In-domain means that we use examples
from one domain (e.g., heart failure) for few-shot demonstrations and ask Lla-
mATE to extract the candidate terms from another sentence in the same domain
(e.g., heart failure). Cross-domain means that we use examples from one or more
domains (e.g., corruption, equitation, wind) for demonstration and ask LlamATE
to extract the candidate terms from another sentence in the new, unseen domain
(e.g., heart failure). To address this challenge, we draw inspiration from the work
of Ding et al. (2021) and introduce a relaxation to the criterion. We make an
empirical study to find the optimal number of positive and negative examples
to demonstrate LLMs as in Section 7.2 and use relaxation methods to permit
a maximum of 1.2 × k examples in cross-domain k-shot scenarios. We provide
examples that are appended to the task description phase to regulate the for-
mat of outputs for each test input. The demonstration sequentially packs a list
of examples, each consisting of the input (sentence and/or domain) and output
sequences. The output sequences use the generative output format where we
use unique tokens “@@” and “##” to encapsulate the candidate terms (see the
example in Figure 3 and how we find the optimal output format in Section 7.2).

Note that for the demonstration, we opt to extract the candidate term, re-
gardless of the nature of the term. Thus, we have not discriminated between the
ACTER term annotations, where specific terms, general terms, out-of-domain
(OOD) terms, and named entities are distinguished.

4.3 Domain Transfer

Domain greatly influences the selection of terms in a collection of texts. However,
only keeping those terms specific to the domain can be restrictive and limit the
vocabulary diversity, leading to certain drawbacks in further tasks like cross-
domain alignment. The concept of termhood was introduced by Kageura and
Umino (1996) to indicate the relation degree between a lexical unit and specific
concepts inside a domain. Rigouts Terryn et al. (2021) address this concern
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by defining termhood as a function of lexicon- and domain-specificity in their
annotation guidelines. On the one hand, lexicon-specificity denotes if a lexical
unit is only known by specialists or if it is part of a common language. On
the other hand, domain-specificity denotes whether a lexical unit is relevant or
unrelated to the researched domain.

We find two analogies between termhood and LLMs with ICL for the ATE
tasks. First, domain-specificity can be induced into the prompt by explicitly
declaring the domain of interest or letting the language model infer it from the
few-shot demonstrations. Second, lexicon-specificity can be represented with few-
shot demonstrations that illustrate the input sentences and the desired output
regardless of the domain. These two analogies result in four different prompt
scenarios as below:

– Explicit in-domain: In-domain demonstrations with explicit domain.
– Implicit in-domain: In-domain demonstrations with implicit domain.
– Explicit cross-domain: Cross-domain demonstrations with explicit domain.
– Implicit cross-domain: Cross-domain demonstrations with implicit domain.

With these scenarios, we verify the impact of the domain on the predictive
performance of LlamATE when designing prompts with few demonstrations to
help LLMs capture the candidate terms in the correct formats.

4.4 Language Transfer

We evaluate the capability of LlamATE to apply the knowledge learned from the
over-represented language (i.e., English, which accounts for 89.70% of Llama-
2-Chat ’s training data) in the term extraction task to another unseen under-
represented language in the Llama model (i.e., French and Dutch). Therefore, for
both French and Dutch, we use the English prompts where the demonstrations
are the examples extracted from the English corpus and combine this setting with
the above-mentioned domain transfers for both ANN and NES versions. In this
scenario, we examine how well LlamATE performs without the language-specific
examples and how good the knowledge transfer between different languages is.

4.5 Postprocessing Steps

More than 95% of the predictions returned by LlamATE correspond to the orig-
inal sentences with the candidate terms encapsulated by the symbols “@@” and
“##”. However, despite not asking for an explanation or any further informa-
tion, there exists the case where LlamATE returns the encapsulated sentence
and (1) further explanation; (2) a summary of the candidate list in the form
of a bulleted list with or without encapsulated symbols, or (3) a small note for
a conclusion. We thus add an automatic post-processing step that uses regex
to normalize the predicted outputs with the following steps. First, we skip the
unasked details provided by LlamATE to avoid potential noise (as the addi-
tional information may cover hallucinated candidate terms) and keep only the
answered sentence. We then filter the candidate terms using regex and formulate
them as a list of candidate terms for each sentence.
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4.6 Self-verification

