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Abstract

Research in Machine Learning (ML) and AI evolves rapidly.
Information Extraction (IE) from scientific publications en-
ables to identify information about research concepts and re-
sources on a large scale and therefore is a pathway to improve
understanding and reproducibility of ML-related research. To
training and testing of IE models focused on fine-grained in-
formation in ML-related research, e.g. method training and
data usage, we introduce GSAP-ERE. It is a manually curated
fine-grained dataset of mentions of 63K ML-related entities
and 35K relations distributed across 10 entity types and 18
semantically categorized relation types annoated in the full
text of 100 ML publications. We show that our dataset en-
ables fine-tuned models to automatically extract ML-related
information that facilitate knowledge graph (KG) construc-
tion from scholarly papers or monitoring of computational
reproducibility of AI research at scale. Additionally, we use
our dataset as a test suite to explore prompting strategies for
IE using Large Language Models (LLM). We observe that
the performance of state-of-the-art LLM prompting meth-
ods is largely outperformed by our best fine-tuned baseline
model (NER: 80.6%, RE: 54.0% for the fine-tuned model vs.
NER: 44.4%, RE: 10.1% for the LLM). This disparity of per-
formance between supervised models and unsupervised us-
age of LLMs suggests datasets like GSAP-ERE are needed
to advance research in the domain of scholarly information
extraction.

Code — https://data.gesis.org/gsap/gsap-ere#code
Dataset — https://doi.org/10.60914/c4c1d-s0587
Extended version — https://arxiv.org/abs/2511.0941

1 Introduction
Recent studies such as Raff (2019) have documented the de-
clining reproducibility of ML-related research. In addition,
determining what models and datasets are state-of-the-art for
specific tasks is a very effort-intensive and increasingly chal-
lenging process. These problems are elevated not only by
poor benchmarking practices (Ferrari Dacrema, Cremonesi,
and Jannach 2019) but also by the surging amount of ML-
related research, where understanding the authority, adop-
tion and quality of models and datasets and their interdepen-
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dencies becomes increasingly hard. Different to other disci-
plines, prior studies in computer science underline that re-
producibility problems are to a large extent caused by poor
reporting practices in scholarly publications, where only 4%
of the assessed ML-related publications could be reproduced
when the original authors did not respond to clarification re-
quests (Pineau et al. 2021).

Scholarly information extraction facilitates mining and
understanding of vast amounts of scholarly literature (Luan
et al. 2018, 2019; Jain et al. 2020; Pan et al. 2023; Zhang
et al. 2024) and usually involves Named Entity Recognition
(NER) and Relation Extraction (RE), enabling the identifi-
cation of entities and their relationships. The joined Entity
and Relation Extraction (ERE) enables tasks, such as aca-
demic question answering (Dasigi et al. 2021) and scholarly
knowledge graph construction (Viswanathan, Neubig, and
Liu 2021), and thus facilitates reproducibility and reusabil-
ity of research.

In particular among scholarly entities relevant to AI and
ML-related research, e.g., dataset, ML model and task,
various dependencies are of great interest to enhance re-
search reproducibility and reusability (Arvan, Pina, and
Parde 2022; Wonsil et al. 2023). Data-model dependencies
describe the datasets used for training and evaluating mod-
els; model-task dependencies indicate the downstream tasks
applied to the trained or fine-tuned models; inner-entity-type
dependencies capture comparability between scholarly re-
sources or research concepts; and entity-tracing dependen-
cies reflect the provenance or source of research artifacts.

However, many existing IE methods build upon datasets
with a coarse-grained entity label set (Luan et al. 2018;
Zhang et al. 2024) that are not able to distinguish fine-
grain artifact metadata. Second, despite the huge progress
in recent years, vanilla LLMs (Yang et al. 2025; Touvron
et al. 2023) still lag behind largely on fine-grained domain-
specific IE tasks compared to fine-tuned models (Zhang
et al. 2024). Hence, it is not suitable to directly apply
vanilla LLMs for a high-quality fine-grained scholarly IE.
Third, despite of initial efforts to create a fine-grained schol-
arly NER dataset like GSAP-NER (Otto et al. 2023) or an
RE dataset with wide relation coverage like SciER (Zhang
et al. 2024), a comprehensive fine-grained entity and relation
extraction dataset is still lacking.

