Graph Neural Networks for Automatic Term Generation: Defining and
Exploring Terminological Graph

Toshihide Fujii and Amir Hazem and Kyo Kageura
Library and Information Science Laboratory,
Graduate School of Education. The University of Tokyo.
fujiit1234 @ gmail.com and amir.hazem @ gmail.com and kyo@p.u-tokyo.ac.jp

Abstract

Despite the advance in automatic term acquisi-
tion (ATA) research, the use of ATA in terminol-
ogy work is limited. One of the main reasons is
that most ATA research focuses on automatic
term extraction (ATE) from textual corpora and
does not consider terminologies. This paper
introduces automatic term generation (ATG), a
new method of ATA, which explores existing
terminologies, in which timeline information
is also considered. We propose a new way of
representing the structure of a terminology as
a graph, which consists of nodes that represent
constituent elements of terms and two types
of links that represent intra-term dependency
between constituent elements and term closure
between the first and the last constituent ele-
ment of terms. ATG is then defined as a set of
link prediction tasks, i.e. predicting two types
of links. Cliques of the graph represent the
new generated terms. They are determined in
a backward fashion by first selecting nodes for
which term closure links are predicted and then
by walking backward to term nodes for which
intra-term dependency links exist. Experiments
showed that our approach gives high perfor-
mance in predicting new terms.

1 Introduction

Despite the development of automatic term acqui-
sition (ATA) research (Heylen and Hertog, 2015;
Tran et al., 2023; Xu et al., 2025), advanced meth-
ods are not used much in practical terminology
work. One of the main reasons for this is that ATA
research has mostly focused on automatic term
extraction (ATE) from corpora. Correspondingly,
the structure of terminologies, although it binds
generation of new terms, has not been explored
sufficiently. To address the limits of ATE and in
order to explore the structure of terminologies, we
introduce a new approach to automatic term acqui-
sition (ATA), i.e. automatic term generation (ATG),
which makes use of existing terminologies. About

80 percent of terms in most languages in most do-
mains are complex (Cerbah, 2000). Complex term
formation is the main way of generating new terms
(Sager, 1990), and tends to be systematic (Felber,
1984; Kageura, 2022). It is thus expected that the
generation of new terms can be predicted by explor-
ing the structure of terminologies. Our approach
starts from defining the terminological graph based
on a given terminology, which has nodes that con-
sist of constituent elements of terms and two types
of links!, i.e. intra-term dependency links between
constituent elements of a term and term closure
links that connect the first and the last element of a
term. ATG is then defined as a link prediction task
on the terminological graph. Finally, the cliques in
the graph represent the terms.

The main contributions of this work are: (a) it
proposes ATG, a new approach to ATA, which com-
plements existing ATE; (b) it proposes terminolog-
ical graph that incorporates essential information
of terminologies by means of two types of links
and applies advanced graph processing methods;
(c) it evaluates the results by taking into account
timeline perspective; (d) it gives comparative evalu-
ation with baselines including LLMs. With respect
to practical terminology work, it explored the in-
formation contained in concrete terminologies, the
compilation and revision of which is claimed to be
the major objective of ATA research. This work
provides a point of reference for new ATG frame-
work of ATA research.

2 Related Work

2.1 Automatic Term Acquisition

Research on monolingual ATE has employed a
range of approaches, including linguistic patterns,
corpus statistics, and supervised or unsupervised
learning, to identify term candidates (Kageura and
Umino, 1996; Heylen and Hertog, 2015; Tran et al.,

'We use links and nodes for edges and vertices.
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2023; Xu et al., 2025). More recent work has fur-
ther incorporated pretrained embeddings and LLMs
(Al-Thubaity, 2025; Tran et al., 2025). Despite
these advances, relatively few methods explicitly
make use of the target terminology (Bordea et al.,
2013). This is an important limitation, as candi-
dates extracted from corpora do not necessarily
correspond to the terms required in practical termi-
nology work (Kageura, 2024).

A different approach has been proposed as a part
of bilingual terminology acquisition task. Noting
the fact that the many terms are complex, Sato et al.
(2013) defined a head-modifier bipartite graph us-
ing a given terminology and generated new com-
plex term candidates by interpolating missing links.
Iwai et al. (2016) improved this approach by us-
ing the terminology graph introduced in Kageura
(2012). Their work, which adopted ATG approach,
showed promising performance but remained em-
bryonic. So the full exploration of terminological
structure for monolingual ATA is yet to be done.

2.2 Graph Processing for Link Prediction

As we will see in section 3, our approach defines
automatic term generation as a link prediction task.
The terminological graph we define consists of two
types of links or multi-relational settings. We re-
view here main work for link prediction tasks.

Within this link prediction formulation, graph-
based methods provide a natural framework for
modeling the compositional structure of terminolo-
gies, as in representing knowledge graphs (Hogan
et al., 2022; Jiang et al., 2025). Among the vari-
ous methods developed for graph learning, Graph
Neural Networks (GNNs) have achieved high per-
formance across a wide range of applications, in-
cluding link prediction. Representative approaches
include Graph Auto-Encoders (GAEs) and Varia-
tional Graph Auto-Encoders (VGAEs), which use
a Graph Convolutional Network (GCN) (Kipf and
Welling, 2017) as an encoder to learn node rep-
resentations and reconstruct links between them
(Kipf and Welling, 2016).

Many real-world graphs, however, contain mul-
tiple types of relations. GNNs that treat all links
uniformly cannot adequately capture interactions
specific to each relation type. Multi-relational
GNNss address this limitation by performing mes-
sage passing separately for different relations. Re-
lational Graph Convolutional Networks (R-GCNs)
(Schlichtkrull et al., 2018) are a representative ex-
ample of this approach. For link prediction on

such graphs, an encoder such as R-GCN can be
combined with a relation-aware decoder such as
DistMult (Yang et al., 2015), allowing the model
to predict both whether a link exists and which
relation it represents.

In our setting, we consider two graph neural
network architectures as encoders. Graph Atten-
tion Networks (GATs) aggregate information from
neighboring nodes through attention mechanisms
(Velikovi et al., 2017) and serve as our baseline for
the single-relation setting. R-GCNs, by contrast,
naturally accommodate our two-relation represen-
tation through relation-specific message passing.
We therefore combine an R-GCN encoder with a
ComplEx decoder (Trouillon et al., 2016) to score
directed, relation-specific links.

3 Proposed Approach to ATG

Taking as a point of departure the ATA work that
used the graph representation of terminologies
(Sato et al., 2013; Iwai et al., 2016), we introduce a
new method for monolingual term acquisition, i.e.
prediction of new terms through generative termi-
nology modeling starting from given terminologies.
It starts from constructing a terminological graph
from an existing terminology. New term prediction
task is then defined as a link prediction task?.

3.1 Defining Terminological Graphs

The terminological graph is defined as follows:

e Nodes: constituent elements of terms, with
either pretrained FastText features or one-hot
identity features;

* Links: two types of directed links i.e. (a)
type 1 links, which represent intra-term de-
pendency relations between constituent ele-
ments, difected from modifier to head, and (b)
type 2 links, which represent term closure that
connects between the first constituent element
and the final constituent element of a term. As
of now, the links and nodes are not weighted.

