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Abstract

Scientific domains encompass many concepts that require a con-
cise term definition to enable a common understanding among
researchers, in particular for interdisciplinary fields. In digital li-
braries, information access and sharing is often facilitated by termi-
nology databases. However, building up such resources is expensive
to produce manually and requires expert knowledge.
Automatically generating definitions for scientific terms has be-
come a hot research topic recently that can reduce the manual
burden. However, current methods heavily rely on large language
models (LLMs) that store factual knowledge in their parameters,
so that knowledge cannot be easily updated for emerging scien-
tific terms. Furthermore, a major shortcoming of these models is
that they are prone to hallucination and their output is difficult to
control. To bridge these gaps, we propose to address the task of
definition generation through guided abstractive summarization,
incorporating key information from external resources. At test time,
we augment the model with retrieved abstracts from Scopus and
use automatically extracted topics and keywords as guidance, both
essential for definition generation. To this aim, our approach takes
into account two relevant sub-tasks in the process, a) predicting the
topic class and b) generating hypernym candidates for the term.
Our proposed pipelined approach for automatic guided definition
generation achieves significant performance improvement over the
standard baselines as well as relevant prior works on this problem.
We use BLEU, ROUGE and BERTScore to automatically evaluate
the quality of the systems on our benchmark and carry out a human
evaluation to assess fluency, relevancy, coherence and factuality of
the output. Our experiments show that LLMs can provide fluent
and coherent definitions, and are often on par with human created
definitions. Yet, there is still room for improvement on identifying
relevant content and improving factual correctness.
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1 Introduction

Terminological resources are necessary to ensure the quality and
consistency of scientific terms. They are generally defined by ex-
perts and contain information intended to represent their meaning,
expressed in a such a way that they are interpretable and helpful
to expert and non-expert users.

In the energy field, one of the most representative terminological
resources is the EnArgus wiki, the central German information
system for energy research funding [23, 48]. It is a widely-used
resource which incorporates all the terminology with respect to
energy and sustainability based on a systematic literature of funded
research projects. It includes approximately 2,500 energy-related
concepts whose relationships are expressed in a comprehensive
ontology [57]. The terms are interlinked by cross-references and
each term is assigned a subject field. The high quality terminology
database is expensive to produce manually, taking teams of experts
several years to complete, reflecting the terminology at the time of
creation. Automatic methods that are able to generate high qual-
ity articles or assist editors to enhance article quality are needed,
preferably for different languages. This may facilitate faster produc-
tion, in particular for emerging research topics, without sacrificing
rigor.

Therefore, the task of generating term definitions automatically
has recently evolved as a new research area in NLP that considers
the task as a language modeling task with the goal to estimate the
joint probability of a sequence of words in a language [18].

While results are overall promising for common vocabulary
terms, it has been observed by various authors [18, 25] that defini-
tion modeling faces several challenges when dealing with technical
and non-English terms [46]. While large language models (LLMs)
memorize a vast amount of factual knowledge, exhibiting strong
performance across diverse tasks and domains, the performance di-
minishes when it comes to less-popular or low-frequency concepts
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in domain-specific applications [18]. Likewise, major challenges ex-
ist for retrieving up-to-date knowledge, and less common long-tail
information that is exempt from scholarly databases [38].

Inspired by the work of [4], we investigate two different approaches
as baselines: a) abstractive question answering by leveraging knowl-
edge encoded in LLMs by fine-tuning them for the task; and b)
prompting LLMs by providing a concise task description without
additional training. In particular, we compare BART [34] based on
the encoder-decoder architecture with decoder-only models from
the GPT family [9].

To overcome the problem of data scarcity, we also seek to inte-
grate background information related to EnArgus terms by means
of scholarly publications (e.g., Scopus abstracts), since adding re-
trieved evidence text passages has shown to improve performance
[15, 35]. We investigate two different approaches: a) an abstractive
summarization method, using topics and keywords as guidance, en-
suring that the key information from the source text is incorporated
(controlled summarization) [21, 67] and b) retrieval-augmented
prompts on GPT-4, where we ingest top abstracts from Scopus and
prepend them to the question (retrieval-augmented generation).
Our contributions are as follows:

e We explore various recent neural models for the task and
evaluate how well they capture scientific terminology and
are able to generate valid scientific definitions for terms from
the energy field.

e We explore the performance for this task in a multilingual
setting, comparing English to German models.

e We evaluate advanced neural models that are able to incor-
porate support information as well as guiding keywords and
topic information into the definition generation process.

o We evaluate how well our models match human definitions
of terminology. To this aim, we build up a human-annotated
corpus with expert annotations of generated text.

After presenting the related work (Section 2), we describe the
main task and related subtasks (Section 3) and analyze the EnAr-
gus dataset (Section 4). We detail our methodology (Section 5) and
give experimental details for all tasks. In our empirical study, we
experiment with baseline models (Section 6.1) and explore vari-
ous strategies to enhance/guide the generated output (Section 6.2),
followed by an evaluation (Section 7), and conclusion (Section 8).

2 Related work
2.1 Automated Definition Generation

The early works of automatically generating definitions date back
to Noraset et al. [2017], who introduce the task, focusing on dictio-
nary definitions of frequent English words. The authors experiment
with static word2vec embeddings and test various neural models,
where a gated recurrent neural network (RNN) model, combined
with a character-level convolutional neural network (CNN) per-
formed best. Since static embeddings are not able to account for
polysemous words or handle newly invented words, in subsequent
work, examples of contextual usage were added to the word repre-
sentations [44].