We therefore introduce GSAP-ERE, a comprehensive
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ScienceIE SemEval18 Task 7 SciERC SciER GSAP-ERE

Annotation Unit ♣ ♠ ♠ ♥ ♥
# Publications 500 500 500 106 100
# Entity Types 3 - 6 3 10
# Relation Types 2 6 7 9 18
# Entities 9,946 7,505 8,094 24,518 62,619
# Relations 672 1,583 4,648 12,083 35,302
# Entities in Relations 1,824 (18%) 3,166 (42%) 6,272 (77%) 17,148 (70%) 46,680 (75%)
# entity Sentences 3,319 2,403 2,551 7,722 20,020
# null Sentences 654 153 136 2 6185
# Relations/Pub. 3.1 3.3 9.3 114.0 353.0
# Sentences/Pub. 8.1 5.1 5.4 72.9 262.0

Table 1: Comparison of GSAP-ERE and four datasets supporting NER and RE in scientific text. Note that our dataset is the
biggest dataset in terms of annotated entities and relations so far and includes checked null Sentences without entity mentions
as negative samples. Annotation units: ♣=Paragraph, ♠=Abstract, ♥=Full Text

dataset of fine-grained entity and relation types, based on
high-quality expert annotations at span level focused on ten
entity types important in ML research.
Our contributions include:

• A reusable data model that captures the complex rela-
tions among ML models, datasets and tasks. We intro-
duce a set of 18 relation labels, which are systematically
organized into seven distinct semantic relation groups.
We provide the data model visualization in the extended
version.

• We provide a dataset of more than 63K entity mentions
and 35K fine-grain relation annotations in 100 scien-
tific publications, encompassing connections among ML
models, methods, datasets, and tasks. Our annotations
further include additional links to references and URLs,
and cover all sentences in the full text of the selected pub-
lications, including those without relations or entities de-
fined by our data model (null cases).

• To demonstrate the utility of our dataset, we present fine-
tuned baseline models that showcase the applicability
of automatic entity and relation extraction using both
pipeline and joint modeling approaches. We also report
zero-shot and few-shot performance results for unsuper-
vised prompting approaches with large language mod-
els (LLMs).

The dataset, code for replicating the baseline models, and
the annotation guideline are provided on our project site
https://data.gesis.org/gsap/gsap-ere.

2 Related Work
Scholarly IE Datasets Multiple datasets (Augenstein
et al. 2017; Gábor et al. 2018; Luan et al. 2018; Schindler
et al. 2021; Zhang et al. 2024), have been proposed as
ground-truth datasets for scholarly information extraction
tasks, including Named Entity Recognition (NER) and Rela-
tion Extraction (RE). We compare our GSAP-ERE with four
well-established, manually annotated ground-truth datasets
for scholarly IE in Table 1.

ScienceIE at SemEval 2017 (Augenstein et al. 2017) and
SemEval 2018 Task 7 (Gábor et al. 2018) are two pio-
neering ground-truth datasets for scholarly IE that contain
both entity and relation annotations. ScienceIE includes 500
paragraphs from open access journals and contains three
entity types: Task, Method and Material and two relation
types: Hyponym-Of and Synonym-Of. SemEval 2018 Task
7 provides six types of relations on annotation of entity
span without typing based on abstracts from NLP publica-
tions. Another dataset SciERC (Luan et al. 2018) has been
proposed, extending ScienceIE and SemEval 2018, where
500 publication abstracts from 12 AI conference or work-
shop proceedings are annotated. SciERC contains six en-
tity types, including one type Generic supporting infor-
mal mentions of entities, and seven relation types. However,
all these datasets are only based on abstracts (Gábor et al.
2018; Luan et al. 2018) or selected paragraphs (Augenstein
et al. 2017) of publications, rather than full texts, which can
cover more diverse linguistic styles (Zhang et al. 2024) and
thus potentially render a wider range of entities and rela-
tions. Therefore, full-text-based ground-truth datasets are
introduced. DMDD (Pan et al. 2023) is a dataset automat-
ically annotated with distant supervision on the full text of
31 219 scientific articles. Yet DMDD does not contain re-
lation annotations, hence is not suitable for the relation ex-
traction task. SciREX (Jain et al. 2020) contains four en-
tity types but its relation annotations are limited to clus-
ters of mentions rather than individual entity mention pairs,
overlooking the contextual information of each entity men-
tion. SoMeSci (Schindler et al. 2021) contains the full text
of 100 articles from PubMed Central Open Access subset;
however it focuses on various software mentions rather than
ML-related entity types. SciER (Zhang et al. 2024), deriving
from the NER dataset SciDMT (Pan et al. 2024), provides
a corpus of 106 full-text annotated publications with three
entity types (Dataset, Task, Method) and ten relation types.
To our best knowledge, SciER has the most comprehensive
relation annotation scheme among the existing comparable
datasets. However, it only includes explicitly named men-
tions, excluding the unnamed or informal mentions of en-
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Semantic Group Purpose Example

Model Design
Captures internal structure and
dependencies of methods and ML
models.

