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Abstract

Empowering machines to understand scientific
literature is crucial for accelerating scientific
discovery and advancing the AI for Science
(AI4S) paradigm. In this paper, we present a
comprehensive survey of datasets serving this
domain. We propose a systematic taxonomy
that organizes resources spanning structural un-
derstanding, text understanding, multimodal
understanding and pre-training/instruction fine-
tuning. Beyond a structured overview, we
discuss the evolution of the field, elucidating
how the emergence of Large Language Mod-
els (LLMs) has reshaped research priorities of
dataset construction. By synthesizing existing
datasets and identifying critical future direc-
tions, this work provides a roadmap for advanc-
ing intelligent scientific research systems.

1 Introduction

Scientific literature embodies core domain knowl-
edge and constitutes the primary vehicle for dis-
seminating scientific discoveries (Hanson et al.,
2024; Larsen and Von Ins, 2010). With the un-
precedented proliferation of scholarly publications,
researchers increasingly face challenges in com-
prehensively understanding and reasoning over
the expanding corpus of knowledge (Landhuis,
2016). Consequently, empowering machines to
comprehend scientific literature and advancing to-
ward complex reasoning has become a critical re-
search direction. This capability not only enables
researchers to efficiently acquire and synthesize
novel insights, accelerating scientific discovery, but
also underpins the development of the AI for Sci-
ence (AI4S) paradigm (Xu et al., 2021), allow-
ing intelligent systems to assist in complex scien-
tific analyses and foster innovation. Concurrently,
the rapid advancement of Large Language Models
(LLMs) (Zhao et al., 2023; Naveed et al., 2025;

† Corresponding author.

Minaee et al., 2024) and multimodal learning tech-
niques (Wu et al., 2023; Zhang et al., 2024b; Yin
et al., 2024) present transformative opportunities
while posing novel methodological and computa-
tional challenges. Therefore, developing effective
methodologies for scientific literature understand-
ing constitutes both a practical imperative and a
strategic frontier for AI-driven scientific research.

This paper presents a comprehensive overview
of datasets for scientific literature understanding.
To capture the breadth of available resources, we
categorize datasets into four primary groups. As
illustrated in Figure 1, the first three categories map
the transition from low-level visual perception to
high-level multimodal reasoning, while the fourth
category provides the essential infrastructure for
building and aligning the models. Details of the
datasets are provided in Appendix A.

• Structural Understanding establishes
the perceptual foundation by transforming
complex document layouts into machine-
interpretable representations.

• Text Understanding advances to the semantic
level, encompassing tasks such as extracting
knowledge, generating summaries, answering
questions, and mining arguments from textual
content.

• Multimodal Understanding emphasizes the
integration of heterogeneous modalities to en-
able domain-specific, evidence-based reason-
ing.

• Pre-training and Instruction Fine-tuning
provides large-scale corpora for domain
knowledge acquisition and alignment data for
accurate, contextually grounded outputs.

To the best of our knowledge, this work presents
the first comprehensive survey in this rapidly evolv-
ing domain. Through this structured overview, we
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Scientific
Literature

Understanding

Structural
Parsing

Layout Analysis
and End-to-end
Parsing (§2.1)

PubLayNet (Zhong et al., 2019), DocBank (Li et al., 2020b), SciBank (Grijalva et al., 2022), DocLayNet (Pfitzmann et al., 2022),
OmniDocBench (Ouyang et al., 2025), DocGenome (Zhang et al., 2024d), M6Doc (Cheng et al., 2023), Nougat (Blecher et al., 2023),
AceParse (Ji et al., 2025)

Table Recog-
nition (§2.2)

SciTSR (Chi et al., 2019), PubTabNet (Zhong et al., 2020), ICDAR-2019 (cTDaR) (Gao et al., 2019), PubTables-1M (Smock et al.,
2022), TableBank (Li et al., 2020a), TableX (Desai et al., 2021)

Figure Recog-
nition (§2.3)

DocFigure (Jobin et al., 2019), ChartOCR (Luo et al., 2021), DePlot (Liu et al., 2023a)

Formula Recog-
nition (§2.4)

IM2LATEX-100K (Deng et al., 2016), ArxivFormula (Hu et al., 2024), IBEM (Anitei et al., 2023), DECIMER.ai (Rajan et al., 2023),
MolScribe (Qian et al., 2023)

Text Under-
standing

Information
Extraction (§3.1)

Named Entity Recognition (NER): GENIA (Kim et al., 2003), BC2GM (Smith et al., 2008), NCBI Disease (Doğan et al., 2014),
CHEMDNER (Krallinger et al., 2015), ESDC (Li et al., 2024a)

Relation Extraction (RE): BC5CDR (Li et al., 2016), BioRED (Luo et al., 2022)

Large Scale: IEPile (Gui et al., 2024b), InstructIE (Gui et al., 2024a)

Summarization
(§3.2)

Single-Document Summarization:WikiHow (Koupaee and Wang, 2018), PubMed/arXiv Summarization (Cohan et al., 2018), Sc-
iTLDR (Cachola et al., 2020), FacetSum (Meng et al., 2021), CS-PaperSum (Liu et al., 2025)