Figure 1 shows an example of a terminological
graph constructed from a small set of terms.
Graphs have been widely used for representing
knowledge structures (Hogan et al., 2022; Jiang
et al., 2025), but have been underexplored in rep-
resenting and processing terminologies. As a few

2We provide our code on GitHub: https://github.com/
utlis/two-types-1link-gnn
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Figure 1: A terminological graph made from four terms:
“information," “text classification,” “automatic text clas-
sification," and “document classification." Solid arrows
show type 1 links and dotted ones show type 2 links.

"

existing studies that used graph representation re-
mained rudimentary in terms of both the representa-
tion of terminological structure and the processing
methods (Kageura, 2012; Iwai et al., 2016), it is
the first graph representation that incorporates all
the essential features of terminological structures.

3.2 Exploring terminological graphs

Automatic term generation is defined as link pre-
diction tasks for the terminological graph.
The following three tasks are defined:

(a) Detecting type 1 links or intra-term depen-
dency links between two nodes;

(b) Detecting type 2 links or term closure links;

(c) Detecting terms (or term reconstruction from
cliques), which corresponds to integrating the
predictions of type 2 and type 1 links.

Once ATG is defined as a set of link prediction
tasks over the terminological graphs, we can ap-
ply a series of link prediction methods to the task
(Smida et al., 2025). Some important methods were
briefly reviewed in Section 2.2. The methods we
adopted will be given in Section 4.3.

4 Experimental Setup

4.1 Dataset

To construct our dataset, we used as a starting point
lists of terminologies in four domains: Agriculture,
Computer Science, Dentistry and Physics®. The
first column of Table 1 illustrates the size of these
lists. To built a coherent list of terms that is used
in a controlled scenario with reasonable size, we
refine these lists by projecting them in an exist-
ing corpus. As a target corpus for projection, we
used the English part of the ASPEC-JE Parallel
Corpus4 (Nakazawa et al., 2016), which contains

3See the appendix E for references.
*https://jipsti.jst.go.jp/aspec

Terms
Domain Terms | N Aspec | N Google Ngrams
Agriculture | 15,618 | 5,921 5,263
Computer | 14,186 | 3,708 3,175
Dentistry 14,480 | 6,316 5,641
Physics 9,984 | 5,533 4,845
Table 1  Statistics of the four terminologies and their

intersection with ASPEC and Google Ngram datasets.
Table 8 in the appendix gives statistics per ngram size.

abstracts of 24 scientific domains including the
four domains that we focus on in this work. The
size of the resulting lists is reflected in the second
column of Table 1. Finally, as our ultimate goal
includes the study of the growth of terminologies
from a diachronic perspective, we used Google
Ngrams dataset (Lin et al., 2012), which provides
timestamp information of ngrams. The size of the
corresponding termlists is illustrated in the third
column of Table 1.

4.1.1 Timeline Information

Based on Google Ngrams dataset (Lin et al., 2012),
Norman and Aizawa (2015) used neology as a way
to extract terms. They have shown that there is a
certain point in time at which terms gain momen-
tum’. The peak value reflects the period of time in
which the term was adopted. Following Norman
and Aizawa (2015), we adopt this indicator and use
it to timestamp our dataset®. To determine the first
appearance of an ngram as a term’, we compute
the mean frequency and standard deviation of a
term over the timeline®. We order the terms based
on the mean frequency of the first appearance of
terms and split our data accordingly. Terms in the
dev and test sets thus appear later in the timeline
compared to the terms used in the training.

4.1.2 Term Distribution

Figure 2 illustrates the distribution of terms per
ngram size. Unigrams and bigrams are the most
frequent in all domains. Trigrams are of a relatively
small size. Finally, fourgrams are almost null and
thus are not addressed in our experiments.

Figure 3 illustrates the estimation of the first
appearance of terms per period of time. The year
1850 for instance, indicates the terms that appeared
before 1850 while the year 1875 indicates the terms

SA surge or a peak in frequency.
®See Table 7 in the appendix
"For terms, we use ‘ngram’ as terms with n constituents.

8The latest available version of the Google Ngrams dataset
until 2020 (Version 20200217).
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Figure 2: Ngram size distribution of terms (n = [1,4]) in
the four studied domains.

2091w pgriculture

== Computer Science
1750 | W Dentistry
- physics

1500

1250

Term count

o0l
1850 1875 1900 1925 1950 1975 2000 2020
Timeline

Figure 3: Term distribution of bigrams based on the
estimated first time appearance in google book ngrams.

that appear between 1850 and 1875 and so on. We
see a large number of new terms that appeared
around 1975. This is particularly noticeable for the
domain of Physics. A large number of new terms
has also been introduced around the year 2000 in
the computer science domain.

Given this timeline, we can reasonably evaluate
term prediction in a real word scenario. We first or-
der terms according to their estimated time of first
appearance, assigning earlier terms to the training
set and later terms to the development and test sets.
This temporal split allows us to examine how term
prediction performance changes compared with a
conventional random split of the dataset. More
importantly, the temporal setting naturally corre-
sponds to the prediction of new terms, i.e. given a
set of terms available at a certain point in time, the
task is to predict terms that appear subsequently.
These new terms may be units that have not yet
been adopted as terms, or longer terms formed by
combining existing terms as constituents. To the
best of our knowledge, this is the first work to
address term prediction under such a temporally
structured scenario.

4.2 Constructing Terminological Graphs

To construct the terminological graphs, terms were
lowercased and tokenized using NLTK library
(Bird and Loper, 2004). The tokenized units con-
stitute the nodes. We used two different settings
for node features, i.e. with and without embed-
dings. In the setting with embeddings, we assign
to each node a pre-trained FastText word vector
(Bojanowski et al., 2016). In the setting without
embeddings, we use one-hot vectors derived from
the identity matrix as node features. The latter set-
ting would show how much surface structure of
terminologies themselves bind individual terms.

The terminological graph also incorporates
nodes which are not terms. These ngrams are ex-
tracted from corresponding in-domain corpus. For
training we consider two scenarios: i) in the first
one (noted expl), we train the graph only on nodes
which are term constituents. ii) in the second one
(noted exp2), we train the graph using nodes which
can be terms or non terms’. For testing, in both
scenarios the positive candidates are terms and the
negative candidates are non terms that appear in
the corpus. As defined in Section 3.1, two types of
links exist in the terminological graph. Type 1 links
are introduced between adjacent elements within a
term. Type 2 links are made between the first and
the last element of a term, thereby representing the
term closure information.

4.3 Link and Term Prediction Setups

To perform link prediction with a GNN, it is neces-
sary to learn the graph structure using an encoder
and to compute link existence probabilities using
a decoder. We use R-GCNs (Schlichtkrull et al.,
2018) as the encoder. R-GCNs learn distinct weight
matrices for each relation type and capture diverse
relational patterns in heterogeneous graphs. As
the decoder, we choose ComplEx (Trouillon et al.,
2016). ComplEx represents node and relation em-
beddings in a complex vector space and assigns a
score to a triple (s, r, 0) by computing Re((s, r, 0)).
Here s, r and o represents subject or source node,
relation type and object or target node, respectively.
This scoring function is well suited to modeling
asymmetric relations, including those arising in
directed graphs considered in this study .

“Non-term ngrams constitute our negative sample.

