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Abstract
Scientific concepts are often defined inconsistently across papers,
making it difficult to compare findings, reuse terminology, and
build reliable downstream resources. We present SciDef, a resource
suite for scientific definition extraction. The suite contains DefEx-
tra, a benchmark of 268 human-validated author-stated definitions
from 75 academic papers; DefSim, 60 human-labeled definition-pair
similarity judgments; and an open LLM-based pipeline for PDF pre-
processing, chunking, definition extraction, prompt optimization,
and evaluation. We validate the resources by benchmarking 16 lan-
guage models across prompting strategies and chunking schemes.
The strongest set-level configuration achieves a score of 0.397, while
the highest-coverage configuration matches at least one prediction
to 86.4% of gold definitions but over-generates candidate defini-
tions. We further show that an NLI-based matching metric agrees
strongly with human DefSim judgments. These results position
SciDef as a reusable benchmark and tooling layer for definition-
centric literature analysis, while highlighting relevance-aware filter-
ing as the key bottleneck for fully automatic definition extraction.
Code & datasets are available at https://github.com/Media-Bias-
Group/SciDef.

CCS Concepts
• Information systems→Datamining; Information extraction;
• Computing methodologies → Natural language processing;
Language resources.

Keywords
definition extraction, large language models, scientific literature
mining, evaluation metrics, natural language inference, semantic
similarity

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
CIKM ’26, Rome, Italy
© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.

ACM Reference Format:
Filip Kučera, ChristophMandl, Isao Echizen, Radu Timofte, and Timo Spinde.
2026. SciDef: Datasets and Tools for Automated Definition Extraction from
Scientific Literature with LLMs. In Proceedings of The 35th ACM International
Conference on Information and Knowledge Management (CIKM ’26). ACM,
New York, NY, USA, 6 pages.

1 Introduction
Definitions are foundational to scientific work because they de-
termine how concepts are introduced, interpreted, compared, and
reused across studies [13, 22, 33]. Without shared conceptual struc-
tures, research can become fragmented and difficult to reproduce
[8]. However, as publication volumes grow, manually finding and
consolidating definitions for a given keyword becomes increasingly
infeasible [10]. Motivated by this growing problem, we propose
developing reusable resources for extracting, comparing, and eval-
uating scientific definitions from academic literature.

For definition extraction, large language models (LLMs) are
promising tools, as they can recognize definitional statements be-
yond surface-level keyword patterns [35]. Yet, reproducible research
on the extraction of scientific definitions using LLMs remains lim-
ited. Existingwork lacks a public benchmark of definitions extracted
from academic papers, a dedicated dataset for evaluating definition
similarity, and reusable infrastructure for comparing extraction
pipelines and prompting strategies [2, 13, 22, 37, 40, 47].

Therefore, we release a resource suite for extracting and evalu-
ating scientific definitions. DefExtra is a benchmark of 268 human-
extracted definitions from 75 curated academic papers, including
context spans, metadata, and explicit/implicit definition labels. Def-
Sim contains 60 definition pairs with human semantic-similarity
labels for validating definition-matching metrics. SciDef is a repro-
ducible LLM pipeline that supports extractor and metric compari-
son, as well as definition collection for literature reviews, taxonomy
construction, ontology engineering, and domain mapping.

We evaluate the resource suite using media bias as a challenging
case study, since the domain is widely studied but inconsistently
defined across disciplines [36]. Using SciDef, we benchmark 16
language models under multiple prompting strategies, including
one-step, multi-step, few-shot, and DSPy-optimized prompting [16].
We also compare similarity metrics and show that an NLI-based

1
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method aligns most reliably with human judgments from DefSim.
Our extraction experiments show that LLMs can recover many sci-
entific definitions, with the highest-recall configuration extracting
86.4% of definitions from DefExtra. At the same time, models often
over-generate candidate definitions, highlighting relevance-aware
filtering as a key open challenge.

The key contributions of this resource paper are:
• DefExtra, a benchmark of 268 human-extracted definitions

from 75 academic papers, including source metadata, defi-
nition type labels, out-of-domain indicators, and copyright-
protecting metadata for context reconstruction.

• DefSim, a task-specific validation resource of 60 definition-
pair similarity judgments for evaluating semantic matching
metrics on extracted scientific definitions.