LLMs suffer from hallucination or overprediction issues, even with demonstra-
tions. To address this issue, we have developed a self-verification strategy where
the model re-evaluates or checks its own response against the original prompt or
the extracted information. The primary purpose is to ensure that the response
with the extracted candidate terms provided is accurate and relevant to the
prompt. Given the candidate terms extracted by LlamATE, we ask the LLMs
to further verify whether the extracted term is correct by responding with YES
or NO with and without Explanation.

YES/NO Verification : We ask the model to self-verify if the list of extracted
candidate terms it returns is correct given the sentence and each term in the list.
In this way, the step helps the model to identify and correct potential mistakes or
inconsistencies in its initial output and filter out the false positives, improving the
performance and robustness. Sharing the same mechanism as the main prompt,
the format of our self-verification prompt is exemplified in Figure 4.

Fig. 4: An example of the YES/NO verification for ACTER’s ANN version.

YES/NO Verification with Explanation : Similar to YES/NO verification, we
ask the model to verify the list of extracted candidate terms but elaborate on



12 H. Tran et al.

Fig. 5: An example of the YES/NO verification with explanation for ACTER’s
ANN version.

its answer by asking to provide useful evidence for humans to verify the answer.
We have an assumption that the additional explanation will make the model’s
decision-making process becomes more transparent, which can be valuable in un-
derstanding how the output is derived. The justification from the model can also
increase our trust in the model’s output. This self-verification with explanation
prompt is depicted in Figure 5.

In both cases, we pack multiple demonstrations with the same number of
positive and negative examples in the verification prompt. Demonstrations are
followed by the test example, and fed to the LLMs to obtain the output.

4.7 Experiment Settings

We use the largest version (70b) of Llama-2-Chat, developed by MetaAI, the
most powerful model of the Llama sub-series as of mid-April 2024 (see the com-
parison in Table 2) via the HuggingFace’s API endpoint. In our experiments,
the Llama-2-Chat is used only as a predictor, we only query the model, and no
additional fine-tuning steps have been realized. Based on the sentence length in
the corpora, we set the output length of the model to 1,024 tokens. With regard
to experimental reproducibility, we set the temperature parameter to 0.1 (close
to zero, but not zero). This parameter must be a strictly positive floating point
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number because if the temperature is exactly zero, this would effectively mean
dividing by zero or multiplying by infinity, which would lead to invalid probabil-
ities. This makes the sampling of the model almost deterministic and selects the
most likely token with very high probability. All the experiments were requested
from the HuggingFace’s API endpoint and set up on CPUs in a Macbook Pro
Ventura 13.6.5, 2.9 Quad-Score Intel i7, 16 GB memory.

4.8 Evaluation Metrics

We assess the performance of LlamATE using the following metrics:

– Evaluation metrics: The performance of each term extractor at the level of
terms is measured by strictly comparing the aggregated list of candidate
terms identified across the entire test set against the manually designated
gold standard list of terms, using precision (P), recall (R), and F1-score
(F1). These evaluation metrics were the same as for the experiments from
the TermEval 2020 competition (Rigouts Terryn et al., 2020a) and other
related works (Tran et al., 2024a,b).

– Environmental metrics: We use the version 2.2. of the Green Algorithms17

to estimate the carbon footprint of each experiment, based on factors such
as runtime, computing hardware, and location where electricity used by our
computer facility was produced.

5 Results

Table 1 presents the results of our main experiments which are divided into eight
categories: [1] baselines; [2] k-shot baseline; [3] monolingual domain transfer;
[4] cross-lingual transfer; [5] monolingual domain transfer with self-verification;
[6] cross-lingual transfer with self-verification; [7] monolingual domain transfer
with self-verification and explanation; and [8] cross-lingual transfer with self-
verification and explanation. For a fair comparison, we only compare LlamATE
with the benchmarks covering the performance of both versions in ACTER
datasets. They include the winners of TermEval 2020 shared task (TALN-LS2N
(Hazem et al., 2020) for English and French, and NLPLab UQAM (Le and Sa-
dat, 2021) for Dutch), the best ML classifier (HAMLET (Rigouts Terryn et al.,
2021)), and the best token classifier for all three languages in ATE tasks above all
popular transformer-based models, namely XLMR (Tran et al., 2022a, 2024b)
with two different annotation regimes (Tran et al., 2024b). We also compare
our prompting with the token classifier where we only fed the same number of
demonstrations we used in the LlamATE as training examples (10-shot XLMR)
to verify the impact of prompting given the lack of annotated data.