%While Graph transformers or global attention GNNs tend
to show better performance in many applications that require
long-range dependencies (Smida et al., 2025), the terminolog-
ical graph does not require explorations of long-range depen-
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In the training phase, we use the binary cross-
entropy (BCE) as the loss function. We apply
ReLU activations, dropout, and label smoothing to
mitigate overfitting. We also introduce link dropout
during message passing to prevent memorization
of training links. For each positive link (s, 7, 0),
we generate negative examples by randomly re-
placing the source or target node with a sampled
node (s) or (o), yielding (s, r, 0) or (s,7,0’). Re-
placement nodes are sampled from a mixture distri-
bution, with 50% drawn uniformly at random and
50% drawn from a degree-proportional distribution,
yielding negative samples of varying difficulty. We
ensure that the generated negatives do not appear
in the positive sets of the training, validation, or
test splits, preventing information leakage. We set
the positive-to-negative ratio to 1:1, and to reduce
memorization of negative samples, we refresh the
negative set every five epochs. At inference time,
we search for the threshold that maximizes the F1
score on the validation set and apply this threshold
to binary classification on the test set.

For term reconstruction, we first use each pre-
dicted type 2 link to identify the boundary of a
candidate term, with its source and target nodes
specifying the start and end points, respectively.
Given these boundary nodes, we then search for a
simple path composed of predicted type 1 links that
connects the source to the target. To deal with com-
putational constraints, we impose a cutoff length
and discard overly long paths. For each discovered
path, we map the sequence of nodes to their cor-
responding constituent elements and concatenate
them to generate a candidate term. This procedure
enables the systematic extraction of novel domain-
term candidates based on the learned compositional
relations between constituent elements.

5 Evaluations

We use two types of baselines: the first one is graph-
based and the second one is LLM-based.

5.1 Graph Attention Networks

As the first baseline, we apply a Graph Attention
Network (GAT) model (Velikovi et al., 2017) using
only one type links. This baseline is designed to
evaluate the effect of introducing a second link type
by comparing the single-relation and two-relation
settings. In the single-relation setting, no closing
link is considered. This introduces ambiguity for

dencies by nature.

term reconstruction when the number of term con-
stituents is greater than 2. Hence, this method can
only be applied for bigram evaluation '!. See Sec-
tion C.2 for the hyperparameter details.

5.2 LLM

As the second baseline, we use LLMs because they
have shown great capabilities in many downstream
applications. LL.Ms are by essence for generation
and thus match our term generation task. To keep
the level playing field, we provide LLM with a
training list of nodes. To evaluate LLMs, we con-
sider two prompting scenarios: 1) Open question
and 2) Terminology list expansion. In the open
question scenario, two cases are considered. In the
first case, we only ask the LLM to provide a list
of terms by specifying the domain name. In the
second case, we ask the LLM to generate terms by
specifying the name of the domain and a list of term
examples that we select from the training set. In
the terminology list expansion scenario, we provide
examples of lists of tokens and their corresponding
terms. This scenario is the closest to the graph-
based approach!?. This evaluation underlines two
sub-tasks: The first one is recognizing the unigram
terms from a list containing unigram terms. The
second task consists of generating terms out of a
list of constituents which may not exist as terms on
their own (evaluation of bigram and trigram terms).
We provide the LLM with a list of shuffled unigram
constituents and we expect the LLM to generate
(reconstruct) bigrams and trigrams based on the
input list'3. This second subtask is also a new con-
tribution as no previous work to our knowledge has
evaluated LLMs under these configurations. We fo-
cus on evaluating llama3.3 and Qwen2 (Yang et al.,
2024) in the next section. Additional results for
llama3.1:8b, llama3.1:70b, Gemma?2 and Mistral
are reported in Table 17 in the appendix.

6 Results
6.1 Graph-based Approaches

Table 2 shows the results of bigram term generation,
while Table 3 gives the results of term generation
for all ngrams (1 to 3). Both show random and
timeline setups. As can be seen in Table 2, our pro-
posed method (exp2 (embed)) outperformed both

"To our knowledge, GAT is applied for the first time to term
generation. It can be considered as additional contribution.

2Corresponds to the vertices used in the graph.

3See Table 19 for complete prompt examples. The open
question scenario is given for complementary observation.
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Bigram Evaluation (Random list)
Agriculture Computer Dentistry Physics

Methods P R Fl1 P R Fl1 P R F1 P R F1

1lama3.3 36 642 461 | 475 1228 6.85 |41.18 1.16 226 |24.06 11.67 1572
Qwen2 17.65 055 1.07 | 13.16 895 1065 | 526 0.17 033 | 2343 1421 17.69
GAT 5595 66.01 60.56 | 57.36 5736 57.36 | 52.33 61.61 56.59 | 59.87 7429 66.31
GAT (embed) | 63.91 9047 7491 | 66.47 83.54 74.03 | 6233 89.68 73.54 | 61.55 92.19 73.81
expl 54.87 67.15 60.39 | 52.14 93.35 66.91 | 57.23 71.23 63.47 | 72.74 70.18 71.43
expl (embed) | 87.90 54.67 67.42 | 76.39 76.98 76.68 | 84.94 4942 6248 | 77.86 82.13 79.94
exp2 88.02 76.88 82.07 | 85.10 7595 80.27 | 89.18 72.23 79.81 | 87.89 81.71 84.69
exp2 (embed) | 87.99 86.05 87.01 | 87.60 79.53 83.37 | 87.70 89.58 88.63 | 87.18 88.04 87.61

Bigram Evaluation (Timeline list)
Agriculture Computer Dentistry Physics

Methods P R Fl1 P R Fl1 P R Fl1 P R F1

llama3.3 578 814 6.76 | 30.17 16.51 2134|1429 0.57 1.10 | 16.53 13.21 14.68
Qwen2 476 021 040 | 1640 1254 1421|2143 057 1.11 | 25.08 1240 16.60
GAT 51.50 44.11 47.52 | 56.15 44.65 49.74 | 46.85 41.14 43.81 | 5549 60.20 57.75
GAT (embed) | 63.24 82.87 71.73 | 60.24 75.54 67.03 | 67.08 7295 69.89 | 57.98 84.18 68.66
expl 70.68 35.11 46.92 | 49.05 87.76 6293 | 71.82 39.80 51.22 | 54.44 69.98 61.24
expl (embed) | 79.32 35.33 48.88 | 64.19 89.90 74.90 | 85.14 40.38 54.78 | 85.65 66.23 74.70
exp2 82.69 60.38 69.80 | 83.88 70.03 76.33 | 88.76 60.19 71.73 | 87.77 77.32 82.22
exp2 (embed) | 83.10 79.01 81.00 | 80.68 79.20 79.93 | 86.86 88.19 87.52 | 88.40 83.36 85.81

Table 2 Results for bigrams term prediction in four domains (Agriculture, Computer Science, Dentistry and
Physics). Results are presented based on random and timeline splitting.