• SciDef, an open, documented, and versioned LLM-based
pipeline for PDF preprocessing, chunking, definition extrac-
tion, prompt optimization, and evaluation.

• Resource validation experiments showing how the re-
leased datasets and pipeline support comparison across 16
LLMs, multiple prompting strategies, chunking schemes,
and semantic matching metrics.

2 Related Work
Definitions enable consistent communication and reuse of scientific
concepts [8], but terminological consensus is difficult in many fields
[15, 23]. The domain of media bias illustrates this problem: prior
work defines biases such as partisan reporting [27], linguistic bias
[38], or bias by word choice [12], which describe similar concepts
under different names, limiting comparability [36]. Systematic re-
views and content analyses can consolidate such definitions, but
they are labor-intensive and difficult to scale [18].

To find solutions to this problem, prior definition extraction work
includes structured systems such as DefIE [7], sequence-labeling
models [44], term-extraction and prompt-engineering approaches
[2, 43, 47], and broader ontology-learning methods [25]. Existing
resources include WCL for Wikipedia-based definition and hyper-
nym extraction [28, 29], W00 for term/definition labels in ACL
workshop papers [14], DEFT for free and semi-structured text from
textbooks and SEC filings [34], and dictionaries such as Oxford
and Urban Dictionary [31, 42]. TaxoMatic uses LLM prompting for
taxonomy-oriented definition extraction [37].

Finally, to compare contents such as definitions, existing work
explored various semantic similarity metrics. Transformer embed-
dings and LLM representations improve over lexical matching
[1, 4, 11, 32], while NLI models capture entailment-style relations
useful for asymmetric or partial matches [3, 5, 46]. Benchmarks
such as STS3k [10], SICK [26], MSRP [9], and QQP [6] support
general metric selection, but do not evaluate scientific definition
pairs. DefSim provides such task-specific validation data.

3 Resource Construction and Evaluation
Our resources comprise two datasets, DefExtra and DefSim, and
the LLM-based SciDef pipeline. DefExtra benchmarks scientific-
definition extractors; DefSim validates definition-matching metrics;
and SciDef provides a reproducible workflow for PDF preprocessing,
chunking, LLM extraction, prompt optimization, and evaluation.

Source Size Input→ Label(s)

DefExtra: extraction benchmark
[37] 113 papers /

123 defs.
Paper ID→ author-stated and annotator-synthesized definitions

This work 75 papers /
268 defs.

Paper ID → term, context, definition, exp./imp. type, metadata,
OOD flag

DefSim: definition similarity benchmark
This work 60 pairs Definition pair + context → human label (1–5), NLI score/label

(1–5)

Table 1: Overview of the two released datasets. The source
column and color coding distinguish prior work from this
work; OOD = out-of-domain.

Availability, licensing, ethics, and provenance. Following FAIR [45],
DefExtra,DefSim, and SciDef are archived with persistent DOIs [19–
21] and released through Zenodo, Hugging Face, and GitHub; SciDef
is released under Apache-2.0, and DefExtra/DefSim under CC BY
4.0. To reduce copyright risk in DefExtra, we release paper identi-
fiers, metadata, and hydration scripts instead of source PDFs. The
datasets contain no private or sensitive information. Human anno-
tation was conducted by authors and academic collaborators; under
the authors’ institutional guidelines, this work did not require IRB
review. Provenance, schemas, hydration instructions, full appendix,
and run configurations are documented in the released repositories.

3.1 DefExtra: Definition Extraction Benchmark
DefExtra is a benchmark for extracting author-stated definitions
from academic papers. It focuses primarily on media bias, a domain
where definitions are diverse, contested, and spread across disci-
plinary boundaries [39]. As summarized in Table 1, DefExtra builds
on the TaxoMatic annotation effort [37], which provided a media-
bias-centered search space, Semantic Scholar retrieval, GROBID
preprocessing, and first-pass annotations. In TaxoMatic, terms from
an existing media-bias taxonomy [36] were expanded with GPT-
3.5-turbo, open-access PDFs were parsed with GROBID [24], and
six trained annotators1 screened highly cited papers for relevance
and extracted initial definitions from relevant full texts.