5.1 General Observation

The results showed that LlamATE significantly outperformed the benchmark
token classifier (e.g., 10-shot XLMR) when the number of training examples was

17 http://calculator.green-algorithms.org/

http://calculator.green-algorithms.org/
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Settings
ANN version NES version

English French Dutch English French Dutch
P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

(Group 1) Baselines

TALN-LS2N 32.6 72.7 45.0 41.9 50.9 45.9 - - - 34.8 70.9 46.7 45.2 51.6 48.2 - - -

NLPLab UQAM 20.1 16.0 17.8 15.1 11.2 12.9 18.1 19.3 18.6 21.5 15.6 18.1 16.1 11.2 13.2 18.9 19.3 18.6
HAMLET 45.6 66.9 54.2 50.7 74.3 60.2 55.5 81.8 66.1 47.1 67.3 55.4 51.4 74.3 60.8 55.8 80.9 66.0

XLMRBIO 55.6 56.4 56.0 64.9 58.2 61.4 69.2 69.0 69.1 58.4 61.1 59.7 67.4 57.5 62.1 69.9 67.7 69.8

XLMRNOBI 51.1 67.2 58.0 63.2 60.5 61.8 64.5 78.1 70.6 53.1 67.3 59.3 63.1 62.7 62.9 69.2 73.2 71.1

(Group 2) k-shot baselines

10-shot XLMR 70.8 2.7 5.2 66.7 0.1 0.2 87.1 1.3 2.6 64.4 10.0 17.3 81.8 0.4 0.8 81.3 12.5 21.7

(Group 3) Monolingual Domain Transfer

Explicit in-domain 51.7 50.6 51.1 41.1 34.7 37.6 52.5 56.9 54.6 53.6 59.0 56.2 41.4 37.2 39.2 49.0 49.2 49.1
Implicit in-domain 48.4 49.4 48.9 38.2 32.7 35.2 50.4 58.0 53.9 50.3 57.4 53.6 38.6 31.3 34.6 50.5 54.1 52.2

Explicit cross-domain 51.5 45.6 48.4 58.1 35.5 44.1 54.4 37.4 44.3 52.6 54.4 53.5 52.2 33.8 41.0 35.4 49.1 41.1
Implicit cross-domain 49.6 44.3 46.8 50.3 32.0 39.1 51.9 43.7 47.4 50.4 49.5 49.9 45.3 37.2 40.9 36.1 50.2 42.0

(Group 4) Cross-lingual Transfer

Explicit in-domain - - - 48.2 44.8 46.4 47.0 52.8 49.7 - - - 46.1 50.9 48.4 47.4 58.2 52.2
Implicit in-domain - - - 44.9 48.4 46.6 45.8 56.8 50.7 - - - 43.3 54.9 48.4 43.4 63.5 51.6

Explicit cross-domain - - - 47.4 42.3 44.7 47.8 48.8 48.3 - - - 49.0 44.6 46.7 48.4 51.3 49.8
Implicit cross-domain - - - 45.8 45.7 45.7 46.6 52.9 49.6 - - - 45.1 47.6 46.3 46.2 54.1 49.8

(Group 5) Monolingual Domain Transfer with Self-verification

Explicit in-domain 54.0 49.2 51.5 47.3 34.1 39.6 55.2 54.1 54.6 55.5 57.6 56.5 46.1 36.3 40.6 53.7 47.1 50.2
Implicit in-domain 51.9 47.4 49.5 45.7 32.1 37.7 54.2 55.6 54.9 53.7 55.3 54.5 45.2 30.7 36.6 55.4 52.0 53.6