Multi-Document Summarization:Multi-XScience (Lu et al., 2020), MS2 (DeYoung et al., 2021), BigSurvey (Liu et al., 2023b), Survey-
Sum (Fernandes et al., 2024)

Question
Answering (§3.3)

Paragraph-level QA: BioRead (Pappas et al., 2018), PubMedQA (Jin et al., 2019), BioMRC (Pappas et al., 2020), ScholarlyRead
(Saikh et al., 2020), ChemLLMBench (Guo et al., 2023), ScholarChemQA (Chen et al., 2025)

Document-level QA: COVID-QA (Möller et al., 2020), QASPER (Dasigi et al., 2021), QASA (Lee et al., 2023), ScholarQABench
(Asai et al., 2024), SciQAG-24D (Wan et al., 2024), PeerQA (Baumgärtner et al., 2025), LitSearch (Ajith et al., 2024), LitQA (Lála
et al., 2023), SCIDQA (Singh et al., 2024a)

Scientific Reasoning: SCIBENCH (Wang et al., 2024a), LLM4Mat-Bench (Niyongabo Rubungo et al., 2025), SciEval (Sun et al.,
2024), Xiezhi (Gu et al., 2024), SciKnowEval (Feng et al., 2024)

Argument
Mining (§3.4)

Rhetoric and Citation: AZ (Teufel et al., 2009), CoreSC (Liakata et al., 2010), SciCite (Cohan et al., 2019), FineCite (Jantsch et al.,
2025)

Argument Structure and Alignment: SciArg (Lauscher et al., 2018), MuLMS-AZ (Schrader et al., 2023), SciARK (Fergadis et al.,
2021), ARG-ALIGN (Gao et al., 2024), CLAIM-BENCH (Javaji et al., 2025)

Multimodal
Understanding

Table
Understanding

(§4.1)

S2abEL (Lou et al., 2023), Wiki-TabNER (Koleva et al., 2024), AxCell (Kardas et al., 2020), LEGOBench (Singh et al., 2024b), SCI-
TAT (Zhang et al., 2025), SciTabQA (Ghosh et al., 2024)

Figure
Understanding

(§4.2)

Figure Captioning: ACL-FIG (Karishma et al., 2023), SciFIBench (Roberts et al., 2024), SciCap+ (Yang et al., 2023), ArXivCap (Li
et al., 2024b)

Chart Understanding: CharXiv (Wang et al., 2024b), SciGraphQA (Li and Tajbakhsh, 2023), CHART-Info 2024 (Davila et al., 2024)

Diagram Understanding: FlowLearn (Pan et al., 2024), Plot2XML (Cui et al., 2025), SciDoc2Diagrammer-MAF (Mondal et al.,
2024)

Image Understanding: MedICaT (Subramanian et al., 2020), ROCOv2 (Rückert et al., 2024), Open-PMC-18M (Baghbanzadeh et al.,
2025)

Formula
Understanding

(4.3)

FormulaReasoning (Li et al., 2025), MATP-BENCH (He et al., 2025)

Multimodal
Reasoning (§4.4)

SciMMIR (Wu et al., 2024), MMMU (Yue et al., 2024), MMSci (Li et al., 2024c), SPIQA (Pramanick et al., 2024), MathVerse bench-
mark (Zhang et al., 2024c)

Pre-training
and Instruction

Fine-tuning

Foundational
Pre-training

Datasets (§5.1)

arXiv (Cornell University, 2023), PubMed/PMC (U.S. National Library of Medicine, 1996; National Center for Biotechnology Infor-
mation, 2023), S2ORC (Lo et al., 2020), The Pile (Gao et al., 2020), RedPajama (Weber et al., 2024), Dolma (Soldaini et al., 2024),
CORD-19 (Wang and et al., 2020), Nemotron-CC-Math (Mahabadi et al., 2025), Multimodal ArXiv (Li et al., 2024b)

Instruction
Fine-tuning

Datasets (§5.2)

SciInstruct (Zhang et al., 2024a), SciRIFF (Wadden et al., 2025), SMolInstruct (Yu et al., 2024), HoneyBee (Song et al., 2023), CSL
(Li et al., 2022), IDL (University of California, San Francisco, 2023), BIOMEDICA (Lozano et al., 2025), IEPile (Gui et al., 2024b),
InstructIE (Gui et al., 2024a)

Figure 1: Taxonomy of Datasets for Scientific Literature Understanding

aim to equip researchers with a holistic view of
the dataset landscape, facilitating informed selec-
tion and application in downstream tasks. More-
over, this survey reflects the field’s evolution-
ary trajectory and shifting priorities, particularly
highlighting how the emergence of LLMs has re-
shaped the requirements for data scale, quality,
and multimodal integration, as illustrated in Fig-
ure 2. The roadmap further reveals a clear pro-
gression of dataset development from low-level
perceptual parsing toward evidence-centric reason-
ing and model adaptation, with recent advances
increasingly concentrating on cross-document syn-
thesis, multimodal integration, and LLM-oriented
training resources. By synthesizing the existing
state of datasets and identifying key future direc-
tions, this survey serves as a foundational reference
for advancing scientific literature understanding,
which remains a core prerequisite for the success-
ful realization of the AI4S vision1.