BART follows a standard sequence-to-sequence Transformer
architecture.

architecture

Task Binding Links models and datasets to the
associated tasks. For NER , we consider CoNLL-2002 (Sang, 2002) and CoNLL-2003

(Tjong Kim Sang and De Meulder, 2003) datasets . . .

appliedTo

Data Usage Describes how datasets are used in
methods and models. To that end, we evaluate XLM-R on the GLUE benchmark.

evaluatedOn

Data Provenance Tracks the origin and
transformation of datasets. PubMed alone has a total of 29M articles as of January 2019.

sourcedFrom

Data Properties Encodes metadata of datasets (size
and instance type). GOOAQ contains 3 million questions with short, snippet, or collection

answers, such as the ones shown in Fig. 1.

size

Peer Relations
Covers semantic, logical and
structural relation among same
entity type.

Comparing to WIKISQL-WEAK , WIKITABLE-QUESTIONS
requires more complicated reasoning capabilities.

isComparedTo

Referencing Refers to external sources or
documentation (citation and URL). The latter is inspired by TAPAS ( Herzig et al., 2020 ) . . .

citation

Table 2: Brief definition of each semantic relation group and a corresponding example from our GSAP-ERE dataset. Note that
each example shows only one relation annotation that represents the corresponding semantic group. Other entity mentions and
relations in the gold data are not shown. The highlighted entity types ( MLModel , ModelArchitecture , Task , Dataset ,
DatasetGeneric , DataSource , ReferenceLink ) match the colors used in the examples.

tities, which accounts for a substantial amount of mentions
in research publications, and results in an incomplete set of
relation annotations. Additionally, the authors do only pro-
vide annotated sentences, resulting in only 73 sentences per
document in the training and test data.

Compared to these datasets, our dataset, derived from
GSAP-NER (Otto et al. 2023), is based on a manual annota-
tion of 100 full-text research publications in the fields of ML
and applied ML. It contains 10 fine-grained entity types and
18 relation types. The entity label set includes both named
and informal entity types, in contrast to SciER. To enable a
wide range of downstream use cases, the 18 relation types
cover 7 different semantic groups relating to the creation,
usage, property, application and referencing of scholarly en-
tities. Furthermore, the co-existence of flat, nested and over-
lapping entity mentions renders it an even more challenging
relation extraction task.

Entity and Relation Extraction Entity and relation ex-
traction, aiming at extracting relations from text, is com-
posed of two sub-tasks: NER and RE tasks. To achieve
the end-to-end relation extraction, there exists two ma-
jor paradigms: the pipeline-based approaches (Zhong and
Chen 2021; Ye et al. 2022) and the joined extraction ap-
proaches (Luan et al. 2019; Yan et al. 2023). PURE (Zhong
and Chen 2021) is an pipeline-based approach that uses two
pre-trained encoders for the NER and RE models to cap-
ture the contextual information for each span or span pair. It
also proposes an approximate batched relation model that

shares the position embedding between the entity marker
and the entity start and end tokens to accelerate the in-
ference. PL-Marker (Ye et al. 2022) is another pipeline-
based approach, extending PURE batched relation model
with packed levitated marker to model entity pair interac-
tion. HGERE (Yan et al. 2023) is a state-of-the-art joint
extraction approach back-boned by the PL-Marker frame-
work (Ye et al. 2022) and incorporates a hypergraph neu-
ral network to facilitate information flow among entities
and relations. We fine-tune and evaluate both state-of-the-art
pipeline and joint ERE models to compare their performance
on GSAP-ERE.