Explicit cross-domain 53.1 44.6 48.5 60.8 35.0 44.4 57.5 35.7 44.1 54.2 52.7 53.4 56.4 33.2 41.8 47.0 47.2 47.1
Implicit cross-domain 52.0 42.7 46.9 54.2 31.3 39.7 56.0 41.5 47.7 54.2 48.1 51.0 49.7 36.4 42.0 48.0 47.9 47.9

(Group 6) Cross-lingual Transfer with Self-verification

Explicit in-domain - - - 50.9 44.0 47.2 50.3 51.2 50.7 - - - 48.1 49.8 48.9 51.6 56.5 53.9
Implicit in-domain - - - 48.3 47.7 48.0 50.3 54.6 52.4 - - - 45.7 53.5 49.3 48.7 61.4 54.3

Explicit cross-domain - - - 50.3 41.7 45.6 51.3 46.7 48.9 - - - 51.0 43.4 46.9 52.6 49.6 51.1
Implicit cross-domain - - - 48.9 44.9 46.8 51.4 50.8 51.1 - - - 48.3 46.8 47.5 51.4 52.2 51.8

(Group 7) Monolingual Domain Transfer with Self-verification and Explanation

Explicit in-domain 54.4 47.6 50.8 47.1 34.3 39.7 54.6 54.2 54.4 55.3 52.2 53.7 45.2 36.2 40.2 52.5 47.4 49.8
Implicit in-domain 51.8 45.6 48.5 45.0 32.2 37.5 52.9 55.6 54.2 53.6 50.0 51.7 43.7 30.5 35.9 53.7 51.9 52.8

Explicit cross-domain 53.2 42.9 47.5 60.8 34.9 44.3 56.6 35.9 43.9 54.1 47.7 50.7 55.3 33.1 41.4 43.2 47.3 45.2
Implicit cross-domain 52.1 41.6 46.3 53.8 31.5 39.7 54.6 41.9 47.4 54.2 44.2 48.7 48.7 36.6 41.8 44.4 48.2 46.2

(Group 8) Cross-lingual Transfer without Self-verification and Explanation

Explicit in-domain - - - 51.0 44.0 47.2 49.2 50.9 50.0 - - - 47.7 49.2 48.4 49.7 56.1 52.7
Implicit in-domain - - - 48.1 47.7 47.9 48.9 54.7 51.6 - - - 45.4 52.9 48.9 46.1 60.9 52.5

Explicit cross-domain - - - 50.2 41.7 45.6 50.2 46.8 48.4 - - - 50.4 42.5 46.1 50.8 49.4 50.1
Implicit cross-domain - - - 48.9 45.0 46.9 50.1 51.0 50.5 - - - 47.8 46.5 47.1 49.3 52.0 50.6

Table 1: The evaluation of LlamATE with different settings. The best results for
models using full training data are underlined while the best results of LlamATE
regarding precision, recall, and F1-score, respectively are in bold. Grey lines
indicate the best performance based on F1-score.
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identical to the number of demonstrations we fed into the instructional prompts
for all prompt designs (see Groups 3 against Group 2). At the same time, our
classifier showed competitive performance compared to the fully supervised token
classifier benchmark (see Groups 3 against Group 1).

5.2 Verification Strategies Comparison

We compared the performance of näıve instructional prompts without using
self-verification (Groups 3 and 4), with self-verification (Groups 5 and 6), and
with verification and explanation (Groups 7 and 8). The results indicated that
self-verification without explanation improved prompting performance. On the
one hand, self-verification helped LlamATE recognize and correct its own errors
(Groups 3 and 4). On the other hand, by checking whether the extracted terms
matched the sentence and each other, the model was able to detect inconsis-
tencies that it might otherwise have missed. In addition, the verification process
allowed the model to assess its confidence in the answer and prioritize the correct
core answer before focusing on the explanation.

However, the addition of an explanation in the self-verification step (Groups
7 and 8) was helpful for humans who needed to understand the reasoning be-
hind the model’s response. This transparency allowed for a better evaluation
of the model’s thought process and could reveal potential biases or limitations.
Although this setting performed better than the one without self-verification,
it could not outperform self-verification due to the possibility of a misleading
explanation. LlamATE struggled to provide clear and accurate explanations,
resulting in users being misled despite an explanation.