This work builds on these initial annotations and builds the
DefExtra benchmark by implementing stricter validation, reanno-
tation, and extension. Two authors of this work manually filtered
the candidate papers and definitions to retain only author-stated
definitions and exclude loose descriptions, annotator-synthesized
definitions, and definitions that could not be verified in the source
text. We validated definitions from retained papers and, where nec-
essary, reannotated them from the original paper text; we kept only
items on which both authors agreed. From the original 113 papers,
we kept only 60 by this procedure. To broaden the benchmark, we
further annotated 15 additional papers, including out-of-domain
papers from areas such as energy, ecology, and medicine. These
additions were annotated by 11 annotators selected under the same
criteria as in TaxoMatic [37], then checked by two authors and
retained only under unanimous agreement. After validation, exten-
sion, and duplicate removal, DefExtra contains 268 definitions from

1Chosen among past or present collaborators with academic media-bias domain
expertise.
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75 curated papers, published between 1987 and 2025. All extraction
and validation were conducted using Label Studio [41].

Each annotation contains the definition text, source metadata, a
context span, and a definition-type label. The context span includes
the surrounding sentences, supporting source localization and dis-
tinguishing grounded extractions from hallucinated candidates. We
labeled the definitions as explicit when they can be quoted directly
from the paper, and as implicit when a clear author-provided def-
inition is lightly reworded while preserving its meaning, e.g., by
removing irrelevant parenthetical notes. We marked out-of-domain
papers in the released data (i.e., not media-bias related).

3.2 DefSim: Definition Similarity Resource
DefSim supports evaluation of extracted definitions by providing
human judgment of definition-pair similarity. This is necessary
because LLM outputs may not match human annotations verbatim:
a prediction may paraphrase the ground truth, partially overlap
with it, or express a narrower concept. We construct DefSim from
60 definition pairs drawn from DefExtra “gold” annotations and
top-performing extractor predictions described in Section 3.3. The
set contains 30 gold-prediction, 15 gold-gold, and 15 prediction-
prediction pairs, covering exact, partial, and non-matching cases.

Each pair was labeled by three authors of this paper. Annotators
saw both definitions and their local contexts, and rated the concep-
tual similarity of the defined terms on a 1–5 scale, where low scores
indicate unrelated definitions, intermediate scores indicate partial
overlap or scope differences, and high scores indicate semantic
equivalence. We release the mean and majority human labels, along
with pair metadata and our selected NLI metric score (Section 3.3).

3.3 SciDef: Extraction and Evaluation Pipeline
We release SciDef, an extensible extraction and evaluation pipeline
for scientific definitions. Given a paper, it parses the document,
chunks the text, prompts an LLM to extract candidate definitions,
and optionally evaluates the resulting definition set against DefEx-
tra. The pipeline is modular: users can replace the model backend,
chunking strategy, prompt template, or evaluation metric.

We parse PDFs with GROBID [24] and evaluate four paper-
chunking strategies: section-level, paragraph-level, sentence-level,
and a three-sentence sliding window using regex-based splitting,
the latter matching the context-span format in DefExtra. For ex-
traction, we compare OneStep prompting, which directly extracts
definitions from a chunk, and MultiStep prompting, which first
determines whether a chunk contains a definition and extracts
only if it does. We also evaluate a few-shot variant, OneStep-FS
and MultiStep-FS, using training examples. All extractors output a
definition text and an explicit/implicit type label. In addition, we
implement DSPy-based versions of the one-step and multi-step
extractors and optimize prompts with BootstrapFewShot, Boot-
strapFewShotWithRandomSearch, andMIPROv2 [30]. During DSPy
optimization, models also predict the local context span as an auxil-
iary grounding signal (to mitigate the generation of definitions not
present in the context), but context is not used during inference.

We split DefExtra into 60%/20%/20% train/development/test sets
corresponding to 45/15/15 papers and 133/54/81 definitions, respec-
tively. The training split is used for few-shot samples and DSPy

optimization, the development for prompt selection, and the test
for final comparison across 16 LLMs and prompting strategies. We
evaluate both open- and proprietary-LLMs.2

SciDef also includes the evaluation protocol for comparing ex-
tractor outputs with DefExtra. Since exact matching fails for para-
phrased, partial, or broader definitions, we first compare candi-
date pairwise metrics on established semantic similarity and para-
phrase benchmarks: STS3k-{all,adv,non}, STS-B, SICK, MSRP, and
QQP [6, 9, 10, 26]. We compare embedding cosine similarity, bidi-
rectional NLI, and LLM-as-a-Judge scoring (full LLM-as-a-judge
model & prompt list available in our repository’s appendix), select
an NLI-based metric from these general benchmarks, and then use
DefSim as a task-specific validation resource to assess agreement
with human judgments on definition pairs. DefSim is therefore not
used to tune or select the metric but rather to validate it.