Balachandran et al. [2018] focus on definition generation for tech-
nical terms from the software domain, building on the work of [47].
The authors seek to accommodate for the genus-differtia structure
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of definitions by incorporating word co-occurrence information and
the ontological category of the target word. To this aim, domain-
specific word embeddings are trained from a huge background
corpus (QA forum).

More recent approaches are typically based on pre-trained large
language models and contextualized representations that are able
to encode the meaning of individual words more accurately, as
demonstrated by recent probing studies [2, 41]. Huang et al. [24]
use the encoder-decoder architecture and fine-tune a T5 model [52]
on word-context pairs for common English words and Wikipedia
terms. Generated definitions can be further improved by regulat-
ing their degree of specificity via a re-ranking module. Likewise,
the complexity level of the definition can be adjusted to the user
at decoding time by re-ranking [4]. The authors frame the task
as an abstractive question gnswering task and evaluate various
transformer models for two scientific domains. Their best model is
the BART-large model, fine-tuned on pairings of the term and defi-
nition, and supplemented with definitions contained in scholarly
abstracts. For a review on the task, see [18].

However, these methods all rely on knowledge encoded within
LLMs during training, which is opaque and hidden in the models’
parameters, resulting in poor factual knowledge retrieval capabili-
ties [26, 66].

This study aims to utilize information from research abstracts to
guide LLMs towards more factually correct definitions. Specifically,
we propose large language models like BART and GPT-4 that are
able to summarize the content of multiple research abstracts with
respect to certain aspects in an abstractive manner. In this work, we
focus on comparing baseline models with more recent summariza-
tion methods that are tailored to align with specific objectives that
are relevant for definition generation, in particular keywords and
topic information, i.e. controllable text summarization and retrieval-
augmented generation. A comprehensive survey can be found in
[58] and [37].

To the best of our knowledge, controlled summarization on schol-
arly abstracts has not been exploited yet for the task of definition
modeling. Moreover, we compare German to English models in
solving the task.

2.2 Controllable text generation

We build on recent work for controllable text generation [21, 64]
and controllable text summarization [16, 42, 67]. LLMs encode a
significant amount of knowledge implicitly in their parameters
[9, 52], including factual [50] and relational knowledge [55]. How-
ever, deep neural networks are essentially black-box models that
lack interpretability, and therefore generation of text satisfying
certain control conditions can help produce more focused output
[64]. Actually, text generation in an unconstrained setting is an
ill-defined task where multiple generated summaries are equally
relevant [30].

In tasks like abstractive summarization, providing the model with
discrete guiding signals, such as keywords, has shown to improve
their performance in terms of relevancy and factuality [13, 21].
Moreover, query-based abstractive summarization techniques have
been defined that are able to generate a concise summary related
to a given query [31, 32, 59]. In this approach, the query generally
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refers to a certain question that might be spread across multiple
documents. Interestingly, query-based summarization can also be
combined with lexical constraints such as keywords [21].

Control mechanisms have been established in generic summariza-
tion models for both fine-tuned transformer models based on mod-
els like BART and the instruction-tuned GPT-family models. It has
been shown that prompt-based adaptation is often superior to con-
ventional fine-tuning in settings with scarce resources, without
requiring extensive parameter updates [33, 39].

2.3 RAG

Retrieval-augmented generation (RAG) is a popular framework that
combines seq2seq models with external knowledge bases by using
vector indices of Wikipedia [35]. It consists of a Dense Passage
Retrieval [27] and BART [34], but can also be used with other
LLMs and extract knowledge from any other external knowledge
base. Using both parametric and non-parametric memory generally
leads to reduced hallucinations and higher interpretability in tasks
like question answering and summarization [20, 62]. Even though
the system might retrieve relevant passages, pre-training of the
language model is still required, which might be expensive [38].
RAG has also been explored in the context of scholarly digital
libraries for generating automatic literature reviews [8]. Our work
is related to in-context Retrieval-Augmented Language Modeling
(RALM), grounding the model during generation by conditioning on
relevant documents retrieved from an external knowledge source.
In this setting, prepending the selected documents to the language
model’s input text does not involve altering the model’s weights
[53].

3 Task Description

Definition modeling, initially proposed by Noraset et al. [47], is a
specific application of language modeling where the model esti-
mates the likelihood of textual definitions for terms. This involves
predicting the probability of a sequence of words that form a coher-
ent and accurate definition that captures its essential meaning. In
this study, we focus on the generation of terminology definitions
within the scientific domain [4, 14, 24] that includes the following
subtasks:

o Topic Classification: assign a topic class to a term
e Hypernym Prediction: assign the lowest top-level concept, i.e.
the most specific concept in the sub-class hierarchy

3.1 Defining Terms

Even though a definition is often in free-text format, it exhibits a
conceptual structure composed of the features selected as relevant
for defining the term.

Its underlying logical form is generally that of the classical Aris-
totelian definition of a species via genus and differentia (as in: a
transistor (species) is a semiconductor device (genus) used to am-
plify or switch electrical signals and power (differentia). Thus, a
definition can be decomposed into two parts containing the corre-
sponding textual information units, i.e. genus and differentia.
Generally, a basic building block for specifying the genus is by
means of an ontology or taxonomy, where the classes are organized
with subsumption or meronomy relations. The part of the definition
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Table 1: Statistics on our dataset, terms and definitions

Dataset  Language Terms Avg. Length [min, max]
EnArgus de 2,484 31.50 [22, 36]
EnArgus en 2.484 29.5 [20, 35]

that plays the genus role is thus often by way of the is-a relation or
the part-of relation [17, 51].

4 Dataset

In this section, we describe the creation of the EnArgus dataset and
briefly present some statistics to provide a quantitative overview.