3 Preliminaries
We formalize the entity and relation extraction (ERE) task
at the text span level, enabling the tracing of extracted enti-
ties and relations back to the specific sentences from which
they originate. Formally, we define two sub-tasks, NER and
RE, as follows. We consider a collection of publications
D as input. Each publication is divided into paragraphs
P = {p1, p2, . . . , pn}, with each paragraph further seg-
mented into consecutive sentences S = {s1, s2, . . . , sm}.
For each tokenized sentence si = {w1, w2, . . . , wn}, we de-
fine two extraction steps to identify entities and relations as
follows.

NER We define the task of NER with a closed set of en-
tity labels LNER as the identification of contiguous word se-
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quences ei = {wl, . . . , wr} (i.e., spans) with a correspond-
ing entity label from LNER.

RE In the second step, we define a closed RE task us-
ing a label set LRE, which includes a NIL label to denote
the absence of a relation. For every possible pair of entities
Ep = {(ei, ej)|i ̸= j} we define the task of RE as the as-
signment of all pairs to one of the labels LRE.

ERE is the joined task of NER and RE from end-to-end
independent of the design of the used approaches.

Metrics A joint evaluation, consistent with the task defi-
nition of ERE, encompasses both entity and relation check-
ing. For NER task, exact match (NER ) and partial match
(NER≈) are two common evaluation settings. For RE, we
note that its difficulty is substantially higher than that of
NER. This is due to the fact that any relation pair includes
two entity mentions with a relation label, where both en-
tity mentions and relation label can lead to misalignment.
Therefore, to support the assessment of relation annotations,
we introduce four evaluation settings as below.

RE+ refers to both the correct labels for the entities and
the relation, and exact span matching for the entities;

RE asks only correct relation labels and exact entity spans,
with no restriction for the entity types;

RE+≈ requires exact match of all labels but allows par-
tially overlap of entity spans;

RE≈ only asks the exact relation label and overlapped en-
tity spans, with no further requirement.

We report micro F1 metrics, unless otherwise specified.

4 GSAP-ERE Dataset
In this section, we present the detailed curation process of
our GSAP-ERE dataset. We reuse the comprehensive entity
label sets of GSAP-NER (Otto et al. 2023) and their entity
annotation as a starting point to create relation annotations.

Data Collection and Processing
Since we extend and build upon the GSAP-NER
dataset (Otto et al. 2023) with relation annotation, we first
give a brief overview of the GSAP-NER dataset. GSAP-
NER provides a corpus of 100 manually annotated full-text
research publications in ML or applied ML fields. The pub-
lications are first sampled using a popularity-diversity com-
bined strategy described in Otto et al. (2023). The publica-
tions are selected from a Hugging Face model search (Hug-
ging Face 2016) and arXiv metadata (Cornell University
2022), and then converted from PDF to plain text format
via GROBID (Lopez 2008). The ten entity types in this cor-
pus are categorized into three categories: (1) ML model re-
lated, i.e. MLModel, ModelArchitecture, MLModelGeneric,
Method and Task; (2) dataset related, i.e. Dataset, Dataset-
Generic and DataSource; (3) miscellaneous, including Ref-
erenceLink and URL.

Data Annotation
Annotation Scheme We aim at a fine-grained relation la-
bel set that can reflect the comprehensive interactions among
ML models, datasets, tasks, methods, model architectures
and the miscellaneous entities. The interaction informa-
tion should serve to improve research reproducibility and
reusability, covering the provenance, usage, transformation,
application and comparison of the scholarly entities. Unlike
SciER (Zhang et al. 2024), we keep the informal mentions
of named entities, corresponding to entity types MLModel-
Generic and DatasetGeneric, in the annotation scheme fol-
lowing SciERC (Luan et al. 2018). We argue that the in-
formal mentions not only capture valuable information for
coreferential and compositional relations, but also increase
the entity-per-sentence density to cover a larger amount of
relation interactions and alleviate data sparsity for certain
relation types. Therefore, we define a label set of 18 relation
types for seven semantic groups.

We provide examples for each semantic group in Table 2
and list the domain and range information for each relation
in our seven semantic groups in Table 3. Find examples for

Domain Relation Range

Model Design

Method usedFor Method
MLModel(Generic)

MLModel(Generic) architecture ModelArchitectureMethod

MLModel(Generic) isBasedOn MLModel(Generic)

Task Binding
MLModel(Generic) appliedTo TaskMethod

Dataset(Generic) benchmarkFor Task

Data Usage
MLModel(Generic) trainedOn Dataset(Generic)Method evaluatedOn

Data Provenance
transformedFrom Dataset(Generic)

Dataset(Generic) generatedBy Method

sourcedFrom DataSource

Data Properties

Dataset(Generic) size DatasetGenerichasInstanceType

Peer Relations

Any
coreference

Same as SubjectisPartOf
isHyponymOf
isComparedTo

Referencing

Any citation ReferenceLink

url URL

Table 3: Domain and range information for all 18 relation
types in our 7 semantic groups.
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each relation in the extended version (Otto et al. 2025). More
detailed definitions of relations are provided in the guideline
on our project site.