1This survey covers the literature published up to April
2026.

2 Structural Understanding Datasets

Scientific literature exhibits complex document
layouts that tightly integrate text, tables, figures,
and formulas. Structural understanding aims to
transform these heterogeneous visual signals into
machine-interpretable representations, forming a
perceptual foundation for higher-level scientific
document understanding and reasoning.

2.1 Layout Analysis and End-to-end Parsing

Layout analysis converts the visual geometry of
scientific documents into hierarchical structures,
while Optical Character Recognition (OCR) trans-
forms visual text into machine-readable content.
Gemelli et al. (2024) has already provided a thor-
ough overview of this field. Early large-scale
datasets such as PubLayNet (Zhong et al., 2019)
and DocBank (Li et al., 2020b) align Portable
Document Format (PDF) elements with markup to
support layout detection and reading-order recon-
struction. SciBank (Grijalva et al., 2022) comple-
ments existing benchmarks by providing a human-
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Figure 2: Roadmap of scientific literature understanding
datasets.

validated dataset of over 74K scientific pages with
comprehensive annotations across 12 distinct lay-
out regions. DocLayNet (Pfitzmann et al., 2022)
and multilingual datasets like OmniDocBench
(Ouyang et al., 2025) extend this to complex and
non-English layouts. DocGenome (Zhang et al.,
2024d) provides a large-scale, structured corpus of
500K arXiv papers with fine-grained layout, La-
TeX, and logical annotations, serving as a compre-
hensive benchmark for multi-modal scientific docu-
ment analysis. For historical and scanned materials,
M6Doc (Cheng et al., 2023) improves robustness
across document types. More recent end-to-end
frameworks like Nougat (Blecher et al., 2023) and
AceParse (Ji et al., 2025) integrate layout parsing,
OCR, and table/formula extraction for comprehen-
sive PDF understanding.

Dataset development has progressed from single-
page layout annotation to multilingual and end-to-
end structural corpora. Key challenges include

establishing fine-grained element correspondence
(e.g., spanning cells), recovering consistent reading
orders across heterogeneous formats, and ensuring
coverage for low-resource languages and histori-
cal documents. Future datasets should prioritize
structural completeness and cross-domain general-
ization.

2.2 Table Recognition
Tables condense scientific evidence, requiring ro-
bust structural interpretation for automated parsing.
Foundational datasets such as SciTSR (Chi et al.,
2019) and PubTabNet (Zhong et al., 2020) estab-
lishes datasets for parsing table structures. The
ICDAR-2019 (cTDaR) competition (Gao et al.,
2019) further standardizes this task, focusing on
complex table layouts. Large-scale datasets like
PubTables-1M (Smock et al., 2022), TableBank
(Li et al., 2020a) and TableX (Desai et al., 2021)
provide extensive data sourced from scientific ar-
ticles and diverse document formats, supporting
the development of generalized models for table
structural recovery.

Despite these advancements, existing datasets
remain plagued by alignment noise from heuristic
pipelines and struggle with non-standard topolo-
gies such as borderless or nested tables. Future
efforts must therefore prioritize precise structural
annotations and unified evaluation protocols to en-
sure robust performance on complex layouts.

2.3 Figure Recognition
Figure recognition focuses on categorizing visual
content and resolving internal structures. DocFig-
ure (Jobin et al., 2019) establishes a foundational
benchmark for fine-grained figure classification,
distinguishing among 28 distinct categories such as
heatmaps and box plots. Moving towards structural
recovery, ChartOCR (Luo et al., 2021) utilizes a
deep keypoint detection framework to extract raw
data values directly from chart images. DePlot (Liu
et al., 2023a) reformulates the recognition task as
a visual-to-language problem, training models to
translate chart images into linearized textual tables
for direct downstream processing.

Dataset development is shifting focus from sim-
ple categorization to fine-grained element pars-
ing and data recovery. However, significant chal-
lenges remain in handling real-world scientific
illustrations, particularly in disentangling multi-
panel compound figures and resolving the precise
alignment between legends, axes, and data points.
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Future datasets should ensure models can accu-
rately translate visual signals into numerical evi-
dence within the broader document context.

2.4 Formula Recognition

Formula recognition bridges the gap between vi-
sual 2D layouts and semantic sequences. Datasets
such as IM2LATEX-100K (Deng et al., 2016) and
ArxivFormula (Hu et al., 2024) facilitate image-
to-markup learning. Layout-aware datasets like
IBEM (Anitei et al., 2023) contextualize equations
within document structure. In applied sciences, re-
sources like DECIMER.ai (Rajan et al., 2023) and
MolScribe (Qian et al., 2023) extend parsing to
chemical and molecular formulas.

The evolution of formula datasets reflects a
shift from isolated symbol recognition to the con-
textualization of mathematical expressions within
document layouts. Challenges remain in cross-
references with text and tables, and maintaining
consistency across symbolic, visual, and contex-
tual information to support higher-level reasoning.
Future datasets should prioritize high-resolution
structural annotations and robust handling of inline
formulas, ensuring that parsing models can distin-
guish and accurately reconstruct dense scientific
notations amidst textual content.