All ngram Evaluation (Random list)
Agriculture Computer Dentistry Physics
Methods P R Fl P R Fl1 P R F1 P R F1
llama3.3 8,50 1545 10,96 | 40,10 30,99 34,96 | 18,77 16,91 17,79 | 48,50 30,64 37,55
Qwen2 15,19 1,27 234 | 44,86 37,95 41,11 30,79 2,17 4,05 | 43,81 39,50 41,54
expl 61.53 62.73 62.12 | 57.17 7235 63.87 | 80.34 30.00 43.69 | 61.04 80.73 69.52
expl (embed) | 75.71 4473 56.24 | 79.34 45.79 58.07 | 77.26 46.92 5839 | 78.29 50.41 61.33
exp2 81.01 50.00 61.83 | 84.19 50.54 63.16 | 85.01 45.73 59.47 | 82.24 67.67 74.24
exp2 (embed) | 86.76 47.28 61.20 | 87.26 51.08 64.44 | 89.21 48.20 62.59 | 87.30 66.57 75.54
All ngram Evaluation (Timeline list)
Agriculture Computer Dentistry Physics
Methods P R F1 P R Fl1 P R Fl1 P R Fl1
llama3.3 20.39 19.70 19.06 | 55.07 33.76 41.85 | 51.60 7.15 12.56 | 43.22 43.67 43.44
Qwen2 27.08 1.89 3.53 | 4392 37.64 4053|1936 128 240 | 47.63 38.17 4237
expl 59.28 83.09 69.19 | 53.15 78.26 63.31 | 66.03 80.24 72.45|59.27 87.62 70.71
expl (embed) | 60.93 2222 3256 | 65.06 29.92 40.99 | 64.71 27.45 3855 |71.65 32.06 44.30
exp2 78.31 38.74 51.84 | 77.14 46.77 5823 | 87.65 86.80 87.22 | 81.85 59.07 68.62
exp2 (embed) | 83.53 32.76 47.06 | 81.69 45.66 58.58 | 84.71 87.86 86.26 | 87.24 57.11 69.03

Table 3 Results for all ngrams term prediction in four domains (Agriculture, Computer Science, Dentistry and
Physics). Results are presented based on random and timeline splitting.

baselines GAT and the LLM-based approaches in
all settings reaching the highest F1-score. Our pro-
posed method expl, where training excludes out-
of-domain ngrams, outperformed GAT baseline in
two out of four domains (Physics and Computer)
suggesting that including external data in the train-

ing setup is not always necessary to build efficient
models for ATG. Table 3, where the test set con-
tains terms of different size (1 to 3 grams), shows
differences between expl and exp2. In the ran-
dom setting, exp2 outperformed expl in terms of
F1 score in three out of four domains, while in
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the timeline setting the contrary happened. If the
random and timeline experiments can not be di-
rectly compared, as the test sets are different, we
can nonetheless remark that including or excluding
general words (ngrams) while training the graph
impacts the performance of ATG.

LLM-based approaches perform poorly, in terms
of both recall and precision for all the domains,
although the overall performance for all ngram
term prediction by LLMs shows much improve-
ment compared to bigram predictions. Incidentally,
we also note that the results of LLMs depend highly
on the domain. The results of GAT and the results
of bigram link predictions using our methods in
Table 15, on the other hand, are more or less com-
parable. This indicates that the key factor of the
high performance of our method resides in the ex-
ploration of the two types of links.

The effect of embeddings in term prediction task
in our method is inconclusive as shown in Tables
2 and 3, while GAT produces consistently better
results with embeddings than without them both in
terms of precision and recall. The use of embed-
dings in our method improves precision but gener-
ally deteriorates the recall. As for the difference
between random split and timeline split setups, our
method produces comparable results in both setups.
This contrasts with the results of GAT, for which
timeline split produces consistently lower results
than random split. LLMs tend to perform better
with the setup corresponding to timeline split. Inter-
estingly, Table 15 shows that link prediction by our
method have the same tendencies as GAT. Table 16
shows link prediction results by link type.

6.2 LLMs

Table 4 shows the results of term generation for
open-question (0 and n-shot respectively noted
OpenQ-0 and OpenQ-n) and list expansion prompt-
ing (Expan-n) for llama3.3. As can be seen, the
results for open question scenario are very low
although few-shot learning improves the perfor-
mance. Expan-n shows better performance but the
results are still very low compared to graph-based
approaches.

Table 5 illustrates the impact a few-shot learning
on LLM performance. Although the number of
shots impacts the performance, this remains depen-
dent on the model and on the settings. 1lama3.3 for
instance obtains the best performance with 3-shot
on the random test while with 2-shot in the timeline
test. Other factors may impact the results such as

Computer
llama3.3 P R F1
OpenQ-0 | 0.96 488 1.6
OpenQ-n | 5.77 323 4.14

Expan-n |29.73 11.83 16.93

Table 4 Comparison of the performance of llama3.3
using open question prompting with 0-shot (OpenQ-0),
few-shot (OpenQ-n) and expansion prompting (Expan-
n) with n = 3 in the Random test setting for trigrams.

the examples given in the prompt.

Computer
Random Timeline
P R F1 P R F1

llama3.3

1-shot | 7.14 492 583 | 30.0 21.95 25.35
2-shot | 19.44 11.48 14.44|29.63 39.02 33.68
3-shot | 18.33 18.03 18.18 | 27.66 31.71 29.55
Qwen2

1-shot | 25.0 1.64 3.08 |1591 17.07 16.47
2-shot |21.43 492 8.0 | 841 21.95 12.16
3-shot | 6.15 13.11 8.37 | 50.0 4.88 8.89

Table 5 Results for llama3.3 and Qwen?2 using
expansion prompting (Expan-n) with 1, 2 and 3-shot
prompting. The results are shown for trigrams in the
random and timeline test settings.

Computer
1lama3.3 P R F1
Expan-n 15.00 43.90 22.36

+ Syst 36.59 36.59 36.59
+ CoT 3333 31.71 32.50
+Syst+CoT | 19.23 24.39 21.50
Qwen2 P R F1
Expan-n 1724 122 14.29
+Syst 120 14.63 13.19
+CoT 50.0 732 12.77
+Syst+CoT | 7.35 122 9.17

Table 6 Comparison of the performance ATG us-
ing expansion prompting (Expan-n) and varying the
prompt content by using a system prompt (+syst) or
Chain of Thoughts (+CoT) or both (+syst + CoT). The
results are shown for trigrams (timeline test).

As a final experiment, we explore the impact
of the prompt based on its structure. We con-
trast the usage of the standard prompt versus using
a system prompt which contains system instruc-
tions that are separated from the main prompt. We
also use chain-of-thoughts (CoT) prompting as de-
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scribed in (Kojima et al., 2022) and which con-
sists in adding the sentence:"Let’s think step by
step.". Finally, we combine system and CoT pa-
rameters(+Syst+Cot). The results are reported in
Table 6. Overall, the structure of the prompt does
impact the performance, however, here also it de-
pends on the model and on the settings. Using
system prompting improves F1 score for llama3.3,
while F1 drops slightly for Qwen2. CoT often im-
proves the precision (See Table 18 for a detailed
comparison for all domains).

7 Discussions

7.1 Graph-based Approaches

We can observe the effect of introducing two types
of links. In the term prediction task, precision is
greatly improved without affecting much the recall.
This reflects the fact that integrating the predic-
tions of type 1 and type 2 links cancels out their
errors. The key point here is that the dual link
types can eliminate random false positives (FPs),
as indicated by the precisions in Tables 2 and 3.
In the present experiment, link prediction is per-
formed under a transductive setting; it would be
worthwhile to conduct in the future term acquisi-
tion experiments under an inductive setting, that
is, targeting a completely unseen set of words. In
such a scenario, link predictions for type 1 and
type 2 links — though produced by the same un-
derlying model — are expected to yield different
false-positive patterns, because the two link types
play distinct roles in the graph and are evaluated in
different structural contexts. Combining them as a
filter is thus likely to suppress wrong links. In this
respect, the proposed method can be regarded as a
robust and powerful approach.