Annotation Strategy To ensure high annotation quality,
we employ a two-phase annotation-refinement process. Sim-
ilar to SciER (Zhang et al. 2024) and GSAP-NER (Otto et al.
2023), we use the INCEpTION (Klie et al. 2018) platform.

During the initial annotation phase, annotations are con-
ducted by two student annotators with computer science
background, who have finished an annotation training.
Among the 100 publications, we randomly selected 10 pub-
lications for double annotation by the two annotators sepa-
rately; and the remaining 90 publications are split and as-
signed to a single annotator each. In this phase, the annota-
tors annotate the relations on the assigned publications with
existing entity annotations introduced by GSAP-NER (Otto
et al. 2023). In addition, the annotators are asked to check
the existing entity annotations first to ensure the relation an-
notations are based on correct entity annotations.

In the refinement phase, we have two PhD students and
two postdoc researchers in computer science to inspect the
annotation alignment of the two annotators. Misalignment
cases are filtered out in the 10 commonly annotated doc-
uments by both annotators, and patterns of misalignment
on each relation are extracted. Relations in jointly anno-
tated documents that show such misalignment patterns are
re-checked and corrected if necessary on all 100 publica-
tions.

Human Agreement and Quality Enhancement We cal-
culate interrater agreement on the 10 jointly annotated pub-
lications. We note that relation annotation is highly influ-
enced by the underlying entity annotation. A revision of en-
tity annotations preceding the relation annotation improves
the NER interrater agreement from reported 0.61 (Otto et al.
2023) to 0.82 macro-F1 score under NER setting and 0.69 to
0.86 under NER≈ setting. We report NER interrater agree-
ment in the extended version. Furthermore, due to the in-
creasing difficulty of relation annotation, we evaluate the re-
lation annotation in four settings as described in Section 3.
We show the interrater agreement per semantic group in Ta-
ble 4. Despite achieving a good overall alignment, the var-
ious agreement levels in different semantic groups confirm
the challenge of our relation annotation, which may be par-
tially due to the poor reporting practices mentioned in Sec-
tion 1.

5 Experiments
We use our dataset to evaluate model abilities to extract re-
lational knowledge from scholarly publications according to
our problem definition in Section 3.

Baselines
Supervised PLM-based Baselines Supervised entity and
relation extraction (ERE) using pretrained language models
(PLMs) is demonstrating state-of-the-art performance in the
domain of scholarly documents (Zhang et al. 2024). In our
experiments we compare a pipeline-based approach, i.e. a

Semantic Group RE+ RE RE+≈ RE≈
Model Design 38.4 40.0 45.9 49.3
Task Binding 40.6 45.6 44.1 50.0
Data Usage 61.3 62.8 64.8 67.5
Data Provenance 51.1 51.5 58.6 60.0
Data Properties 80.1 80.1 84.6 84.6
Peer Relation 57.1 61.4 59.3 65.2
Referencing 61.6 68.1 65.2 73.7

weighted all 53.7 58.1 56.9 62.8

Table 4: Interrater agreement across different relation groups
measured by F1 scores (%, micro average) under different
evaluation settings explained in Section 3.

separate NER step followed by a RE classification of the
extracted entities, to a joint approach which learns to pre-
dict and classify entity mention spans and relations between
pairs of detected entity mentions simultaneously using a
joint loss.

PL-Marker (Ye et al. 2022). This pipeline-based approach
first performs a span classification (NER) task, and then
uses the proposed Packed Levitated Marker to model and
evaluates the interaction between entity mention pairs for
RE.
HGERE (Yan et al. 2023). This state-of-the-art joint ap-
proach extends the PLMarker framework and incorporates
a hypergraph neural network to facilitate a high-order span
classification for NER and entity pair classification for RE
in one step.