3 Text Understanding Datasets

Text remains the predominant modality in scien-
tific literature, serving as the principal medium of
claims, methods, and evidence. In this section,
we review representative datasets for three major
tasks: information extraction, summarization, and
question answering, restricting our scope to purely
text-based tasks.

3.1 Information Extraction

Scientific Information Extraction (IE) seeks to con-
vert unstructured scholarly text into structured rep-
resentations by identifying entities, relations, and
complex semantic structures.

Early Named Entity Recognition (NER) datasets
establish the foundation for structured text under-
standing. GENIA (Kim et al., 2003) pioneers large-
scale annotation of biomedical abstracts, enabling
the transition from rule-based systems to statistical
learning. BC2GM (Smith et al., 2008) specializes
in gene mentions, while NCBI Disease (Doğan
et al., 2014) links disease mentions to MeSH and
OMIM vocabularies. CHEMDNER (Krallinger

et al., 2015) provides over 80K annotated chemi-
cal entities, establishing a dataset for chemical IE.
Beyond biomedicine, ESDC (Li et al., 2024a) ex-
tends NER to geosciences, annotating geographic
entities and observational indicators.

Scientific Relation Extraction (RE) emerges
to model semantic connections among entities.
BC5CDR (Li et al., 2016) jointly evaluates NER
and chemical–disease relations, while BioRED
(Luo et al., 2022) scales to document-level RE with
over 6,500 relations across six entity types, distin-
guishing novel findings from background knowl-
edge.

Scientific IE datasets have evolved from entity-
level annotation to relation-aware and instruction-
aligned corpora. Core challenges include domain
coverage, schema diversity, and integration of
multilingual or cross-domain knowledge. Future
datasets should emphasize scalability, annotation
consistency, and alignment with reasoning tasks,
enabling robust extraction of structured scientific
knowledge beyond superficial labeling.

3.2 Summarization
Summarization condenses lengthy, discourse-rich
documents into concise, faithful representations,
capturing contributions, methods, and findings.
Datasets are categorized into single-document sum-
marization (SDS) and multi-document summariza-
tion (MDS).

Single-Document Summarization Datasets
such as WikiHow (Koupaee and Wang, 2018)
provide 230K instructional articles with sentence-
and paragraph-level summaries. PubMed/arXiv
Summarization (Cohan et al., 2018) align full
papers with abstracts (215K from arXiv, 133K
from PubMed) for discourse-aware modeling.
SciTLDR (Cachola et al., 2020) offers extreme-
compression summaries for more than 5,400
papers, while FacetSum (Meng et al., 2021)
structures 60K Emerald journal articles into
purpose, method, findings, and value facets. In
the LLM era, CS-PaperSum (Liu et al., 2025)
scales SDS to 92K computer science papers with
AI-generated structured summaries.

Multi-Document Summarization Dataset like
Multi-XScience (Lu et al., 2020) generates related-
work sections from abstracts and citations (30K
examples). MS2 (DeYoung et al., 2021) links 20K
biomedical reviews to 470K abstracts, incorporat-
ing structured PICO elements. BigSurvey (Liu
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et al., 2023b) covers 7,000 surveys and 434K ref-
erenced abstracts with section-structured synthesis.
SurveySum (Fernandes et al., 2024) aligns full
texts of cited papers with survey sections, enabling
LLM-based retrieval-augmented pipelines.

Scientific summarization spans SDS and MDS,
and some datasets also adopts facet-structured
outputs to support more fine-grained controlla-
bility. Key considerations include capturing dis-
course structures, aligning summaries with evi-
dence, and supporting multi-granularity output. Fu-
ture datasets should provide structured annotations
that enable controllable, knowledge-centric sum-
marization, while accommodating long-context rea-
soning and cross-document integration.

3.3 Question Answering

Question Answering (QA) evaluates models’ abil-
ity to retrieve, integrate, and reason over textual ev-
idence. Datasets in this section focus on reasoning
over pure text (paragraphs, abstracts, or full-text
without visual or tabular grounding).

Paragraph-level QA Early datasets such as
BioRead (Pappas et al., 2018) and PubMedQA
(Jin et al., 2019) focus on span extraction or cat-
egorical (yes/no/maybe) answers from abstracts.
BioMRC (Pappas et al., 2020) introduces cloze-
style multiple-choice inference with one million
samples. Cross-domain contributions include
ScholarlyRead (Saikh et al., 2020), ChemLLM-
Bench (Guo et al., 2023), and ScholarChemQA
(Chen et al., 2025).

Document-level QA Document-level question
answering extends beyond single-paragraph con-
texts to require reasoning over multiple paragraphs
or entire documents. Datasets such as COVID-QA
(Möller et al., 2020) and QASPER (Dasigi et al.,
2021) provide multi-paragraph contexts, while
QASA (Lee et al., 2023) focuses on classifying
reasoning types. Large-scale, synthesis-focused
datasets include ScholarQABench (Asai et al.,
2024), SciQAG-24D (Wan et al., 2024), PeerQA
(Baumgärtner et al., 2025), and LitSearch (Ajith
et al., 2024). For deeper reasoning over full docu-
ments, datasets like LitQA (Lála et al., 2023) and
SCIDQA (Singh et al., 2024a) extend evaluation
to full-text comprehension.