Let us now examine contrasted factors. Firstly,
as shown in Tables 2 and 3, using FastText does
not change the term prediction performance, while
it improves link prediction performance as sown
in Table 15. Across all settings, link prediction
performance improves when FastText embeddings
are used. The same trend is also observed for GAT.
These results suggest that using word embeddings
as node features is effective, especially when ex-
ploring terminological graph structure. Secondly,
comparing the results of experiments using bigrams
only with those using all ngrams up to 3, the results
with all ngrams tend to be slightly lower at the term
level but generally improve at the link level. This
is due to the fact that constructing terms from the

graph becomes more difficult as the diversity of
ngrams increases. The improvement in link-level
performance is likely to be due to the increase in
the amount of training data. Finally, we discuss
terminology acquisition, which is the major theme
of this study. Timeline splitting in our experiments
is expected to be more representative of real-world
term acquisition than random splitting. For the
baseline GAT, performance decreases under time-
line splitting in all settings except for precision in
Dentistry. In contrast, our proposed method yields
stable performance regardless of the splitting meth-
ods. Our method is robust for term acquisition in
real-world situation. The link-level results show
that timeline splitting produces lower performance,
which indicates that simple graph-based link pre-
diction is not sufficient for term acquisition.

7.2 LLMs

It has been shown that prompt instruction design,
as well as the chosen few-shot examples and their
order highly impact LLM performance (Gao et al.,
2021; Liu et al., 2022; Min et al., 2022; Lu et al.,
2022). If these findings mainly concern classifica-
tion tasks (Lu et al., 2022), they may also apply
to ATG task 4. Independently from the prompt
desine, paraphrasing or using automatic prompt
generation methods (Shin et al., 2020; Kong et al.,
2024; Deng et al., 2022), the current performance
limitations mainly come from the task itself. ATG
assumes a list of terms that at least reflects the
standard of a given domain. Unless finetuned for
term generation, and as shown in our experiments,
LLMs tend to always generate a much smaller sub-
set of terms, or a large subset but mainly not spe-
cific to the terminology domain. Our LLM evalua-
tions which covered open question and constituent-
based few-shot, still exhibit lower results than our
proposed GNN approach. Overall, GNN is much
faster to train and less costly for generation and it
is thus more suitable than LLMs for ATG.

8 Conclusions

This paper introduced a new approach, i.e. auto-
matic term generation (ATG), to the automatic term
acquisition (ATA) task. Theoretically, it is under-
stood that term formation is bound by the struc-
ture of terminologies. Practically, one of the major
merit of ATA is to assist terminologists in augment-

“See Table 18 for a comparison between several prompt
structures.
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ing terminologies. It is thus essential to explore
concrete terminologies to model the generation of
new terms, which has been addressed little so far.

The main methodological contributions of our
work are three. First, we defined the terminologi-
cal graph with two types of links and embeddings
attached to the nodes. This enables us to fully ex-
plore the terminological structure for ATG as a link
prediction. Second, we applied an advanced graph
neural network methods to the ATG task over the
graph and showed high performance. Third, we
introduced timeline information in the experiments,
the setup which is closer to the real-world scenario,
and showed that our approach is robust in this sce-
nario. Our work, which explored the full struc-
ture contained in terminologies, provides the basic
point of reference for further advancement of ATA
research.

Limitations

Some technical issues and practical factors are left
unaddressed in this work. In relation to the con-
struction of terminological graphs, two main is-
sues were lefjt unaddressed in the future. First,
we have not introduced the weight to links or al-
lowed multiple links of the same type between the
nodes. As this is the first full exploration of the
structure of terminologies via graph representation,
we retained the essential information and safely
left the examination of these possibilities to our
future work. Second, we did not apply ambiguity
resolution in identifying the intra-term dependency
links for complex terms with more than three con-
stituents. Here, we simply made links between
adjacent constituents. The resolution routine will
be incorporated at the next stage.

As for the evaluations, we could not report the
detailed diagnosis of the performance in terms of
such factors as frequency of occurrences of con-
stituent elements (nodes) or of such graph features
as centrality of nodes or links. Also, it would be
important to establish a standard framework for
evaluation. From the practical point of view, we
assumed the existence of initial terminologies with
reasonable size. For minor domains, we would
have to start from first collecting an initial set of
terms. For smaller languages for which not many
terminologies exist, we would have to extend the
bilingual or multilingual extension task, which will
be a different task from our work here.

As for LLMs evaluation, we only evaluated open-

source models under prompt engineering method.
While few-shot learning has shown substantial im-
provement in classification tasks, in our term gener-
ation task however, the results were not satisfactory.
We however, expect better results if LLMs are fine-
tuned for term generation. We let this experiment
for our future work.
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A Motivation behind using Google book
ngrams

Google book ngrams is a very large ngram dataset
(See Table 7) which was extracted from a massive

collection of digital books. Covering a period of
time ranging from the 17 century to July 2020, It
is a valuable resource for studying word frequency
evolution over time. By using this dataset, however,
it is not possible to find with certitude the first
appearance of words. Nonetheless, time stamp
information can serve to estimate the periods in
which they were the most popular. We consider the
first peak in usage of terms as the period in which
a term is effectively adopted as such (Norman and
Aizawa, 2015). To estimate the first appearance
of a term, we first calculate the mean frequency
of terms of the domain, and then we select the
year in which the frequency of a term is the closest
to the mean. Our search interval ranges from the
beginning of the period until the year of the first
peak (popularity).

Figures 4 and 5 show the distrubution of uni-
grams and trigrams according to the timeline. Ta-
ble 8 shows the basic statistics of the four refined
terminologies by using ASPEC Corpus, and those
that are further filtered by matching Google Books
Ngram to assign time stamps.

ngram | #files  size
n=1 |24 13G
n=2 | 589 302G
n=3 | 6881 2T
n=4 | 6,668 2T
n=5 | 19,423 10T

Table 7 Google Books Ngram Statistics for English.
The size is given for compressed files in gzip.

B Information About Data Split

Tables 9 to 14 show additional statistics about the
data split adopted in our experiments.

C Hyperparameters

C.1 R-GCNs (Ours)

We set the hyperparameters of the R-GCNs as fol-
lows: dropout to 0.2. We used a hidden dimen-
sion of 64 and an embedding dimension of 32, and
trained the model with a learning rate of 0.01. We
trained the model using full-batch learning for up
to 1,000 epochs.

C.2 GAT Baseline

We set the hyperparameters of GAT as follow: hid-
den dimension to 256, embedding dimension to 64,

5The latest version up to date.
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Figure 4: Term distribution of unigrams based on their first time appearance in google book ngrams for: Agriculture,
Computer Science, Dentistry and Physics.
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Figure 5: Term distribution of trigrams based on their first time appearance in google book ngrams for: Agriculture,
Computer Science, Dentistry and Physics.