4.1 Data collection

Our dataset consists of individual definitional articles covering a
broad range of energy research topics. These articles are sourced
from a widely-used open-source platform: the EnArgus Wiki!, part
of an information system for energy research funding, containing
2,484 entries. Additional corpus statistics are displayed in Table 1.
The wiki contains energy-related 173 concepts whose relationships
are expressed in a comprehensive ontology [57]. The terms are
interlinked by cross-references and each term is assigned one of 7
topic classes (i.e. Energy supply, Energy transport, Energy storage,
Energy utilization, Energy and material flows, Markets and players,
Basic concepts and fundamentals).

The terms (single words, compounds, or phrases) vary from
highly specialized (e.g., layered charge storage) to common words
(e.g., clothes dryer). We evaluate our models for the task on the
respective benchmark, i.e. German or English, split into train, eval
and and test set (90/5/5%). For the human evaluation, we randomly
sampled 100 term-definition pairs.

4.2 Data pre-processing

We clean the corpus, removing non-definitional text that does not
belong to the core definition, such as etymology and example usage.
We use the first 1-3 sentences from each definition which generally
contains the core definition and follows the genus-differentia struc-
ture of definitions (see section 3.1).

EnArgus articles were originally written in German and have been
translated into English using DeepL Translate?, followed by a post-
editing step to ensure high quality.

5 Methodology

We briefly discuss the sub-tasks in our pipeline in the subsequent
sections. We next present a variety of models that we use to bench-
mark the feasibility and difficulty of the task of definition generation
of scientific terms.

Uhttps://www.enargus.de/wiki/
Zhttps://www.deepl.com/de/translator
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5.1 The various prediction sub-tasks

Here we describe the prediction sub-tasks of text generation, i.e.
topic classification and hypernym prediction, and detail our ex-
perimental setup. Both sub-tasks have considerable potential to
improve the quality of the generated text.

Topic Classification. Topic classification in NLP involves assign-

ing a text into predefined categories. Recent works on text classifi-
cation leverage large pre-trained language models for predicting
the label [29]. Also BERT models [12] have been successfully ap-
plied to the task, due to powerful word representations through
the transformer encoder model architecture [37].
Topic classification is crucial for disambiguating terms like jacket
which can refer to an item of clothing or, in the energy domain, a
possible form of foundation for offshore wind turbines. In our case, it
is a single label classification task. We use BERT fine-tuned on our
training data. Furthermore, we compare German BERT to English
SciBERT [7], trained on a corpus of 1.14M scientific publications,
comparing them to GPT-4 with a prompt utilizing few-shot learn-
ing, which includes the classification instruction, a list of topics
and examples of each topic class featuring the subject domain in
EnArgus®.

Hypernym Prediction. The task of hypernymy detection is to clas-
sify whether a given pair of terms is in a hypernymy relation [3].
Knowledge of the hypernymy relation is critical for the definition
generation task, due to the conceptual structure of definitions com-
posed of the genus and differentia (see section 3.1). For assigning a
hypernym to a term, the term’s embeddings have been exploited,
using either static embeddings [5, 47], or contextual embeddings
[1, 63]. Since semantically related words are expected to be close in
vector space, the nearest neighbors can be computed by semantic
similarity measures, such as cosine similarity, as is done in many
word similarity tasks (e.g. SimLex-999), the notion of similarity
is left under-specified, i.e. it can refer to different types of rela-
tions. We evaluate the capability of various embeddings from the
Massive Text Embedding Benchmark (MTEB) [45] and select the
leading Semantic Textual Similarity (STS) embeddings*. We build
negative pairs from random concept pairs in the EnArgus ontology
and evaluate on a benchmark that consists of approx. 1,000 term
pairs balanced between positive and negative hypernym pairs. For
comparison, we also generate similarity scores with GPT-4°.

Retrieval. Retrieval is based on Hearst patterns [22] applied
to EnArgus terms, which are indexed in Scopus. We use lexico-
syntactic patterns (e.g., NPy is a NPy) that have shown strong
performance for acquiring hypernyms in an unsupervised way
with a high precision [41, 54]. We retrieve the whole abstract and
leave further compression methods that aim to extract answer spans

3Prompt: Classify the following text into one of the following categories: A: Energy
supply, B: Energy transport, C: Energy storage, D: Energy utilization, E: Energy and
material flows, F: Concepts, markets and players, G: Basic concepts and fundamentals.
As context, here are some examples: [..]
“https://huggingface.co/spaces/mteb/leaderboard

SWe ask the model to generate a similarity score for word pairs consisting of the
term and a hypernym candidate. Prompt: Please assign a semantic similarity score
between 0 and 1 for a pair of terms, reflecting their degree of semantic similarity.
Here are some examples. Examples: <Carbon dioxide,species of weak acidic gas>:
0.9, <Carbon dioxide,greenhouse gas>: 0.9,<Carbon dioxide,renewable energy> 0.2,
<Carbon dioxide,waste product>:0.8
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in the returned abstracts for future work.

Since our goal is to find a sufficiently small subset of documents that
correspond to the given topic category, we also apply the SciBERT-
based topic classifier and select the top-5 abstracts from Scopus
according to the citation counts, favoring the most-cited articles.

6 Definition generation: main task

We use transformer-based models for text generation. While the
baseline models draw upon their inherent parametric knowledge,
the more advanced models have access to external (non-parametric)
knowledge that is integrated into the prompt. Guidance is achieved
by automatically extracted keywords, i.e. single words or phrases,
used to represent a hypernym and/or the topic class.