Scientific Reasoning Benchmarks2 such as
SCIBENCH (Wang et al., 2024a), LLM4Mat-
Bench (Niyongabo Rubungo et al., 2025), SciEval
(Sun et al., 2024), Xiezhi (Gu et al., 2024), and
SciKnowEval (Feng et al., 2024) assess symbolic,
quantitative, and multi-level scientific reasoning,
extending evaluation beyond text retrieval to scien-
tific problem-solving and conceptual application,
primarily through text-based problem statements.

Scientific QA datasets reflect a trajectory from
paragraph-level comprehension to document- and
multi-document-level reasoning. The evolution
mirrors the rapid advancement of model capabil-
ities. With the growing reliance on generative
models, challenges regarding hallucination and ev-
idence grounding have intensified. Future datasets
must therefore emphasize rigorous verifiability and
reasoning depth, ensuring that models demonstrate
grounded scientific reasoning rather than plausible-
sounding hallucinations.

3.4 Argument Mining
Argument mining aims to identify discourse roles,
argumentative units, and argumentative relations
that organize scientific claims. Within scientific
literature, it complements information extraction
by modeling how contributions are motivated, con-
trasted, and justified, thereby providing a more
explicit representation of scientific reasoning.

Rhetoric and Citation Foundational resources
cast the task as sentence-level rhetorical classifi-
cation. AZ (Teufel et al., 2009) extends argumen-
tative zoning across chemistry and computational
linguistics, while CoreSC (Liakata et al., 2010)
represents papers through concepts such as hypoth-
esis, method, result, and conclusion. SciCite (Co-
han et al., 2019) later scales citation-intent annota-
tion across domains, and FineCite (Jantsch et al.,
2025) further enriches this line with fine-grained
citation-context spans that better capture argumen-
tative functions in citing text.

Argument Structure and Alignment More re-
cent datasets move beyond sentence roles to ex-
plicit argument structure and evidence tracing.
SciArg (Lauscher et al., 2018) annotates argument
components and relations in full-length computer-
graphics papers, while MuLMS-AZ (Schrader
et al., 2023) provides materials-science-focused

2Benchmarks are usually datasets designed for perfor-
mance evaluation. We use the term here to follow the naming
conventions found in the original papers or dataset names.
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AZ labels over full papers. Building on the SciArg
benchmark, a subsequent study introduces a se-
quential full-text argument-mining pipeline that
combines argumentative discourse unit recognition
and argumentative relation extraction, and reports
the first full-pipeline results on this benchmark
(Binder et al., 2022). Domain-specific resources
such as SciARK (Fergadis et al., 2021) extend cov-
erage to sustainable-development abstracts. Re-
cent work has also begun to emphasize premise-
conclusion alignment in structured scientific ab-
stracts, as exemplified by ARG-ALIGN (Gao et al.,
2024), and long-range claim-evidence reasoning in
full-length AI research papers, as benchmarked by
CLAIM-BENCH (Javaji et al., 2025).

Scientific argument mining datasets have
evolved from rhetorical zoning to full-text argu-
ment structure, citation-grounded functions, and
claim-evidence alignment. Future datasets should
emphasize full-paper coverage, richer relation
schemas, and tighter grounding between claims
and distributed evidence.

4 Multimodal Understanding Datasets

Comprehending scientific literature demands the
integration of tightly coupled multimodal evidence,
ranging from textual descriptions to structured ta-
bles, figures (charts, diagrams and images), and for-
mulas. This presents unique challenges compared
to general-domain vision-language tasks, requiring
models to possess deep domain knowledge and the
capacity for exact quantitative reasoning. This sec-
tion surveys datasets dedicated to multimodal ca-
pabilities, focusing on tasks where textual context
alone is insufficient for complete understanding.

4.1 Table Understanding

Table understanding extends beyond structural un-
derstanding, encompassing semantic interpretation,
cell-level linking, and complex reasoning. Datasets
such as S2abEL (Lou et al., 2023), Wiki-TabNER
(Koleva et al., 2024), and AxCell (Kardas et al.,
2020) emphasize semantic enrichment by linking
table cells to named entities, concepts, and exper-
imental results mentioned in the text. Reasoning-
oriented datasets further evaluate deeper compre-
hension. For example, LEGOBench (Singh et al.,
2024b) connects table cells with methods, foot-
notes, and experimental outcomes, while SCITAT
(Zhang et al., 2025) and SciTabQA (Ghosh et al.,
2024) provide comprehensive coverage of reason-

ing across hybrid tabular and textual content.
The evolution of these datasets reflects a shift

from isolated extraction to context-aware reason-
ing. Contemporary evaluations prioritize factual
consistency and the traceability of evidence back
to textual sources, ensuring models can accurately
interpret experimental data. Future work should
concentrate on advanced quantitative reasoning and
symbolic logic, enabling models to perform cal-
culations and derive statistical conclusions from
complex tables.