5.3 Monolingual vs. Cross-lingual Transfer Comparison

We compared the performance of the monolingual domain transfer (Group 3)
against the cross-lingual transfer (Group 4), the monolingual domain trans-
fer with self-verification (Group 5) against the cross-lingual domain transfer
with self-verification (Group 6), and the monolingual domain transfer with self-
verification with explanation (Group 7) against cross-lingual domain transfer
with self-verification (Group 8) given the prompts and examples were in the
dominant language (English) and the test sets were French and Dutch, respec-
tively. The cross-lingual settings achieved comparable results (if a self-verification
step was not added or added with additional explanation) and even better than
the monolingual ones (if a self-verification step was added), which confirmed hy-
pothesis that “In a cross-lingual setting, a token classifier achieves comparable
results to monolingual training in a target language” as proved in the work of
Tran et al. (2024b). This efficient performance in the heart failure domain could
be attributed to the fact that in the medical domain, many terms are of Latin
or Greek origin. This could facilitate cross-lingual transfer as the sub-words can
be very similar between languages (especially for closely related languages such
as English, French, and Dutch). The best performance was found in implicit
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in-domain cross-lingual transfer with self-verification design among all experi-
mented settings.

5.4 Environmental Impact

In total, we performed 144 experiments for the main outcomes and 82 experi-
ments for the ablation studies, each of which lasted 9 hours on average. We ran
all the experiments in Metropolitan France. According to Green Algorithms, we
estimated that the experiments with Llama-2-Chat generated about 7,381 kg of
CO2 equivalent in both versions of the ACTER dataset (4,703 kg for the main
experiments, 2,678 kg for the ablation).

6 Discussion

We focus on understanding the predictive performance of our prompting classi-
fiers through comprehensive error analysis on the impact of term length and the
practical use of LLMs for lesser-represented languages in term extraction.

6.1 The Impact of Term Length

Figure 6 visualizes the distribution in term length k = [1, 2, 3, 4,≤ 5] of the
correct and incorrect prediction of the best settings of LlamATE for each data
version and language. This includes the monolingual domain-transfer explicit
in-domain setting with self-verification for both versions of English, the mono-
lingual domain-transfer implicit in-domain setting with self-verification for the
ANN version of Dutch from the monolingual domain transfer, and the cross-
lingual-transfer implicit in-domain setting from cross-lingual transfer with self-
verification for the rest (both versions of French and NES version of Dutch). As
can be seen, in English, the proportion of terms correctly predicted by LlamATE
was higher than the proportion of incorrectly predicted terms when their term
length was less than or equal to four words. In the case of French, this ratio was
maintained even for terms with five words. In Dutch, on the other hand, the
proportion of correctly predicted terms was only higher for terms with one or
two words.

6.2 Practical Use of LLMs for Lesser-represented Languages

Our experiments suggested that the performance of LlamATE surpassed one of
the language models sharing the same number of training examples, but they
still fell short of models trained on dedicated annotated data (fully supervised
models). However, the performance can be judged satisfactory enough for pre-
annotation use, to complement or accelerate manual annotation. For example,
LlamATE could be used as a first pass to identify potential candidate terms. This
pre-populated list significantly reduces the manual effort required for human an-
notators, who then focus on verifying and refining the suggestions. By suggesting
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Fig. 6: Distribution of Correct and Incorrect Prediction Regarding Term Lengths.
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candidate terms, LlamATE accelerates the overall annotation process, leading
to faster completion of tasks where the identification of relevant terms is crucial.
Moreover, these pre-populated lists can be used in “active learning” where Lla-
mATE suggests terms, a human validates or refines them, and LlamATE uses
this feedback to improve its suggestions on subsequent tasks. This iterative pro-
cess leads to a continuously improving model even with limited annotated data.
Thus, this is still a promising tool for finding the candidate terms, especially
when working with limited data of the same language and/or domain or when
no annotated data is available for a given language and/or domain. While it may
not be as good as models trained on dedicated annotated data (fully supervised
ones), it can significantly speed up the process by suggesting term candidates
that are later reviewed and refined by human experts.