6.1 Baseline Models

Definition Generation. We use the open-source BART autore-
gressive decoder model [34] for comparison with the closed-source
instruction-tuned GPT-4 (OpenAl, 2023) model. The BART trans-
former model has been pre-trained with a masked language mod-
eling (MLM) objective and is fine-tuned for text generation on
<term-definition> pairs. We chose different foundational models:

e German BART® and English BART’ models
e GPT-4%, a chatbot comprising approximately 1.8 trillion pa-
rameters and a max context length of 128K tokens”’.

Prompts. We apply different prompting strategies to produce
definitions. We represent the input as X for the term, Y the defini-
tion, topic category T, and hypernym H. We consider hypernym
candidates that are listed in the EnArgus ontology.

e X—Y: ask the model to generate an expert-style definition.

Answer the question "What is term X?’. We refer to this ap-
proach as GPT4.
Prompt: You will be given words or phrases, please provide expert-
style concise and accurate definitions in German/English for each
word or phrase. Assume that the words/phrases are related to "en-
ergy" and "sustainability”. Term X.

o X,;HT—Y: ask the model to generate a definition, given a
topic category and a hypernym. We refer to this approach
as GPT4+H+T.

Prompt: You will be given words or phrases, please provide expert-
style concise and accurate definitions in German/English for each
word or phrase. Assume that the words/phrases are related to "en-
ergy" and "sustainability" and correspond to the topic category T.
Please use a hypernym from the following candidates [..]. Term X.

6.2 Controlled Summarization with Support

Alternatively, we frame definition generation as a controlled multi-
document summarization tasks. We experiment with models that
tackle the definition generation task with a two-step approach:
1) retrieve relevant Scopus abstracts; 2) summarize the retrieved
content and focus on question answering, thereby incorporating
information from the topic classification and hypernym prediction
®https://huggingface.co/Shahm/bart-german, i.e. a fine-tuned version of facebook/bart-
base on mlsum-de dataset

"https://huggingface.co/facebook/bart-large

8gpt-4-1106-preview; available via the API from https://platform.openai.com
“https://explodingtopics.com/blog/gpt-parameters


https://huggingface.co/Shahm/bart-german
https://huggingface.co/facebook/bart-large
gpt-4-1106-preview
https://explodingtopics.com/blog/gpt-parameters

Enhancing Digital Libraries with Automated Definition Generation

subtasks.

Our goal is to test if advanced systems are able to control the con-
tent of the generated summaries along aforementioned dimensions
based on evidence from scientific corpora, resulting in more accu-
rate and coherent term definitions.

We focus on summarization from multiple (i.e. generally 1-4) ab-
stracts, which are concatenated. When automatically summarizing
the text, the model should retain the most relevant parts related
to the definition of the term from multiple text passages, thereby
avoiding repetitive text and ensuring fluency and consistency.

6.2.1 CTRLsum. CTRLsum is a framework for controllable summa-
rization that includes keyword-focused and query-focused summa-
rization based on a fine-tuned BART model [21]. In keyword-based
summarization, the generated text should summarize the input,
focusing on a given list of keywords, while query-based summariza-
tion seeks to produce summaries that answer particular questions
of interest [59]. The approach enables to control multiple aspects
at inference time, i.e. it can be flexibly adapted for both keywords
and a query by descriptive prompts.

The following controlling options are used to generate summaries:

1 Conditioned summarization:
TERM => keywords
e.g.: "PERL cell => solar cell”

2 Prompt summarization:
"Q:What is the definition of TERM? A: => "

We also used the combination of natural language prompts with
and without control keywords - refered to as CTRLsum+Q and
CTRLsum+Q+H+T, respectivly. Moreover, we specified the min-
imum/maximum length of the generated output to 20/40 tokens.
We use the CTRLsum implementation!® and the pretrained BART
model!! [21] to yield a question-guided summary, illustrated in
Figure 1. The control function uses chiller as keyword and What is
the definition of TERM? as prompt to yield a question-guided sum-
mary. All keywords used in our experiments have been extracted
automatically.

/ Control Function

| keyword control] ‘question-guided 1

CTRLsum \

absorption chiller => Q:What is the definition of
[hypernym absorption chiller? A: =>

chiller,
sorption chiller, v

compressor, valve] automatic keywords

‘ Model ‘ Model
\ Testing  Training /

Figure 1: CTRLsum for Controlled Summarization

Ohttps://github.com/salesforce/ctrl-sum
https://huggingface.co/hyunwoongko/ctrlsum-cnndm
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6.2.2 GPTsum. Prompting large language models, using only a
task description, is an alternative to fine-tuned models trained on
large summarization datasets for keyword-based summarization
[9, 36]. Moreover, adapting the pretrained GPT model to a new
setup is possible without requiring parameter updates [33, 39], dra-
matically cutting down model storage costs. A recent study by
Goyal et al. [2022] shows that humans prefer summaries generated
by prompting GPT over those from fine-tuned models. These sum-
maries also exhibited a higher degree of factuality. The authors also
compare CTRLsum to GPT in a keyword/aspect-focused setting,
and find that guiding the model with additional discrete signals,
such as entities or keywords, is more successful than with CTRL-
sum which suffers from lower controllability. Another shortcoming
of the BART-based model is that it can perform abstractive summa-
rization but model input size is limited to 1024 tokens.

Prompts. We apply the following prompting strategies (SUP-
PORT is for support abstracts, see 6.1 for X,Y,H,T):

o X,SUPPORT—Y: ask the model to generate a definition,
given the support abstracts as context. We refer to this ap-
proach as GPTsum+Q.

Prompt: Please provide an expert-style concise and accurate defi-
nition for the term X related to "energy" and "sustainability”, using
the following abstracts [..].

o X,SUPPORT,H,T—Y: ask the model to generate a definition,

given the support abstracts as well as a list of topic and hy-
pernym candidates as context. We refer to this approach as
GPTsum+Q+H+T.
Prompt: Please provide an expert-style concise and accurate defini-
tion for the term X related to "energy" and "sustainability”, using the
following abstracts. A definition should follow the hypernym and
differentia structure (as in: a transistor (species) is a semiconductor
device (hypernym) used to amplify or switch electrical signals and
power (differentia).