For each paper, we evaluate the predicted definition set 𝑃 against
the gold set 𝐺 . Given the selected pairwise metric 𝑀def (i.e., NLI-
based metric), we threshold weak matches at 𝜏 = 0.25 and combine
semantic similarity with explicit/implicit type agreement:

𝑆 (𝑔, 𝑝) =

0, 𝑀def (𝑔, 𝑝) < 𝜏,

𝑀def (𝑔, 𝑝) + 1[type(𝑔) = type(𝑝)]
2

, otherwise.
(1)

We then compute a bidirectional best-match score:

Score(𝐺, 𝑃) = 1
2
©­« 1
|𝐺 |

∑︁
𝑔∈𝐺

max
𝑝∈𝑃

𝑆 (𝑔, 𝑝) + 1
|𝑃 |

∑︁
𝑝∈𝑃

max
𝑔∈𝐺

𝑆 (𝑔, 𝑝)ª®¬ . (2)

The first term measures coverage of human annotations, while the
second penalizes over-generation. If 𝑃 is empty, the final score is
set to zero. We also report GT coverage, the percentage of gold
definitions with at least one prediction above 𝜏 .3

4 Resource Validation Results
We report validation results for all the resources. Detailed per-
model/strategy results are available in the repository appendix4.

Table 2 shows representative sample–label pairs from the two
released datasets. For DefExtra, the input contains context from a
paper, and the label is the extracted term, definition, and definition
type. For DefSim, the input is a definition pair, and the label is the
human similarity judgment and the similarity judged by our metric.

4.1 Metric Selection and DefSim Validation
Before running the extraction benchmark, we selected the pairwise
similarity metric using established semantic similarity datasets.
Across the seven benchmarks, NLI achieved the strongest perfor-
mance, with a mean F1 of 0.824, a median F1 of 0.843, and the
best score on six of seven benchmarks. Embeddings achieved a
mean F1 of 0.682 and a median F1 of 0.719, performing best only
on MSRP. LLM-as-a-Judge scoring achieved a mean F1 of 0.687 and
a median F1 of 0.713, but did not perform best on any benchmark.
We therefore use NLI as the pairwise metric for extraction scoring.

2The full model list, prompts, provider details, and configurations are available in the
released repository.
3Full implementation details are available in our repository.
4https://github.com/Media-Bias-Group/SciDef/blob/main/APPENDIX.md
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DefExtra: context→ extraction label

Sample context Label

“Media bias is defined by researchers as
slanted news coverage or internal bias,
reflected in news articles.”

media bias: “slanted news coverage or
internal bias, reflected in news articles”;
explicit

“Publication bias arises if certain types of
statistical results are more likely to be
published than other results.”

publication bias: “certain types of statistical
results are more likely to be published than
other results.”; explicit

“... people often use terms that are highly
offensive to certain groups but in a
qualitatively different manner.”

offensive language: “Terms that are highly
offensive to certain groups but are used in
a qualitatively different manner”; implicit

DefSim: definition pair→ similarity label

Definition pair Label

publication bias: “certain types of statistical results are more likely to be
published ...”
↔ publication bias: “arises if certain types of statistical results are more
likely to be published ...”

5/5

task planning: “a complex process that involves reasoning,
decision-making, and coordination to ...”
↔ task planning: “the process of generating a sequence of actions to
achieve a goal”

3/5

ad hominem bias: “a journalist attacks another person instead of their
argument ...”
↔ climatic sampling bias: “bias that occurs when trials are performed
under unrepresentative seasonal climate conditions”

1/5

Table 2: Sample–label examples from the released datasets. Contexts are shortened for display. DefExtra labels contain the
extracted term, definition, and explicit/implicit type; DefSim labels are human definition-similarity judgments on a 1–5 scale.

Table 3: Extraction validation on DefExtra (test set). Mean
is averaged across configurations. GT, score, and prediction
counts are reported for the best observed configuration in
each strategy family.

Strategy Mean Best Configuration GT Score Pred. avg. Pred. med.