We fine-tune PL-Marker and HGERE on our training and
validation sets and then report the performance of each
fine-tuned models, denoted as PL-MarkerGSAP−ERE and
HGEREGSAP−ERE, on our test set. More specifically, we in-
troduce and optimize a loss weight scheme in the HGERE
approach in combination with ternary information flow con-
figuration for the Hypergraph Neural Network (HGNN). For
HGEREGSAP−ERE we tuned the hyperparameters in a step-
wise process. We first adjusted the learning rate and found
that 2e-5 gave the best results (tested: 1e-4, 5e-5, 2e-5,
1e-5). After that, we varied the batch size and obtained
the best value with 18 (tested: 10, 14, 18, 22). We then
tested different loss weighting factors to balance the NER
and relation losses. Since the NER part learned faster, we
increased the relative weight of the relation loss using the
scheme (1 − L) · lossner + L · lossrel. The best setting was
L = 0.9 (tested: 0.1, 0.25, 0.5, 0.75, 0.9, 0.95). Finally, we
varied the number of epochs and chose 8 (tested: 6, 8, 10).
More experimental settings can be found in the extended
version (Otto et al. 2025).

LLM Prompting We run zero-shot and few-shot prompts
on two state-of-the-art open-source generative LLMs, i.e.
LLaMA 3.1 (Touvron et al. 2023) and Qwen 2.5 (Yang
et al. 2025). Our prompting pipeline for NER and RE
follows a two-stage process comparable to the supervised
pipeline approach. For each input sentence, we first extract
entities. These entities are then used to form subject-object
candidate pairs, which are passed to a second prompt to clas-
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ERE-method Model NER NER≈ RE RE≈ RE+ RE+≈
Supervised pipeline PL-MarkerGSAP−ERE 72.6 77.7 41.4 46.2 36.3 39.9
Supervised joined loss HGEREGSAP−ERE 80.6 85.8 54.0 59.8 46.9 51.3

Qwen 2.5 32b 42.0 56.9 7.2 14.6 7.2 10.9
Unsupervised (LLM) pipeline Qwen 2.5 72b 44.4 59.1 10.1 15.7 8.2 11.9

LLaMA 3.1 72b 40.5 55.0 6.4 9.6 5.7 7.8

Table 5: Comparison of test set F1 score (%, micro average) for our baseline approaches. Label-strict metrics are marked
with “+”; span-partial metrics with “≈”. LLM-based results for NER are obtained with k = 10 examples and RE with k = 1
example. For both tasks we used the best performing configurations using the similar+diverse example selection strategy.

sify their relation label. For n predicted entities, we gener-
ate n(n − 1) entity pairs and classify each using an indi-
vidual prompt. Example prompts and templates used in the
experiment are provided in the Appendix of the extended
version (Otto et al. 2025). Each prompt is composed of five
structured sections: Task Introduction, Label Definitions,
Step-by-Step Instructions, Few-Shot Examples and Main In-
put, i.e. the actual input sentence to annotate. This structured
prompt pattern is found to largely improve few-shot learning
performance by helping align output generation with task
expectations (Madaan and Yazdanbakhsh 2022).

To select the best performing hyperparameters, we ex-
plore two key prompt design parameters: the number of few-
shot examples, and the example selection strategy. We apply
various hyperparameter settings to the validation set to pick
the best performing configuration before applying it to the
test set. For the example selection, we compare random se-
lection (a fixed, randomly chosen set) to a dynamic retrieval-
based strategy. The dynamic strategy can be one of:

similar: retrieving top-k similar sentences via co-
sine similarity

similar+diverse: combining similar with maximizing
unique label re-ranking

For our experiments, all examples were chosen from the
training set. We evaluate the random and similar+diverse
strategies on the ERE task. Each result was obtained from a
single run per prompt.

Experimental Setup
For the supervised approaches, we fork the implementa-
tions of Ye et al. (2022) (code: Natural Language Pro-
cessing Lab at Tsinghua University (2022)) and Yan
et al. (2023) (code: Zhaohui Yan (2023)) and document
the steps required to setup and train the models. For the
supervised methods, we use the scibert-scivocab-uncased
as encoder (Beltagy, Lo, and Cohan 2019) (model: Al-
lenAI (2019)). All supervised models are tested and eval-
uated using 10% of the annotated publications as validation
and 10% as test set leaving 80 annotated publications for
training. We selected for the ternary information flow con-
figuration for the Hypergraph Neural Network in HGERE
through hyperparameter optimization. We also tuned learn-
ing rate, batch size, and loss-weighting. Details of the op-
timization processes are provided in our Appendix in Otto

et al. (2025). We run our best performing model with 5 ran-
dom seeds and report the mean performance including the
standard deviation for this model.