7 Evaluation

In this section, we first describe the evaluation metrics that we chose
for automatic and human evaluation of the model generated defini-
tions to compare selected baselines with advanced approaches.

7.1 Evaluation metrics

We explore several methods to evaluate model-generated defini-
tions automatically: ROUGE [40] and BLEU [49]. For ROUGE, we
report ROUGE-1, ROUGE-2, and ROUGE-L. Considering the brevity
of the definitions, we present scores derived from the unigram
overlap (BLEU-1). Additionally, BERTScore [65] is employed as a
metric for semantic matching, utilizing vector-based contextual
similarities determined by the cosine similarity between sentence
embeddings of each generated definition with respect to a refer-
ence definition. The sentence embeddings were generated using
the bert-base-multilingual-cased model.

We conducted a human evaluation with regard to a) Fluency, i.e.
grammaticality and readability, b) Relevance, i.e. selection of im-
portant content from the source, ¢) Factuality, i.e. no invented
facts/components/terms (hallucinations) d) Coherence, i.e. the col-
lective quality of all sentences that should build a coherent body of
information about a topic [28, 60].
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Table 2: Support documents and generated definitions from various approaches

ID Abstracts from Scopus

1 Coke oven gas is a by-product of the coke plant, which contains mainly hydro-carbons. The coke oven gas is lanced into the kiln through a number
of pipes attached to the kiln. [..]

2 Coke oven gas is an alternative hydrogen-rich fuel for vehicles, the water vapor in it will result in corrosion and seal damage of the engine
combustion chamber. The paper describes the method and principle of COG dehydration, through the analysis of gas dehydration technology,
determines the program of coke oven gas dehydration, and implements it in the coke oven gas stations. [..]

3 Coke oven gas is a by-product of coke production for steelmaking and by volume typically consists of 55,60% hydrogen, 23,27% methane and
impurities. An estimated 650 million tonnes of coke oven gas are produced worldwide, with up to 50% re-utilised within steelmaking. [..]

4 Coke oven gas is an important byroduct of the steel industry as it is used as an energy substitute for natural gas. However, coke gas contains
impurities and must be treated before use. One of the steps of the treatment is the absorption process, wherein ammonia and hydrogen sulfide
are removed. Considering the increasing use of coke oven gas and, in parallel, the strengthening of compliance with emission restrictions, it is
extremely important to make the absorption process more efficient. This work consists of the development of a coke oven gas purification process
model to evaluate solutions that would allow greater removal of hydrogen sulfide. [..]

Approach Gold Definition and Automatically Generated Definitions

Gold: Coke oven gas (COG) is a byproduct of the coking process [3] used in steel production [3,4], where coal is heated in an oxygen-free
environment to extract metallurgical coke, used as a fuel [2] and as a reducing agent in steelmaking [3,4].

BART: The coke oven gas is a gas that is used in the production of electricity. It is also known as a coke-fired gas. It can also be used as a
fuel [2].

GPT4: Coke oven gas (COG) is a byproduct of the coking process used in steel production [3], where coal is heated in an oxygen-free
environment to extract metallurgical coke, used as a fuel [2] and as a reducing agent in steelmaking. This gas is comprised of a
mixture of various gases including hydrogen (H2), methane (CH4), carbon monoxide (CO), carbon dioxide (CO2), and nitrogen
(N2), along with a range of volatile hydrocarbons [1]. Coke oven gas is often used as a fuel in steel plants, but it requires cleaning
to remove impurities like tar, ammonia [4], and sulfur compounds before utilization to prevent pollution and ensure safety.

GPT4+H+T: Coke oven gas is a blast furnace gas (hypernym) produced as a by-product of coke production in steelmaking, primarily
composed of hydrogen and methane, and used as an alternative hydrogen-rich fuel and energy substitute for natural gas after
purification.

CTRLsum+Q: Coke oven gas is a by-product of the coke plant [1], containing mainly hydro-carbons [1].

CTRLsum+Q+H+T:| Coke oven gas is an important byroduct of the steel industry [1] as it is used as an energy substitute for natural gas [4].

GPTsum+Q: Coke oven gas is a by-product of the coke production process [3] used in steelmaking [3,4], primarily composed of hydrogen,
methane, and various impurities [3]. It serves as an alternative fuel [2] and requires treatment such as dehydration [2] and
purification [4] to remove contaminants like ammonia and hydrogen sulfide before use [4].

GPTsum+Q+H+T: | Coke oven gas (species) is a blast furnace gas (hypernym) produced as a by-product of coke production in steelmaking [3,4],
primarily composed of hydrogen and methane [3], and used as an alternative hydrogen-rich fuel [2] and energy substitute for
natural gas [4] after purification.

Top Hypernyms:  substance (0.24), thermal process (0.29), fuel cell-electrode-electrolyte unit (0.31), chemical compound (0.36), blast furnace gas

(0.47)
Topic class: Energy Supply

We randomly selected 100 definitions from EnArgus for which
definitions were generated with our proposed models.

Qualitative examination of the results is necessary due to the
limitations of automatic measures [30]. Even though BERTScore
has been shown to be more robust and correlate better with human
evaluation than the metrics BLEU and ROUGE, which are good at
evaluating fluency but punish length differences [11], automatic
evaluation metrics are not capable of capturing features such as
factuality, coherence and relevance of content on this task [10, 30].
Further, we employ six annotators for human evaluation (native
speakers, domain experts) who judge the models’ output on a Likert
scale (evaluation score on a scale of 1 (worst) to 5 (best)).