ASPEC Corpus N Termbank (#Terms) M Google Books Ngram
Domain | #sentence #Token 1 2 3 4 all 1 2 3 4 all
Agr 56,722 1,353,956 | 2,896 2,725 270 30 | 5,921 | 2,718 2,333 212 - | 5,263
CS 38,659 837,476 | 1,457 1,952 307 20 | 3,736 | 1,334 1,636 205 - | 3,175
Den 284,277 6,250,158 | 2,816 3,022 427 51 | 6,316 | 2,673 2,623 345 - | 5,641
Phy 149,406 3,287,778 | 1,457 3,558 466 52 | 5,533 | 1,379 3,064 402 - | 4,845

Table 8 Dataset statistics (English) based on four terminology domains (Agr: Agriculture, CS: Computer Science,
Den: Dentistry and Phy: Physics).

number of attention heads to 4 and dropout to 0.2.  about the performance of our proposed methods.
We run the training for 300 epochs using a learning

rate of 0.001 and a batch size of 8. E Terminologies of the Four Domains

D Additional Results Japanese Ministry of Education, and Japanese Institute
of Landscape Architecture. 1986. Japanese Scientific
. Te : Agricul [ Sci . JSPS, Tokyo.
Tables 15 and 16 show the results of experiments erms: Agricultural Sciences. JSPS, Tokyo
for different setups with different sets of evaluation  Ajso, Hideo. 1993. Terminological Lexicon of Informa-
metrics. These tables show additional information tion Processing. Tokyo: Ohm.
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Agriculture Computer Dentistry Physics
ngram | All Train Dev  Test| All Train Dev Test| All Train Dev Test| All Train Dev  Test
1 2,896 2,027 290 579 | 1,429 1,000 143 2862816 1,971 282 563 |1457 1,020 146 291
2 2,725 1,908 272  545|1,952 1,366 195 391|3,022 2,115 302 605 |3,558 2491 356 711
3 270 189 27 54| 307 215 31 61| 427 299 43 85| 466 326 47 93
4 30 21 3 6 20 14 2 4 51 36 5 10 52 36 5 11
all | 5921 4,145 592 1,184|3,708 2,595 371 742|6,316 4,421 632 1,263 |5,533 3,873 554 1,106

Table 9 Train, validation and test statistics for term-level (Random Split) in four domains (Agriculture, Computer
Science, Dentistry and Physics).

Agriculture Computer Dentistry Physics
ngram | All Train Dev  Test| All Train Dev Test| All Train Dev  Test| All Train Dev Test
1 2,718 1,903 272 543 | 1,334 934 133 267 |2,673 1,871 267 535|1,379 965 138 276
2 2,333 1,633 233 467 | 1,636 1,145 164 327 |2,623 1,836 262 525|3,064 2,145 306 613
3 215 149 22 44| 208 145 21 42| 348 243 35 70| 405 282 41 82
all |5266 3,685 527 1,054]3,178 2,224 318 564 |5,644 3,950 564 1,130 | 4,848 3,392 485 971
Table 10 Train, validation and test statistics for term-level (Timeline Split) in four domains (Agriculture, Com-
puter Science, Dentistry and Physics).
Agriculture Computer Dentistry Physics
link type | All Train Dev Test| All Train Dev Test| All Train Dev Test| All Train Dev Test
type 1 | 2764 1938 276 550 | 1974 1380 198 1396|3085 2165 305 615|3680 2584 369 727
type2 | 2723 1908 272 5431948 1363 195 1390|3021 2114 302 605 |3544 2482 355 707
all 5487 3846 548 1093|3922 2743 393 786 | 6106 4279 607 1220|7224 5066 724 1434

Table 11 Train, validation and test statistics for link-level (Bigram/Random Split) in four domains (Agriculture,
Computer Science, Dentistry and Physics).

Agriculture Computer Dentistry Physics
link type | All Train Dev Test| All Train Dev Test| All Train Dev Test| All Train Dev Test
type 1 | 3181 2248 311 622 |2362 1697 233 4321|3698 2630 361 707 | 4289 3060 417 812
type2 | 5867 4115 586 1166|3630 2551 360 719 | 6230 4366 621 1243|5426 3809 542 1075
all 9048 6363 897 1788|5992 4248 593 1151|9928 6996 982 1950 | 9715 6869 959 1887
Table 12 Train, validation and test statistics for link-level (All/Random Split) in four domains (Agriculture,

Computer Science, Dentistry and Physics).

Agriculture

link type | All  Train Dev
type 1 | 2333 1633 233
type 2 | 2333 1633 233
all 4666 3266 466

Test
467
467
934

All
1639
1636
3275

Computer

Dev
164
164
328

Train
1148
1145
2293

Test
327
327

All
2625
2623

654

5248

Dentistry

Dev
262
262
524

Train
1838
1836
3674

Test
525
525
1050

All
3066
3064
6130

Physics
Train Dev Test
2147 306 613
2145 306 613
4292 612 1226

Table 13 Train, validation and test statistics for link-level (Bigram/Timeline Split) in four domains (Agriculture,

Computer Science, Dentistry and Physics).

Japanese Ministry of Education, and Japanese Associ-
ation for Dental Science. 1992. Japanese Scientific
Terms: Odontology. Japanese Association for Dental
Science, Tokyo.

Japanese Ministry of Education, and the Physical So-

ciety of Japan.

Physics. Baifukan, Tokyo.

1990. Japanese Scientific Terms:
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Agriculture Computer Dentistry Physics
link type | All  Train Dev Test| All Train Dev Test| All Train Dev Test| All Train Dev Test
type 1 | 2634 1847 261 526 | 1883 1328 183 3723104 2195 305 604 |3567 2508 354 705
type2 | 5251 3676 525 1050 | 3144 2202 315 627 | 5617 3935 561 1121|4810 3380 478 952
all 7885 5523 786 1576 | 5027 3530 498 999 | 8721 6130 866 1725|8377 5888 832 1657

Table 14 Train, validation and test statistics for link-level (All/Timeline Split) in four domains (Agriculture,
Computer Science, Dentistry and Physics).

Proposed-Method (RGCN)

Random list

Agriculture Computer Dentistry Physics

Methods AUC AP Acc | AUC AP Acc | AUC AP Acc | AUC AP Acc

expl bigram 66.79 75.05 53.68 | 65.62 72779 52.74 | 65.04 75.52 5432 | 7537 80.52 68.30
expl bigram (embed) | 79.18 83.37 72.59 | 80.25 80.61 75.00 | 75.70 80.60 66.78 | 84.46 84.31 78.96
exp2 bigram 90.90 89.71 83.34 | 89.07 87.68 81.23 | 88.78 90.48 80.22 | 92.81 92.78 86.20
exp2 bigram (embed) | 94.47 94.61 87.14 | 91.18 89.29 83.90 | 94.01 94.21 89.00 | 94.50 94.77 88.74
expl all 58.50 68.83 54.01 | 67.97 7324 5576 | 6293 7531 59.15| 7498 81.00 62.69
expl all (embed) 69.51 7476 62.48 | 76.63 77.04 70.39 | 70.43 78.30 62.44 | 76.23 79.74 70.41
exp2 all 84.87 86.99 73.05| 85.69 86.15 77.12 | 89.11 91.03 73.30 | 90.21 91.03 81.72
exp2 all (embed) 85.73 8842 73.86 | 87.72 87.80 78.35 | 90.48 92.05 74.84 | 91.81 93.06 84.47

Timeline list

expl bigram 52.57 6290 60.15 | 56.88 6291 4824 | 60.61 67.99 62.16 | 64.37 71.18 52.37
expl bigram (embed) | 66.92 69.79 62.76 | 77.65 70.74 67.20 | 76.46 77.87 64.71 | 83.04 81.21 76.34
exp2 bigram 86.58 83.66 73.45 | 85.62 82.57 78.44 | 86.98 86.84 74.62 | 90.37 89.32 82.00
exp2 bigram (embed) | 90.13 88.11 81.05 | 89.45 84.81 80.50 | 92.81 91.53 87.13 | 93.24 91.68 85.43
expl 5744 6429 53.67 | 60.83 6227 49.64 | 60.38 68.99 59.54 | 71.29 75.02 57.72
expl (embed) 57.15 61.70 5198 | 6436 64.47 60.05 | 59.34 66.27 52.89 | 68.68 69.09 60.66
exp2 80.41 81.47 66.56 | 82.92 80.19 72.09 | 88.94 89.96 86.41 | 87.83 8749 76.88
exp2 (embed) 84.00 83.47 66.00 | 8531 81.60 73.21 | 89.45 89.80 8590 | 90.06 90.12 79.11