6.3 Limitations

Random Demonstrations : The positive and negative demonstrations in the main
prompts are shuffled randomly and the negative examples in the self-verification
prompts are selected randomly from the sentence that existed as demonstra-
tions in the main prompts. This randomness can lead to noise in performance
measurements. Replicating all the combinations of positive and negative exam-
ples would allow us to draw more solid conclusions, but would also come at a
considerable environmental cost.

API Dependency : Our experiments with Llama-2-Chat-70b-chat-hf were per-
formed via the HuggingFace’s Inference API18. The use of APIs to prompt LLMs
helps overcome infrastructure limitations when these models contain several tens
of billions of parameters. However, there are some limitations to take into ac-
count, mostly concerning our limited control over the LLM, data privacy, and
latency in performance. LLM APIs may collect data about our interactions with
the API, which could raise data privacy concerns. At the same time, it may have
higher latency for the free version, especially when the number of requests is
overloaded (“Rate limit reached. You reached free usage limit (reset hourly).”).
This can be a problem if we need to build a term extractor as an application
that retrieves huge requests and requires real-time responses.

Data Contamination/Leakage : A potential problem with using LlamATE to
extract candidate terms from corpora such as ACTER is the risk of data con-
tamination or leakage. Since the dataset is publicly available on GitHub in a
widely used format, there is a non-negligible chance that the LLMs may have
encountered similar examples during pre-training or fine-tuning. This could lead
to the model generating biased or overly familiar responses, which could af-
fect the accuracy and novelty of the extracted terms. To mitigate this risk, it
is important to carefully evaluate the model’s performance on unseen data and
consider techniques such as data augmentation or adversarial training to improve
its robustness and generalization ability.

18 https://huggingface.co/docs/api-inference/index

https://huggingface.co/docs/api-inference/index
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The Diversity of Languages : We have focused on three Indo-European lan-
guages, namely English, French, and Dutch. Note that these languages all belong
to the Indo-European language family and use the same Latin alphabet in their
writing system, albeit with different branches. English comes from the Germanic
branch (closer to Dutch) and has a large vocabulary due to historical influences
(French, Latin, Germanic). Dutch has some vocabulary in common with En-
glish but has a Germanic sound. French comes from the Italic/Romance branch,
with many words originating from Latin, which also has the greatest similari-
ties with the Germanic branch. It is therefore not known how LlamATE can be
generalized to typologically different languages from different family branches.

7 Ablations

To better understand the contribution of each step, we carried out a series of
complementary experiments, including the verification of [1] the sizes of Llama-
2-Chat, [2] the optimal output format, [3] the optimal number of demonstrations,
and [4] interactive or non-interactive demonstrations. We captured the optimal
choice for each step as highlighted in bold arrows in Figure 7.

Fig. 7: Our 4-step procedure to choose the optimal configuration in the in-domain
few-shot prompting workflow. The bold red arrow demonstrated the optimal
path.

7.1 Model Sizes and Prompt’s Output Designs

Model Sizes : We evaluate the performance of different versions of Llama-2-
Chat, including Llama-2-Chat-7b-chat-hf, Llama-2-Chat-13b-chat, and Llama-2-
Chat-70b-chat-hf. These models share the same training size (4k tokens), content
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length (2T tokens), and percentage (%) of data the models contain in English
(89.7%), French (0.16%), and Dutch (0.12%), respectively for pre-training. Table
2 demonstrates the difference in characteristics of Llama-2-Chat regarding the
number of parameters used for pre-training, Grouped-Query Attention (GQA).

Table 2: Characterization of models used in our experiments.

Models Llama-2-Chat-7b-chat-hf Llama-2-Chat-13b-chat-hf Llama-2-Chat-70b-chat-hf

# Params 7b 13b 70b
GQA No No Yes

Output Formats : We investigate three common outputs of language models to
term extraction and adapt them to the output format (OF ) of our prompts with
in-domain few-shot demonstrations, as visualized in Figure 8. They include (1)
OF #1 : Sequence-labeling output where the output contains the information
for each word label in the BIO regime; (2) OF #2 : List of candidate terms
output which is the same format as our original gold standard; and (3) OF #3 :
Generative output where we use unique tokens “@@” and “##” to surround
the candidate terms.