7.2 Baselines and comparing systems

Evaluation - Topic Classification. To measure classification per-
formance, we use standard performance metrics (e.g., accuracy, F1).
Table 3 presents a summary of the performance achieved by our
models, showing that the fine-tuned BERT models!? outperform
GPT-4 on the topic classification task (accuracy: 0.81 English, 0.79
German). As can be seen, GPT-4 only achieves an accuracy of 0.55
and 0.56 for the best prompting strategy in a few-shot setting for
this task in German and English, respectively.

Evaluation - Hypernym Prediction. In this work, we exploit how
well semantic relatedness is captured for EnArgus terms in state-
of-the-art embeddings, i.e. MiniLM-L12, MiniLM-L12-multilingual
MPNet-multilingual, and GPT-4 with a proper prompting strategy

2https://huggingface.co/dbmdz/bert-base- german-cased and
https://github.com/allenai/scibert
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Table 3: Classification Performance on EnArgus testset

Model  Language f1 p r accuracy
BERT de 0.78 0.80 0.78 0.79
GPT-4 de 0.56 0.59 0.56 0.56
SciBERT en 0.81 0.82 0.81 0.81
GPT-4 en 0.54 0.55 0.58 0.55

(see 6.1). The results have been measured against the manually built
EnArgus ontology as ground truth dataset that captures subclass
information for all EnArgus terms. Both Pearson rank coefficients
and Spearman rank coefficients are calculated, where semantic sim-
ilarity for term-hypernym pairs is expected to be high. Moreover,
we compute top-k (k=10, 25) semantic neighbors for EnArgus terms
and calculate mean average precision.

We report the best performing models in Table 4. We found that
rare domain-specific terms are not sufficiently represented in open-
source contextual embeddings, as has been observed before [41].
Even though all-MiniLM-L12-v2'3 and multilingual-e5-large-instruct'*
show a strong positive correlation for term-(non)hypernym pairs
for both English and German, they perform poor in terms of MAP.
However, EnArgus terms and hypernyms are surprisingly well cap-
tured in GPT-4 (MAP@10: 96.5 English, 94.5 German).

We noticed that our models often failed to predict the correct hy-
pernym for multi-word terms (e.g. bio-waste), while the lexical head
already reveals the correct subclass (e.g. waste). It is well known
that subword tokenization, such as Byte Pair Encoding [56], used
by large language models such as GPT as a preprocessing step, do
not always lead to a valid morphological decomposition [6].

Table 4: Classification Performance on EnArgus testset.

Model Lang Spear Pears MAP@10 MAP@25
m-e5-large de 0.93 0.99 14.7 16.8
all-MiniLM de 0.93 0.72 11.6 22.1
GPT-4 de 0.89 0.39 94.5 96.5
m-e5-large en 0.96 0.98 19.2 51.5
all-MiniLM en 0.94 0.97 24.2 56.6
GPT-4 en 0.92 0.38 96.5 98.5

Table 5: Natural Language Text Generation.

Model Lang BLEU R-1 R-2 R-L BERT
BART de 0.05 0.13 0.15 0.04 0.66
GPT-4 de 0.14 0.26 0.08 0.21 0.74
BART en 021 035 0.16 0.30 0.77
GPT-4 en 0.08 0.17 0.05 0.13 0.71
GPT4+H+T en 0.17 034 0.11 0.27 0.74

Bhttps://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
https://huggingface.co/intfloat/multilingual-e5-large-instruct
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Table 6: Abstractive Summarization from Scopus Abstracts.

Model BLEU R-1 R-2 R-L BERT
CTRLsum+Q 0.12 0.25 0.07 0.21 0.72
CTRLsum+Q+H+T 0.30 0.30 0.10 0.24 0.73
GPTsum+Q 0.25 035 0.13 0.28 0.76
GPTsum+Q+H+T 0.08 0.47 0.22 0.38 0.81

Evaluation - Retrieval. In our experiments, we used Hearst pat-
terns rather than semantic search, since the occurrence of the query
term in the abstract is a necessary condition for relevance. The num-
ber of retrieved Scopus abstracts per keyword query is high (mean:
168,299), but shrinks drastically when applying the Hearst filter
(mean: 56.2). The number of non-relevant retrieved items (false
positives) (e.g. Ammonia is a well-known example is relatively low,
yet not all retrieved abstracts possess a concise definition (P@5:
0.87). For 18% of EnArgus terms we could not retrieve any valid
definition.

8 Results and analysis

We present the results of automatic evaluation of the model gener-
ated definitions, comparing the selected baselines with advanced
systems.

8.1 Quantitative analysis - Evaluation of
Definition Generation

Table 2 (and Table A.2 in the Appendix) show examples of generated
definitions from different models. We manually annotated factual
evidence from Scopus in the generated text using inline citations.
Evaluation scores for the generated output definitions for baseline
models are presented in Table 5.

We report BLEU, ROUGE-1, ROUGE-2, ROUGE-L, BertScore F1 on
our dataset, evaluated on the EnArgus dataset with GPT-4 and fine-
tuned BART.

As can be seen, the English BART model achieved the highest
BERTScores, followed by the German GPT-4 model. Regarding
multilinguality, we observe that the German BART model performs
worse than the English BART model. These results suggest that a
2-stage process, i.e. natural language generation (NLG) based on a
monolingual English model followed by translation of NLG results
into German (i.e., generate-translate approach), might be superior
to the monolingual German approach, despite the noise produced
by automatic machine translation.