Table 15 Results for link-level evaluation (AUC, AP, Acc) in four domains (Agriculture, Computer Science,
Dentistry and Physics). Results presented above are based on random split, results presented below are based on
temporal split.
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Agriculture

Method Type P R F1 AUC AP
expl overall | 59.52 66.78 62.94 58.50 68.83
Type 1 | 5474 60.29 5738 58.64 68.14
Type2 | 62.00 70.24 6586 57.49 68.99
exp2 overall | 83.38 67.34 7450 84.87 86.99
Type 1 | 83.46 88.42 8587 91.50 92.08
Type2 | 8331 56.09 67.04 82.33 85.25
expl (Embed) | overall | 76.16 52.18 61.93 69.51 74.76
Type 1l | 7549 5547 6395 69.24 73.35
Type2 | 76.56 50.43 60.81 69.24 75.61
exp2 (Embed) | overall | 88.72 63.37 7393 85.73 8842
Type 1 | 88.87 82.15 8538 91.00 91.51
Type2 | 88.60 53.34 66.60 83.36 87.26

Computer
Method Type P R Fl1 AUC AP
expl overall | 56.38 83.32 67.25 6797 73.24

Type 1 | 53.20 75.00 62.25 66.58 71.58
Type2 | 58.15 8832 70.13 6745 73.79
exp2 overall | 85.31 70.11 7697 85.69 86.15
Type 1 | 84.63 82.87 83.74 90.06 88.33
Type2 | 85.85 62.45 7230 83.75 85.34
expl (embed) | overall | 79.82 61.16 69.26 76.63 77.04
Typel | 7741 65.05 70.69 7529 73.36
Type2 | 81.50 58.83 6834 77.24 79.01
exp2 (embed) | overall | 88.13 69.68 77.83 87.72 87.80
Type 1 | 87.37 78.47 82.68 90.05 87.33
Type2 | 88.70 6439 74.62 86.27 88.28

Dentistry
Method Type P R F1 AUC AP
expl overall | 81.60 43.44 56.69 6293 7531

Type 1 | 81.64 5347 64.62 6631 76.79
Type2 | 81.57 37.73 51.60 62.72 75.49
exp2 overall | 86.65 6692 7552 89.11 91.03
Type 1 | 86.63 8798 87.30 91.50 92.30
Type2 | 86.68 5495 67.26 87.76 90.44
expl (embed) | overall | 76.87 55.74 64.63 70.43 78.30
Type 1 | 76.23 57.14 6532 71.03 79.42
Type2 | 77.26 5495 6422 69.71 78.02
exp2 (embed) | overall | 90.46 66.10 76.39 90.48 92.05
Type 1 | 90.69 79.92 84.96 93.05 93.36
Type2 | 90.27 58.25 70.81 89.11 91.47

Physics
Method Type P R F1 AUC AP
expl overall | 62.00 93.48 7456 7498 81.00

Type 1 | 60.83 90.27 72.68 73.46 80.69
Type2 | 62.87 9591 7595 7534 81.09
exp2 overall | 82.77 86.80 84.74 90.21 91.03
Type 1 | 81.64 9581 88.16 92.73 92.89
Type?2 | 83.82 80.00 81.87 89.14 90.02
expl (embed) | overall | 80.98 64.55 71.84 76.23 79.74
Type 1 | 82.62 68.47 74.88 78.00 82.12
Type2 | 79.66 61.58 69.46 7492 78.13
exp2 (embed) | overall | 87.75 85.37 86.54 91.81 93.06
Type 1 | 86.41 9397 90.03 93.86 9447
Type2 | 88.98 78.88 83.63 90.76 92.29

Table 16 Results by type for link-level evaluation (P, R, F1, AUC, AP) in four domains (Agriculture, Computer
Science, Dentistry and Physics). Results presented above are based on random split for all ngram evaluation.
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Table 17 Automatic term generation results for LLMs using Expansion Prompting in the Timeline test setting

with few-shot.

Agriculture

Unigram Bigram Trigram
Model P R F1 P R F1 P R F1
llama3.1:8b | 99.46 34.07 50.75 | 0.0 0.0 0.0 7.14 233 351
llama3.1:70b | 18.01 4199 2521 | 4.0 557 4.66 | 1505 3256 20.59
llama3.3 40.83 3278 3636 | 578 814 6.76 | 1458 1628 1538
Qwen2 6538 3.13 597 | 476 0.21 04 | 11.11 233 3.85
Gemma?2 99.7 6188 7636 | 250 021 042 | 141 233 1.76
Mistral 99.75 7238 8389 | 7.04 1.07 186 | 16.67 4.65 7.27

Computer

Unigram Bigram Trigram
Model P R F1 P R F1 P R F1
llama3.1 99.61 96.63 98.1 | 1436 856 10.73 | 20.0 26.83 2292
llama3.1:70b | 92.02 73.41 81.67 | 12.66 21.71 15.99 | 32.35 26.83 29.33
llama3.3 95.51 5581 7045 | 30.17 16.51 21.34 | 38.71 29.27 3333
Qwen2 100.0 85.77 9234 | 164 1254 1421 | 1538 14.63 15.0
Gemma2 99.62 98.88 99.25 | 46.15 3.67 6.8 |27.778 122 1695
Mistral 100.0 99.25 99.62 | 1691 1437 1554 | 80.0 976 174

Dentistry

Unigram Bigram Trigram
Model P R F1 P R Fl1 P R F1
llama3.1 100.0 58.13 7352 | 7.73 343 475 | 6.45 5.8 6.11
llama3.1:70b | 54.76 4.3 797 | 1277 1.14  2.09 | 60.0 8.7 15.2
llama3.3 97.67 7.85 1453 | 1429 0.57 1.1 | 4286 13.04 200
Qwen2 200 037 073 | 2143 057 1.11 | 16.67 29 4.94
Gemma?2 8947 318 6.14 | 1875 057 1.1 | 588 145 233
Mistral 57.14 673 12.04 | 1452 171 3.06 | 125 435 645