Fig. 8: An example of three output designs.

Results : We evaluated the performance of these output formats with different
versions of Llama-2-Chat in the in-domain few-shot setting and reported the
evaluation in Table 3 where we highlighted in grey the best performing format
for each version. The results exhibited a considerable performance gap depending
on the output format. LlamATE struggled with low precisions and recalls for
sequence labeling (OF #1 ) compared to the other two formats. This suggested
the gap between the semantic labeling task and the text generation one, which
Llama-2-Chat has been trained for. Meanwhile, OF #2 and OF #3 formats
showed up to 8 times higher scores than OF #1 regardless of language and
model size.

Besides, the LLMs showed variations given the language and model size. On
the one hand, Llama-2-Chat with a smaller number of parameters (7b and 13b)
proved to be a better fit for OF #2. On the other hand, although OF #2 has
a higher recall than OF #1 and OF #3 at all model sizes, the largest version
(70b) outperformed the others with the highest values at total F1 in OF #3
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Settings
ANN versions NES versions

English French Dutch English French Dutch
P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

In-domain LlamATELlama−2−Chat−7b

OF #1 12.4 4.8 6.9 7.5 9.3 8.3 19.2 14.4 16.5 17.3 7.3 10.3 8.4 11.0 9.5 16.6 23.8 19.6
OF #2 40.4 62.6 49.1 36.3 59.2 45.0 40.4 73.1 52.0 42.9 63.4 51.2 36.0 61.6 45.4 40.3 75.6 52.6
OF #3 40.3 26.8 32.2 58.5 23.4 33.4 53.8 41.6 46.9 45.0 32.5 37.7 52.1 34.5 41.5 48.8 52.3 50.5

In-domain LlamATELlama−2−Chat−13b

OF #1 12.1 1.7 3.0 11.2 6.6 8.3 25.6 5.9 9.6 25.9 2.4 4.4 8.4 5.3 6.5 23.5 5.9 9.4
OF #2 35.0 63.4 45.1 38.4 59.2 46.6 43.3 75.0 54.9 38.4 66.1 48.6 33.8 60.2 43.3 41.4 73.6 53.0
OF #3 40.0 36.9 38.4 41.0 48.7 44.5 46.1 56.2 50.7 40.3 47.5 43.6 35.7 49.4 41.4 47.9 49.1 48.5

In-domain LlamATELlama−2−Chat−70b

OF #1 15.6 5.7 8.3 4.6 3.9 4.2 23.7 8.2 12.2 21.4 4.7 7.7 7.9 9.5 8.6 18.7 17.5 18.1
OF #2 36.8 65.9 47.2 38.0 64.8 47.9 42.3 74.8 54.0 39.9 67.2 50.1 33.2 61.8 43.2 41.1 74.8 53.1
OF #3 46.4 50.0 48.1 47.1 51.4 49.2 50.5 67.3 57.7 48.3 54.9 51.4 40.8 57.7 47.8 53.1 57.9 55.4

Table 3: Evaluation in performance of different output formats on the heart
failure test set with in-domain demonstrations (OF = Output Format).

and solved to some extent the noise in the predictions introduced by the two
previous formats. As the model only needed to mark the position of the terms
and make copies for the rest, it was able to [1] reduce the difficulty in generating
text that fully encodes label information (as in OF #1 ) of the input sequence,
and [2] reduce the certain proportion of incorrect output formats generated (as
in OF #2 ) due to its overgeneration.

Based on the best predictive performance and the cleanliness of the predic-
tions to reduce the noise and the effort of postprocessing, we decided to use the
Llama-2-Chat-70b-chat-hf version with OF #3 and apply to both versions of all
three languages.