Table 6 presents the results for the CTRLsum and the GPT4sum
models, evaluated on the EnArgus test set, guided with prompts
and/or keywords. Compared to GPT-4 in the vanilla summarization
setting, retrieval augmented GPT-4 models demonstrate improved
performances across all automatic evaluation metrics, ROUGE,
BLEU and BERTScores (e.g., 0.27 versus 0.38 on R-L). This indi-
cates the superiority in controlled settings with support abstracts
(GPTsum+Q) and keywords (GPTsum+Q+H+T).

Moreover, GPT4sum+Q+H+T outperforms CTRLsum+Q+H+T by
a large margin. In contrast to their counterparts that use only a
prompt for guidance, i.e. GPT4sum+Q and CTRLsum+Q, they show
better quantitative results. Comparing the output of CTRLsum+Q
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to CTRLsum+Q+H+T manually, we noticed that keyword guidance
could not further enhance the quality of the generated definitions.
In fact, our results indicate that CTRLsum+Q+H+T has only lim-
ited controllability for keywords. We observe that less than 10% of
generated definitions included the selected keywords, as opposed
to 94% of all generated definitions with GPTsum+Q+H+T.

8.2 Human Evaluation

To assess the quality of the models, six humans (domain-experts)
were instructed to evaluate the automatically generated definitions
from a random and blind sample, also comparing them to original
EnArgus definitions. Our test set consists of 100 term-definition
pairs, i.e. published in the respective dataset. All output texts were
evaluated in German and English. The annotators were shown only
the generated definition and not the original term definition. We
calculated Krippendorff’s alpha (Krippendorff, 2004) to compute
data reliability which is estimated for 6 coders. The results imply
small disagreements among raters (fluency = 0.16, reliablity = 0.15,
factuality= 0.22, coherence = 0.23). The results of the human evalu-
ation are reported in Table 7, given as mean average over the six
evaluation scores. Interestingly, the blind test revealed that evalua-
tors could not always distinguish expert-written definitions from
automatically generated definitions, indicating that overall quality
is quite high. Regarding multilinguality, evaluators confirmed the
superiority of the English models (in contrast to German), in par-
ticular with respect to the pre-trained German BART model that
generated only truncated non-sense output and obtained the lowest
possible ratings.

We observe a small improvement on factuality for all variants of
GPT4sum over the baseline models due to the model’s ability to
identify relevant pieces of information from the provided abstracts.
While GPTsum models were able to summarize multiple abstracts
into one coherent piece of text in an abstractive way, we noticed
that CTRLsum was much more extractive and often chose informa-
tion from the first provided abstract. However, we find that also
GPT4sum models sometimes were not to the point and selected
irrelevant details reported in abstracts, e.g. A pedelec is a type of
bicycle that is equipped with an electric motor to assist the rider’s
pedal force, providing power assistance based on the pedaling effort
to enhance mobility and reduce physical strain. Instead the output
produced by GPT4+H+T is much more concise, e.g. A pedelec is an
electric vehicle (hypernym) equipped with an electric motor that as-
sists the rider’s pedaling, providing additional power to make cycling
easier, especially on inclines (differentia). Thus, support documents
do not always result in higher factuality scores, partly, because the
definition provided in the evidence snippets is not precise enough,
and partly, because the model could not identify the definition part
of the abstract despite guidance.

9 Conclusion

Our work systematically studies the performance of various state-
of-the art LLMs for generating scientific definitions in English and
German. We propose a novel approach for the task, following the
retrieval-augmented generation paradigm for summarizing top-
ranked abstracts retrieved from Scopus. Furthermore, we enhance

Andrea Zielinski, Simon Hirzel, and Sonja Arnold-Keifer

Table 7: Human Evaluation with respect to Fluency (Flu),
Relevance/Completeness (Rel), Factuality (Fac), Coherence
(Coh).

Model Language Flu Com Fac Coh
BART de 1.0 1.0 1.0 1.0
GPT4 de 3.6 43 44 4.4
Human de 4,3 39 47 4.6
BART en 4.3 3.7 44 4.1
GPT4 en 3.3 35 44 3.9
CTRLsum+Q en 3.5 26 2.8 3.2
CTRLsum+Q+H+T en 3.2 27 36 3.9
GPTsum+Q en 4.5 3.6 45 4.2
GPTsum+Q+H+T en 45 3.6 4.6 4.2
Human en 43 39 47 4.5

summarization by means of guiding signals, leveraging a domain-
specific ontology for hypernym prediction and using ML classifiers
for topic classification. Overall, our approach outperforms super-
vised models like a fine-tuned BART model or the GPT-4 baseline
model on key facets such as fluency, relevancy, comprehensiveness
and factuality. However, augmenting GPT-4 with irrelevant infor-
mation in some cases led to overriding correct knowledge already
possessed knowledge.

Our work reveals new insights for dealing with the task in German.
In particular, the German BART model still cannot compete with its
English counterpart, and lacks native resources for augmenting and
guiding the model. In future work, we like to extend the definition
generation task to produce more comprehensive definitions, includ-
ing e.g. application fields, and develop and evaluate methods for
definition generation with citations. Thus, for individual facts there
should be a reference to the corresponding knowledge sources, so
that scientific claims can be more easily verified.

Limitations

With regard to the human evaluation, it should be noted that the hu-
man evaluators, though domain experts, are not necessarily equally
familiar with all terms in the broad range of definitions which may
result in heterogeneous evaluation quality across the different cri-
teria, especially with regard to factuality. It should also be noted
that only the introductory definition parts were used, i.e. the first
1-3 sentences of the more comprehensive EnArgus article). Further
investigations are needed to verify how the models perform for
long definitions instead of the core definitions only.