To guarantee reproducibility for the unsupervised prompt-
ing approach, we set the temperature parameter for all
LLMs to zero. To select the best performing hyperparam-
eter for the unsupervised prompting approach, we evalu-
ated hyperparameters using Qwen2.5 32B on the vali-
dation set. For the final model comparison, we used three
open-source LLMs: Qwen2.5 (32B and 72B) (Yang
et al. 2025), and LLaMA 3.1 70B (Touvron et al. 2023)
on the test set. For efficient local inference, we accessed the
quantized versions of Qwen 2.5 (model : Ollama (2025b;
2025c)) and LLaMA 3.1 70B (model: Ollama (2025a))
using the Ollama (2024) framework. For few-shot sentence
selection, we use multi-qa-mpnet-base-cos-v1
(model: sentence-transformers (2029)) from the Sentence-
Transformers library (Reimers and Gurevych 2019) for sen-
tence cosine similarity.
Experiments were conducted on a server running Ubuntu
22.04.4 LTS with 2× Intel Xeon 2.1 GHz CPUs (48 cores,
96 threads), 1.4 TB RAM, and 8 GPUs (4× RTX 2080 Ti
with 11 GB and 4× A40 with 48 GB). The system also in-
cludes a multi-tier storage setup with both SSD and HDD
arrays, totaling over 40 TB.

Evaluation Metrics
To comprehensively evaluate the performance of our base-
lines, we employ a set of metrics that capture different as-
pects and strictness levels for NER and RE introduced in
the Preliminaries section. In general, we report micro F1
performance to reflect overall model performance across la-
bels (Harbecke et al. 2022). In specific evaluation settings,
we report micro, macro, and weighted-averaged metrics to
summarize performance for detailed comparability.

6 Experimental Results
Baseline Comparison
Table 5 presents a comparative overview of the super-
vised pipeline, joined, and the unsupervised prompting ap-
proaches using LLMs. Our best supervised approach out-
performs the LLM-based approaches by a large margin with
an NER F1 performance of 80.6 ± 0.3% and RE+ F1 of
46.9± 0.5%. We report the best results for each setting with
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Example Selection Metric 0-shot 1-shot 2-shot 5-shot 10-shot 20-shot

random

micro-F1 19.1 24.7 23.1 29.7 34.1 34.4
NER macro-F1 23.3 27.0 26.5 28.6 31.5 29.7

weighted-F1 16.1 22.0 20.3 28.4 33.5 33.6
micro-F1 33.0 41.8 37.1 50.1 53.3 50.3

NER≈ macro-F1 34.5 40.3 37.7 43.7 46.0 40.9
weighted-F1 29.8 39.6 34.5 49.4 53.1 49.4

similar+diverse

micro-F1 19.1 34.7 38.2 40.4 40.9 27.8
NER macro-F1 23.3 34.3 37.6 39.6 39.7 21.2

weighted-F1 16.1 34.0 37.9 40.6 41.4 28.0

micro-F1 33.0 53.8 56.7 58.1 58.4 39.4
NER≈ macro-F1 34.5 48.1 50.9 52.1 52.0 28.4

weighted-F1 29.8 53.4 56.5 58.2 58.6 38.8

Table 6: NER performance for different number of k-shot and example selection strategies on Qwen2.5-32B. We report micro,
macro, and weighted F1 (%) for exact (NER) and partial match (NER≈) on the validation set.

optimized hyperparameters. Specifically, the LLM-based re-
sults are all based on similar+diverse strategy, with 10 ex-
amples for NER evaluations and 1 example for RE evalua-
tions. We detail the hyperparameter selection experiments in
Section 6.