7.2 Optimal Number of Demonstrations

To study the behavior of LlamATE in a few-shot context, we simulate the few-
shot context by providing the models with only a few annotated examples with
and without interaction on the English heart failure test set. We verify the
optimal number of demonstrations and the proportion of positive and negative
examples that should be provided to LlamATE so it maximizes the number
of correct predictions. Furthermore, we evaluate whether LlamATE performs
better if there exists an interaction between the LLM and the user during the
prompting process.

Number of Demonstrations : Regarding few-shot demonstration, seven positive
vs. negative amount of examples have been experimented with, including 1:0,
1:1, 2:1, 4:1, 8:2, 16:4, and 24:6. We start with a positive example to make sure
the LLM understands how to formulate the prediction outputs, which zero-shot
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demonstration failed to perform and increase the number of examples based on
the ratio of positive and negative examples at the sentence level in the corpus.

Interaction vs. No Interaction : Regarding the interaction between LLM and
the user, for each ratio, we experiment with two scenarios, where [1] we feed all
the examples as demonstration at the same time (no interaction), and [2] we
feed each one of the examples as demonstration consecutively as the interaction
between the LLM and the user (interaction). Based on the results of Section 7.1,
we applied the above settings to Llama-2-Chat-70b-chat-hf version using OF #3
with in-domain examples.

Fig. 9: Evaluation in F1-score of the different positive and negative number of
demonstrations on English heart failure set.

Results : The performance plots are visualized in Figure 9. The results provided
a consistent performance given the version of the English corpora (ANN and
NES) with interaction and without interaction between LLMs and the user. In-
terestingly, using 8 positive and 2 negative examples for LLMs demonstration
consistently achieved the best results regarding the F1-score. Furthermore, in
both cases, prompting without interaction demonstrated a better and more con-
sistent performance without noise in the prediction compared to the interactive
versions. When feeding examples individually, LlamATE might get stuck on ir-
relevant details in a specific example, leading to inconsistent behavior when pro-
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cessing future examples. Including all examples as demonstrations in the prompt
provided a broader context, reducing the impact of individual noisy examples.

Therefore, we finalized our configuration for in-domain and cross-domain few-
shot demonstration prompting as follows: Llama-2-Chat-70b-chat-hf, OF #3,
few-shot demonstrations covering 8 positive, followed by 2 negative examples
without interaction.

8 Conclusions

In summary, we investigated how well LLMs were able to extract domain terms
and compared the performance in different languages and with different prompt-
ing strategies. We used a technique called in-context learning, where we prompted
the LLMs with some sentences as examples covering terms and non-terms in the
desired domain and language (we called this method LlamATE ). Interestingly,
LlamATE did not need to be explicitly told the domain of the examples in
the prompt (explicit vs. implicit), both for examples coming from the same do-
main and for cross-domain examples. We tested our approach on the English,
French, and Dutch datasets of the ACTER corpora. The results showed that
LlamATE learned best from a few examples from the same domain, even with-
out explicitly naming the domain, and transferred knowledge from languages
that were well covered in LLMs (e.g., English) to less-represented languages in
LLMs (e.g., French, Dutch). To improve performance, we also included a step
in which LlamATE double-checks its answers (self-verification with and without
explanation). Overall, this technique (LlamATE with instruction prompt and
self-verification) offers a promising approach for less-represented term extraction
tasks. While they were not a replacement for fully supervised models, they could
increase efficiency and accuracy by streamlining the process of pre-annotation
and speeding up manual annotation effort.

In the future, we would like to evaluate the performance of our LLMs prompt-
ing strategy for within-domain and general term labels from the ACTER dataset
(or investigate how these categories are defined). Since the corpus used to train
Llama-2-Chat contains a lot of medical data, it would be interesting to compare
the results with another specialized domain where possibly less training data
was used to train the foundation model. Thus, we would like to investigate the
difference in performance when using few-shot approaches for more specialized
domains (e.g., heart failure) than for more general domains (e.g., corruption)
and for typologically different languages from different family branches than the
Indo-European ones.
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Ayla Rigouts Terryn, Véronique Hoste, and Els Lefever. In No Uncertain Terms:
A Dataset for Monolingual and Multilingual Automatic Term Extraction from
Comparable Corpora. Language Resources and Evaluation, 54(2):385–418,
2020b.
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