4.2 Figure Understanding
Figure Captioning Datasets such as ACL-FIG
(Karishma et al., 2023), SciFIBench (Roberts et al.,
2024), and SciCap+ (Yang et al., 2023) link visual
structures to captions and in-text mentions, sup-
porting figure-aware retrieval and multimodal QA.
ArXivCap (Li et al., 2024b) is a figure-caption
dataset comprising 6.4M images and 3.9M cap-
tions, sourced from 572K ArXiv papers spanning
various scientific domains.

Chart Understanding Charts summarize exper-
imental results with multiple data series, domain-
specific units, and analytical conventions. For chart
understanding, datasets can be grouped by their fo-
cus. Some, like CharXiv (Wang et al., 2024b) and
SciGraphQA (Li and Tajbakhsh, 2023), connect
charts to their textual context to support multimodal
reasoning. In parallel, benchmarks like CHART-
Info 2024 (Davila et al., 2024) provide a real-world
evaluation standard. Sourced from PubMed Cen-
tral, it defines seven hierarchical tasks from clas-
sification, data extraction to systematically assess
comprehensive chart understanding. Evaluation
metrics emphasize numerical accuracy, correct vi-
sual grounding, and textual-graphical coherence.

Diagram Understanding Diagrams (e.g.,
flowcharts, pipeline schematics, system archi-
tectures) encode procedural logic and symbolic
relations that are intricately tied to the scientific
paper context. FlowLearn (Pan et al., 2024) targets
flowchart understanding with a scientific subset
sourced from scientific literature and supports
understanding-oriented tasks such as OCR-aware
component interpretation and Visual Question
Answering. Complementing this, Plot2XML (Cui
et al., 2025) provides gold-standard mxGraph
XML annotations for real scientific diagrams,
enabling evaluation of whether models can
translate diagram semantics into executable code.

28374



SciDoc2Diagrammer-MAF (Mondal et al.,
2024) explores diagram generation grounded in
document text, a task that implicitly tests a model’s
ability to synthesize structured content from the
paper to produce faithful visual representations.

Image Understanding Datasets such as Med-
ICaT (Subramanian et al., 2020) and ROCOv2
(Rückert et al., 2024) facilitate fine-grained biomed-
ical image-text understanding through caption-
and concept-grounded supervision. Specifically,
MedICaT prioritizes figure-text alignment and re-
trieval by incorporating inline textual references
and subfigure-subcaption mappings. In contrast,
ROCOv2 pairs radiology images with captions and
specific medical concepts to enable tasks like cap-
tion prediction and classification. Open-PMC-
18M (Baghbanzadeh et al., 2025) expands on these
foundations by significantly scaling up coverage
within the scientific literature, thereby supporting
more robust training and evaluation of scientific
image understanding models.

The evolution of figure understanding datasets
demonstrates a progression from simple visual-text
alignment to deep, context-dependent reasoning.
Contemporary benchmarks across diverse modal-
ities, including data-rich charts, procedural dia-
grams, and biomedical images, emphasize the crit-
ical role of grounding visual semantics in the ac-
companying scientific narrative. This shift ensures
models can move beyond surface-level recognition
to synthesize structure, procedural logic, and exper-
imental evidence. Future work should concentrate
on bridging the gap between visual perception and
executable logic, enabling models to not only in-
terpret but also generate and reason over complex
scientific imagery with high fidelity.

4.3 Formula Understanding

Formulas in scientific literature encode complex
mathematical and logical relationships that are chal-
lenging for machines. Understanding them requires
grasping symbolic notation, structure, and compu-
tation. Datasets like FormulaReasoning (Li et al.,
2025) provide annotated question-answer pairs for
numerical reasoning, while MATP-BENCH (He
et al., 2025) adds multimodal theorem-solving re-
quiring visual-symbolic integration.

Effective formula understanding hinges on dis-
ambiguating symbols, contextual alignment, and
enabling precise computation. Current datasets
facilitate structural accuracy and stepwise reason-

ing, but future research should emphasize robust
evaluation, cross-domain generalization, and incor-
poration of domain-specific constraints.

4.4 Multimodal Reasoning

Advancing document-level understanding necessi-
tates a shift from isolated modality perception to
structural cross-modal integration. Unlike datasets
focusing on single figures or tables, SciMMIR
(Wu et al., 2024) addresses the complex inter-
play between textual citations and multimodal con-
tent. It establishes a specialized benchmark for
fine-grained alignment, requiring models to per-
form provenance-aware retrieval and verify the
explicit semantic links between body text and di-
verse visual evidence. At the broadest level, bench-
marks like MMMU (Yue et al., 2024) assess cross-
disciplinary knowledge integration. Collectively,
these efforts underscore persistent challenges in
regional grounding, measurement fidelity, and se-
mantic integration across heterogeneous scientific
modalities.

Recent datasets like MMSci (Li et al., 2024c)
and SPIQA (Pramanick et al., 2024) address paper-
level multimodal reasoning, requiring models to
aggregate distributed visual evidence across sec-
tions. Pushing further, the MathVerse benchmark
(Zhang et al., 2024c) focuses on geometric and
mathematical reasoning in visual problem-solving.