We first observe a substantial performance advantage of
supervised models over unsupervised LLM prompting ap-
proaches, ranging from 18.6–39.8% for NER /NER≈ to
28.1%–50% for all four RE settings. Comparing the two su-
pervised PLM approaches, the joint approach HGERE out-
performs the pipeline approach PL-Marker under every
setting for both NER and RE, demonstrating the robustness
of this start-of-the-art method. Finally, among LLM prompt-
ing results, Qwen 72b achieves the best performance for
all settings. However, compared to the two supervised PLM
approaches, the advantage of Qwen 72B over other LLMs
is marginal, in particular for the RE task, marking more re-
search effort is needed for LLMs on such a comprehensive
fine-grained IE task. Our findings are consistent with similar
observations reported in related work (Zhang et al. 2024).
When comparing runtime between the supervised and unsu-
pervised approaches, the PLM-based methods outperforms
the LLM-based methods by a substantial margin. On the
test corpus of 10 documents, inference with the LLM ap-
proach is 182 times slower than with the fine-tuned PLM on
the same hardware described in Section 5 (4 minutes vs. 12
hours and 29 minutes), while training the PLM required 2
hours and 30 minutes for a single training run.

k-Shot RE≈ RE+≈ RE RE+

0 16.8 11.7 8.9 6.5
1 20.4 14.4 10.7 8.0
2 20.5 14.4 10.8 8.1
5 19.9 14.0 10.3 7.6

Table 7: F1 scores (%, micro average) for the RE task on the
validation set using Qwen2.5-32B.

Impact of LLM Few-Shot Hyperparameters
For our unsupervised prompting approach we run our
pipeline on the validation set under different configurations
to pick the optimized number of few-shot examples (k) and
example selection strategy. Table 6 shows the results on
NER in these configurations.1 We observe that, consistently,
the best performing configuration for NER is k = 10 exam-
ples with similar+diverse example selection, achieving 58%
F1 score, +5% compared to random example selection. The
performance sharply declines after 20 examples. For RE, we
run k ∈ {0, 1, 2, 5} with similar+diverse strategy. As shown
in Table 7, the overall RE performance is unsatisfying, but
1-shot and 2-shot achieve the best performance with min-
imal performance differences.Taking the trade-off between
extraction performance and computational costs into con-
sideration, we select 10-shot similar+diverse for NER and
1-shot similar+diverse for RE as the optimized hyperparam-
eters. The detailed results on the test set for pipeline-based
NER and RE are provided in the extended version.

7 Conclusion
We introduced GSAP-ERE, a manually annotated dataset
designed for fine-grained scholarly information extraction
in ML research. It features 10 detailed entity types and 18
relation types annotated across the full-text of scientific arti-
cles, comprising more than 62K annotated entities and 35K
relations. Both data model and dataset shed light on the in-
terdependencies between key concepts involved in machine
learning-related research and facilitate research into infor-
mation extraction methods that can provide a more struc-
tured view on machine learning-related artefacts and their
relations at scale.

Our experiments show that fine-tuned models trained on
this dataset significantly outperform prompting methods us-
ing LLMs, highlighting the current limitations of unsu-
pervised approaches in domain-specific IE tasks. The sig-

1We include the detailed performance in our extended version
for further fine grained analysis.
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nificant performance gap supports our claim that curated
datasets like GSAP-ERE are essential to advance reliable
extraction of research metadata, enabling downstream appli-
cations such as knowledge graph construction or the under-
standing of reproducibility of ML-based research at scale.

8 Limitations
With respect to the coverage of the dataset, we include only
publications from (applied) machine learning to simplify the
annotation task and focus the required expertise for annota-
tion.
We emphasize the complexity of RE annotation, and will
transfer the data curation lessons when we extend the cor-
pus with more diverse fields. In addition, our corpus cov-
ers only sentence-level annotations. Although our sentence-
level ERE dataset is already challenging due to the multi-
plicity of entity mentions and relations, future work on a
document-level corpus would help advancing the task fur-
ther. Note that document-level relation extraction also needs
document-level coreference resolution, and the coreference
clusters may include unnamed generic mentions, which re-
quires an additional annotation step.

Ethical Statement
All documents in this dataset come from public arXiv sub-
missions. These documents are already publicly available
under the terms set by arXiv. We removed personal data such
as author email addresses and kept only the content needed
for research on scientific text processing.

Human annotators were informed about the goals of the
project and agreed to take part. No sensitive personal data
was collected from annotators. The annotation process fol-
lowed clear guidelines, and we monitored annotation quality
throughout the project.

The model we present can extract entities and relations
from scientific text. It is not meant for use on private or sen-
sitive documents. Users should apply it only to text they are
allowed to process.

We release the dataset and model under licenses that sup-
port research use. We provide documentation to help others
understand the limits of the data, possible errors, and the ex-
pected behavior of the model.
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