DSPy 0.216 Qwen3-30B-A3B-
Thinking-2507-FP8,
section

69.7% 0.397 12.20 5.00

MultiStep-FS 0.219 Magistral-Small-2509,
paragraph

66.7% 0.382 11.07 6.00

MultiStep 0.221 Magistral-Small-2509,
paragraph

57.6% 0.341 9.93 5.00

OneStep 0.158 gpt-5-nano, section 77.3% 0.274 27.53 18.00
OneStep-FS 0.147 deepseek-chat-v3-0324,

section
86.4% 0.258 39.13 22.00

After selecting NLI, we use DefSim to validate whether the
metric transfers to scientific definition similarity. For the released
definition-pair labels (𝑁 = 60), annotators show very high agree-
ment, with Krippendorff’s 𝛼 [17] of 𝛼 = 0.924, and the NLI metric
aligns closely with the mean human labels with Pearson correlation
of 𝜌 = 0.937. As a second validation (i.e., outside of DefSim), we
evaluate the full paper-level scoring function in Equation (2) on
a separate set of 58 full-paper extraction outputs, each scored by
human annotators and our automatic metric. Annotator agreement
remains substantial with 𝛼 = 0.740, and metric–human agreement
is high with 𝜌 = 0.918. Together, these results support DefSim
as a task-specific validation resource for definition matching and
support the NLI-based score used in the extraction benchmark.

4.2 Extraction Benchmark with SciDef
We use SciDef to validate DefExtra as an extraction benchmark and
to validate the NLI-based metric. Table 3 reports the average test
score by strategy, the best observed configuration in each strategy
family, its ground-truth coverage, final score, and average/median
number of predicted definitions per paper. The strongest configu-
ration is a DSPy-optimized extractor using a Qwen-family model,
reaching a test score of 0.397. The highest ground-truth coverage is
achieved by a one-step few-shot extractor, which recovers 86.4% of
gold definitions but obtains a lower score because it also extracts

many irrelevant candidates. The mismatch between coverage, score,
and prediction counts demonstrates the main empirical value of the
benchmark: it distinguishes between simply finding many plausible
definitions and finding the relevant definitions.

The results show that LLMs can extract definitions from sci-
entific papers, but extraction coverage alone is insufficient. High-
recall extractors often overgenerate irrelevant or non-definitional
statements, while the best-scoring extractors balance coverage with
specificity. Eight of the top 10 extractors are DSPy-based, suggesting
prompt optimization can improve this balance. All top-10 rankings
and score-vs.-count plots are available in the repository appendix.

5 Conclusion
We released two resources for scientific definition extraction: De-
fExtra, a benchmark of human-extracted definitions from academic
papers, and DefSim, a human-labeled definition-similarity resource.
To support reuse, we also released SciDef, a reproducible LLM-based
extraction and evaluation pipeline. Our validation experiments
show that LLMs can recover many scientific definitions. They also
show that DSPy-optimized prompting improves extraction quality
and that an NLI-based metric provides a useful basis for semantic
matching between predicted and human definitions.

Beyond benchmarking, the resources support practical literature-
analysis workflows. Researchers can use DefExtra to compare new
extractors, DefSim to validate definition-matching metrics, and
SciDef to collect candidate definitions for downstream tasks such as
literature reviews, taxonomy construction, ontology development,
and domain mapping. The practical lesson is that current LLMs are
useful as high-recall definition discovery tools but should not be
treated as fully automatic definition selectors: models often retrieve
many plausible candidates, making relevance-aware filtering and,
in high-stakes settings, human validation a target for future work.
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GenAI Usage Disclosure
Generative AI systems were used in this work in four ways. First,
LLMs are the subject and components of the SciDef experiments: we
evaluate LLM-based extraction pipelines across models, prompting
strategies, and chunking schemes. Second, in the prior TaxoMatic
stage that DefExtra builds on, GPT-3.5-turbo was used for search-
space expansion as described in Section 3.1. Third, generative AI
tools were used for language editing and drafting assistance during
manuscript preparation. Fourth, generative AI tools were used for
documentation drafting. All AI-assisted text, code, documentation,
analyses, and claims were reviewed, corrected, and approved by
the authors. No LLM-generated definition was accepted as a De-
fExtra gold annotation without human validation. DefSim labels
were assigned by human annotators, and annotators were not in-
structed to defer to model or metric outputs. The released code and
documentation identify AI-assisted components where applicable.
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