Multimodal understanding datasets increasingly
emphasize document-grounded integration across
text, tables, figures, and formulas, moving beyond
isolated extraction toward context-aware, evidence-
traceable reasoning. They also push for precise
quantitative and symbolic computation, along with
mutual grounding across modalities, enabling more
verifiable reasoning at both document and corpus
scale.

5 Pre-training and Instruction
Fine-tuning Datasets

The capabilities of scientific large language mod-
els (LLMs) is fundamentally shaped by the cor-
pora used for pre-training and instruction fine-
tuning. Pre-training enables models to acquire
broad linguistic competence, domain knowledge,
and reasoning priors from large-scale scientific text,
whereas instruction fine-tuning guides model be-
havior toward generating outputs that are accurate,
contextually grounded, and consistent with scien-
tific conventions. This section surveys representa-
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tive datasets supporting these two complementary
stages in the development of scientific LLMs.

5.1 Foundational Pre-training Datasets

Foundational pre-training relies on large-scale sci-
entific datasets that expose models to general lin-
guistic structures, specialized terminology, and
discipline-specific discourse patterns. Reposito-
ries such as arXiv (Cornell University, 2023)
and PubMed/PMC (U.S. National Library of
Medicine, 1996; National Center for Biotechnology
Information, 2023) offer structured, peer-reviewed
content spanning a wide range of scientific fields,
forming reliable bases for technical vocabulary
learning and domain-consistent language model-
ing. Extended resources such as S2ORC (Lo et al.,
2020) further enrich this landscape by providing
millions of full-text articles augmented with cita-
tion graphs, allowing models to capture intertextual
dependencies and relational patterns that underpin
scientific reasoning. More general multi-domain
datasets, including The Pile (Gao et al., 2020),
RedPajama (Weber et al., 2024), and Dolma
(Soldaini et al., 2024), integrate scientific litera-
ture with web data and code, balancing domain
specificity with linguistic diversity and robustness.
Crisis-driven collections such as CORD-19 (Wang
and et al., 2020) demonstrate the importance of
rapid dataset construction in response to urgent
scientific challenges. Formula-oriented datasets
like Nemotron-CC-Math (Mahabadi et al., 2025),
which extract LaTeX expressions via layout-aware
pipelines, further strengthen mathematical and sym-
bolic reasoning capabilities.

Pre-training datasets constitute the backbone of
scientific LLMs by providing linguistic breadth
and intertextual context. Recent trends emphasize
richer structural annotations and heterogeneous
representations, underscoring the importance of
combining lexical coverage with inter-document
relational knowledge for effective scientific pre-
training. Key dataset attributes include disciplinary
diversity, full-text availability, citation connectivity,
and temporal span. Future datasets should pur-
sue scale while incorporating structural and multi-
modal richness, capturing discourse organization,
argumentation patterns, and cross-domain reason-
ing signals essential for robust scientific language
modeling.

5.2 Instruction Fine-tuning Datasets

Instruction fine-tuning adapts pre-trained LLMs to
produce outputs that conform to scientific norms,
such as clarity, reproducibility, and evidence-based
reasoning. Datasets including SciInstruct (Zhang
et al., 2024a) and SciRIFF (Wadden et al., 2025)
define structured tasks that emulate question an-
swering, explanation generation, and hypothesis
assessment, thereby aligning model behavior with
domain-specific expectations. IEPile (Gui et al.,
2024b) integrates 33 datasets across multiple do-
mains into a bilingual corpus (0.32B characters)
with instruction augmentation and hard-negative
sampling; InstructIE (Gui et al., 2024a) provides
a bilingual instruction dataset covering 12 themes
from Wikipedia and Wikidata to guide triple ex-
traction via natural-language prompts. More spe-
cialized instruction corpora, such as SMolInstruct
(Yu et al., 2024) and HoneyBee (Song et al., 2023),
target molecular and materials science reasoning,
reflecting a shift toward fine-grained, task-realistic
instruction design. The incorporation of multilin-
gual and socio-technical resources, exemplified by
CSL (Li et al., 2022) and IDL (University of Cali-
fornia, San Francisco, 2023), further improves ro-
bustness and applicability across diverse scientific
settings. In addition, large-scale vision-language
resources such as BIOMEDICA (Lozano et al.,
2025) provide millions of expert-curated biomed-
ical image–text pairs, supporting both instruction
tuning and evaluation in multimodal scientific con-
texts. Multimodal ArXiv (Li et al., 2024b) pro-
vides aligned document renderings and source text,
enabling joint modeling of visual and textual scien-
tific signals.

Instruction fine-tuning datasets bridge the gap
between generic language modeling and domain-
aware scientific reasoning. Core design consider-
ations include task realism, schema consistency,
multilingual support, and adherence to scientific
standards of explanation and evidence. Future di-
rections should emphasize broader thematic cov-
erage, more diverse instruction formats, and the
integration of provenance and verification signals,
enabling instruction corpora to more reliably guide
LLMs toward accurate and context-sensitive scien-
tific outputs.

6 Future Directions

Despite the rapid growth in scientific literature
datasets, persistent challenges remain in annota-
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tion scalability, reasoning depth, cross-document
inference, and the standardization of AI-ready cor-
pora.