In particular for novel energy terms, we observe low frequency in
Scopus abstracts. In some cases, we were not able to extract abstracts
with definitional sentences. In theses cases, we eliminated the term
from the test set. While Scopus is regarded as a high-quality schol-
arly database which contains millions of articles covering various
disciplines, the reliability and accuracy of individual abstracts vary
significantly. Existing studies have shown that retrieved incorrect
information might harm the model’s generation process [43, 61].
While our study is limited to terms from the energy domain, it can
be applied to any other domain.
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A Research Methods
A.1 Hyperparameters

In case of GPT4-turbo, we use a zero-shot setting for generating
the definition of the term, if not stated otherwise.

We fine-tuned the BART-large (provided by Facebook AI on Hug-
gingFace) on our evaluation dataset using Adam as an optimiser
with a constant learning rate of 0.0003 and a batch size of 16.
Fine-tuning was terminated when the value of cross-entropy loss
measured on a validation set stopped decreasing for 3 continuous
epochs. For testing, min length was set to 20 and max length to 40
tokens.

A.2 Evaluation Example ’coke oven gas’

Scopus Abstracts for "coke oven gas". EID - ABSTRACT
2-52.0-84883420227 - "Kiln of a lime plant, a part of an integrated
steel plant, converts limestone (CaCO3) into lime (CaO) by heating
at a temperature of around 900C using coke oven gas as a fuel. Coke
oven gas is a by-product of the coke plant, which contains mainly
hydro-carbons. The coke oven gas is lanced into the kiln through a
number of pipes attached to the kiln. The lance pipes are cracking
prematurely within 6months of their service against an expected
service life of 3years. The analysis of cracking of the lance pipe
has been presented. The investigation includes visual observation,
chemical analysis, characterization of microstructures using optical
and scanning electron microscopes, EDS analysis, and measure-
ment of hardness. The lances are found to be made of AISI 302
grade of austenitic stainless steel. Visual observation shows longi-
tudinal cracks on the pipe wall associated with irregular yellowish
surface having multiple pits. Analysis of the deposit on the pipe
wall shows the presence of sulphur. Microstructural examination
shows intergranular corrosion with thick porous layer of scale on
the surface. Microstructural and EDS analysis indicate sulphidation
and chromium carbide networks along the grain boundary as well
as sigma phases within the grains. Sulphidation, sensitization due
to grain boundary carbides and sigma phases led to intergranular
corrosion causing cracking of the pipe wall.
2-52.0-84886279061 - "Coke oven gas is an alternative hydrogen-
rich fuel for vehicles, the water vapor in it will result in corrosion
and seal damage of the engine combustion chamber. The paper de-
scribes the method and principle of COG dehydration, through the
analysis of gas dehydration technology, determines the program
of coke oven gas dehydration, and implements it in the coke oven
gas stations. The result shows the coke oven gas after dehydration
meets automotive requirements.”"
2-52.0-85091220151 - "Coke oven gas is a by-product of coke pro-
duction for steelmaking and by volume typically consists of 55,60%
hydrogen, 23,27% methane and impurities. An estimated 650 mil-
lion tonnes of coke oven gas are produced worldwide, with up
to 50% re-utilised within steelmaking. However, the rest is flared,
contributing to carbon emissions and wasting valuable and use-
ful gases. This study has investigated the co-electrolysis of simu-
lated coke oven gas with steam using commercially available solid
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oxide electrolysis technology for the purposes of recovering hy-
drogen. The electrochemical performance of an anode supported
button cell was characterised using open circuit potential mea-
surements, current-voltage curves and electrochemical impedance
spectroscopy. The product gas composition was analysed using
quadrupole mass spectrometry. Co-electrolysis of simulated coke
oven gas (30/70% methane/hydrogen) with 50% steam achieved a
hydrogen amplification of 119% and a purity of 91.7% by volume,
balanced mainly in carbon dioxide and carbon monoxide. Theo-
retically, this corresponds to a worldwide hydrogen production
from coke oven gas of 87.6 million tonnes, which is in excess of the
current global demand for hydrogen (70 million tonnes). Catalytic
steam reforming of methane and the water-gas shift reaction in-
creased the hydrogen content by 89% and a further 16% gain was
due to electrochemical steam reduction. Co-electrolysing at high
steam-to-carbon ratios was shown to increase hydrogen yield, im-
prove cell performance, maximise methane and carbon monoxide
conversion and inhibit carbon deposition."

2-52.0-85092938633 - "Coke oven gas is an important byroduct of
the steel industry as it is used as an energy substitute for natural
gas. However, coke gas contains impurities and must be treated

JCDL 24, December 16-20, 2024, Hong Kong, China

before use. One of the steps of the treatment is the absorption
process, wherein ammonia and hydrogen sulfide are removed. Con-
sidering the increasing use of coke oven gas and, in parallel, the
strengthening of compliance with emission restrictions, it is ex-
tremely important to make the absorption process more efficient.
This work consists of the development of a coke oven gas purifica-
tion process model to evaluate solutions that would allow greater
removal of hydrogen sulfide. The developed model was validated
with data from an industrial plant, with errors of less than 6% for the
most relevant variables. Among the three configurations tested, the
best configuration represented a 5% increase in removal efficiency.
This result is in line with scientific efforts in the search for envi-
ronmentally responsible solutions. In addition, the improvement in
the performance of this process allows for the use of coal with a
higher sulfur content (responsible for generating hydrogen sulfide)
at processes upstream of coke oven gas purification. Since coal
with a higher sulfur content is cheaper and abundant, unlike low
sulfur coal, an economic analysis was developed that allowed the
financial impact of this modification to be quantified. The proposed
modification resulted in a reduction of 15% of raw materials costs."
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