Physics

Unigram Bigram Trigram
Model P R F1 P R F1 P R F1
llama3.1 100.0 99.28 99.64 | 0.0 0.0 0.0 25.0 3.7 6.45
llama3.1:70b | 99.64 99.28 99.46 | 1492 1599 1544 | 1786 6.17 9.17
llama3.3 97.51 99.28 9839 | 1653 1321 14.68 | 15.62 1852 16.95
Qwen2 99.64 99.64 99.64 | 25.08 124 16.6 | 18.18 247 435
Gemma?2 99.63 97.1 9835 | 3257 16.15 2159 | 50.0 247 471
Mistral 99.64 99.64 99.64 | 30.53 13.05 18.28 | 541 247 3.39
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Agriculture Computer Dentistry Physics
Unigram
1lama3.3 P R F1 P R F1 P R F1 P R F1
Expan-n 7.37 24.01 11.28|92.92 68.88 79.11 2546 39.61 31.0 [9091 344 6.63
+Syst 7.56 23.83 11.48|96.12 69.23 80.49 | 36.75 40.14 38.37 | 100.0 3.78 7.28
+CoT 8.88 2694 13.36|87.39 7273 79.39 |31.23 30.73 30.98 | 92.89 67.35 78.08
+Syst+CoT | 12.08 28.84 17.03 | 91.28 69.58 78.97 | 19.17 3837 25.57 | 97.37 50.86 66.82
Bigram
1lama3.3 P R F1 P R F1 P R F1 P R F1
Expan-n 1.12 073 0.88 | 475 1228 6.85 | 0.0 0.0 0.0 | 1651 97 1222
+Syst 36 642 461 | 418 256 3.18 | 0.0 0.0 0.0 |24.06 11.67 15.72
+CoT 322 569 411 | 455 281 347 | 0.0 0.0 00 |3636 45 8.01
+Syst+CoT | 3.63 6.06 454 | 418 4.6 438 | 0.0 0.0 0.0 | 1429 956 11.46
Trigram
llama3.3 P R F1 P R F1 P R F1 P R F1
Expan-n 1212 741 9.2 | 500 328 6.16 | 5.0 1.18 191 |2857 129 17.77
+Syst 9.84 11.11 10.44|57.14 656 11.77 | 0.88 1.18 1.01 | 2553 129 17.14
+CoT 7.02 741 721 | 30.0 492 845 |16.67 235 412 |57.14 43 8.0
+Syst+CoT | 4.0 556 4.65 |19.44 1148 14.44|19.57 1059 13.74 | 20.41 10.75 14.08
Agriculture Computer Dentistry Physics
Unigram
Qwen2 P R F1 P R F1 P R F1 P R Fl1
Expan-n 10.67 138 244 | 28.0 245 451 |31.25 0.89 1.73 |81.82 6.19 11.51
+Syst 36.84 121 234 (3333 2.1 395 |8571 533 10.04|7826 6.19 1147
+CoT 2794 328 587 |100.0 100.0 100.0 | 0.0 0.0 0.0 |100.0 100.0 100.0
+Syst+CoT | 20.0 0.35 0.69 | 99.65 99.65 99.65| 0.0 0.0 0.0 |100.0 100.0 100.0
Bigram
Qwen2 P R F1 P R F1 P R F1 P R F1
Expan-n 10.53 037 0.71 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+Syst 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 | 625 0.14 027
+CoT 80 037 071 | 0.0 0.0 0.0 0.0 0.0 0.0 |2343 1421 17.69
+Syst+CoT | 17.65 0.55 1.07 | 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Trigram
Qwen2 P R Fl1 P R F1 P R F1 P R Fl1
Expan-n 0.0 0.0 0 1429 1.64 294 | 455 1.18 187 | 0.0 0.0 0.0
+Syst 0.0 0.0 0 833 1.64 274 | 6.67 1.18 2.01 0.0 0.0 0.0
+CoT 0.0 0.0 0 2143 492 8.0 0.0 0.0 0.0 0.0 0.0 0.0
+Syst+CoT | 0.0 0.0 0 1538 328 541 | 0.0 0.0 0.0 8.0 43 559

Table 18 Comparison of the performance of ATG for llama3.3 and Qwen2 using expansion prompting (Expan-n)
and varying the prompt content by adding a system prompt (+Syst) or Chain-of-Thoughts (+CoT) or both (+Syst
+CoT). The results are shown for trigrams (Random test).
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OpenQ-0  Prompt: Generate a list of trigram terms in the Computer Science domain ranging from 50 to 500 terms.
The list of terms should be separated by a comma, nothing else print only the terms. Answer:

OpenQ-0  System prompt: You are an expert in term generation. Your task is to generate a comprehensive list of terms

(+Syst) in a specific domain. The list of terms should be separated by a comma, nothing else print only the terms.
Prompt Generate a list of trigram terms in the Computer Science domain ranging from 50 to 500 terms. The
list of terms should be separated by a comma, nothing else print only the terms. Answer:

OpenQ-0  Prompt: Generate a list of trigram terms in the Computer Science domain ranging from 50 to 500 terms. The
(+CoT) list of terms should be separated by a comma, nothing else print only the terms. Answer: Let’s think step by
step.

OpenQ-0  System prompt: You are an expert in term generation. Your task is to generate a comprehensive list of terms

(+Syst+CoT) in a specific domain. The list of terms should be separated by a comma, nothing else print only the terms.
Prompt: Generate a list of trigram terms in the Computer Science domain ranging from 50 to 500 terms. The
list of terms should be separated by a comma, nothing else print only the terms. Answer: Let’s think step by
step.

OpenQ-n  Prompt: Based on a list of term examples of the Computer Science domain, generate a list of trigram
terms ranging from 50 to 500 terms that are similar to the list of examples. The list of terms should be
separated by a comma, nothing else print only the terms. List of term examples: standard data format,
shared memory type, higher order logic, random access machine, remote procedure call, data link layer,
liquid crystal device, random number generation, virtual memory management, statistical pattern recognition,
parallel processing algorithm, remote sensing image, parallel computation model, round robin scheduling,
pseudo random number, massively parallel computer, adaptive digital filter, electronic bulletin board, network
management function, pyramid data structure. Answer:

Expan-1 Prompt:Given a list of words, generate the corresponding list of terms that belong to the Computer Science
domain. The list of terms should be separated by a comma, nothing else print only the terms. Here are
some examples of a List of words and their corresponding Terms. List: machine, access, computation,
pyramid, model, random, type, pseudo, data, memory, management, structure, function, shared, parallel,
number, network. Answer: network management function, parallel computation model, pseudo random
number, pyramid data structure, random access machine, shared memory type. Generate the terms of the
Computer Science domain of the following list. List: auditor, filter, descent, line, wide, transfer, speech,
computer, connected, extraction, distributed, search, design, diagnosis, architecture, interface, stereo, server,
supply, estimation, data, power, language, genome, set, development, access, maximum, markov, polynomial,
feature, bulletin, servo, binocular, histogram, structure, mode, band, image, gray, mail, natural, user, least,
resource, management, flow, area, system, hidden, description, support, standard, asynchronous, recognition,
vision, component, information, level, small, project, hardware, herbrand, distribution, right, steepest, normal,
graph, document, likelihood, service, human, continuous, process, parallel, software, board, intellectual,
model, business, property, pass, uninterruptible, relational, time, mechanism, visual, positioning, instruction,
analysis, method, network, electronic, processing, control, algorithm, client, graphical, query, global, strongly.
Answer:

Table 19 Examples for open question and expansion based prompting. Prompt indicates the main prompt while
System Prompt indicates the system instruction provided before the main prompt. We illustrate both settings
in OpenQ-0 and OpenQ-0 (+Syst). For chain of thoughts, the sentence "Lets think step by step." is added at the
end of the prompt. This is shown in OpenQ-0(+CoT). Combining system prompt and chain of thought is given
in OpenQ-0 (+Syst+CoT). OpenQ-n is n-shot example learning. Finally, for expansion prompting, we report
Expan-1 which refers to expansion with 1-shot example represented by List. For n-shot, we provide n lists and
their corresponding Answers before asking the LLM on the test list. We do not report OpenQ-n and Expan-1 with
system prompt (+Syst) and chain of thougts (+CoT) but the format is similar to the illustrations in OpenQ-0 with
+Syst and +CoT.
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