Scalable Annotation via Human-AI Synergy
The complexity of scientific domains makes re-
liance on manual labeling unsustainable. Future
frameworks should leverage LLMs to synthesize
preliminary annotations at scale, employing experts
primarily for verifying high-uncertainty instances
and defining reasoning rubrics. Approaches like hy-
brid machine-human labeling (Wang et al., 2024a)
and uncertainty-aware active learning pipelines
(Liu et al., 2025; Wadden et al., 2025) offer a path
to maximize efficiency without compromising fi-
delity. Furthermore, establishing community-wide
standards and structured metadata (Lo et al., 2020;
Zhang et al., 2024a) is essential to foster semantic
consistency and cross-disciplinary reproducibility.

Authentic Multimodal Understanding To sup-
port deep, context-aware inference, the next gener-
ation of datasets should unify multimodal informa-
tion into holistic frameworks. While recent works
have begun to integrate heterogeneous inputs (Li
et al., 2024c), future datasets should prioritize fine-
grained semantic linking—tracing connections be-
tween textual claims and specific chart components
or table cells (Wang et al., 2024b). Ultimately,
datasets must simulate rigorous cross-modal syn-
thesis, moving beyond retrieval to mandate the joint
symbolic and visual reasoning (Pramanick et al.,
2024) reflective of authentic scientific workflows.

Cross-document Scientific Reasoning Synthe-
sizing evidence across dispersed literature is cen-
tral to scientific discovery. Future datasets should
expand beyond single-document tasks to require
multi-hop inference over vast corpora, evaluating
model ability to connect distant concepts (Lála
et al., 2023). Crucially, models must learn to rec-
oncile conflicting results across studies (Fernandes
et al., 2024) and perform longitudinal analysis to
track knowledge evolution. Leveraging temporal
datasets (Liu et al., 2023b; Chen et al., 2025) will
be key to enabling forward-looking reasoning and
identifying emerging research gaps.

Standardized and Executable Ecosystems To
resolve issues of reproducibility and interop-
erability, the field requires standardized, well-
documented datasets. Future efforts should focus
on consistent preprocessing protocols that system-
atically extract text, tables, figures and formulas

(Pfitzmann et al., 2022), adaptable to diverse do-
mains. Moreover, integrating rich metadata and
traceable provenance (Lo et al., 2020; Hu et al.,
2024) is vital for auditability. By establishing in-
teroperable formats compatible with large-scale
training (Smock et al., 2022; Singh et al., 2024b),
future datasets will serve as the bedrock for robust,
cross-domain AI systems.

7 Conclusions

Scientific literature understanding has become an
imperative for coping with the unprecedented pro-
liferation of scholarly publications. In this sur-
vey, we systematize the dataset landscape through
a four-part taxonomy: structural understanding,
text understanding, multimodal understanding and
pre-training/instruction fine-tuning. This survey
is intended to serve as a practical reference for
dataset selection and a conceptual scaffold for fu-
ture dataset construction, ultimately solidifying ro-
bust scientific literature understanding as a corner-
stone for realizing the AI4S vision.

Limitations

This survey has several limitations. First, our scope
is centered on datasets derived from scientific liter-
ature, and we do not comprehensively cover com-
plementary AI4S resources such as experimen-
tal measurements, laboratory notebooks, simula-
tions, molecular/protein databases, or instrument-
generated multimodal signals, which are increas-
ingly integrated into end-to-end scientific work-
flows. Second, the surveyed datasets are skewed
toward English and high-resource disciplines, leav-
ing multilingual settings and long-tail scientific do-
mains underrepresented; consequently, conclusions
about generalization may not fully transfer to low-
resource languages or specialized subfields. Third,
due to rapid dataset turnover and heterogeneous
reporting standards, comparisons across datasets
are sometimes impeded by inconsistent task def-
initions, annotation conventions, and evaluation
protocols.
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A Appendix A: Dataset List

To facilitate future research and provide a clear
overview of the dataset landscape, we have sum-
marized the detailed statistics of existing datasets
into four categorized tables. Specifically, Table 1
presents datasets focused on structural understand-
ing, covering layout analysis and element recogni-
tion. Table 2 details resources for text understand-
ing tasks, such as information extraction and sum-
marization. Addressing more complex scenarios,
Table 3 lists datasets for multimodal understanding.
Finally, Table 4 provides specifications for datasets
used in foundational pre-training and instruction
fine-tuning.
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Table 1: Datasets for Structural Understanding. Abbreviations: Auto: Automatically Labeled; Human: Human-
annotated.

Dataset Year Label Domain Size Quality Control Source
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(Li et al., 2020b)

2020 Auto Multi-domain 500K pages — arXiv

SciBank
(Grijalva et al., 2022)

2022 Human Multi-domain 74,435 pages Human verification/review; 12 regions validated
by human curators

—

DocLayNet
(Pfitzmann et al., 2022)

2022 Human Multi-domain 80.9K pages Annotation guidelines/training; annotator
qualification/screening; continuous quality
control

arXiv; government offices;
company websites; data
directory services for financial
reports and patents
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(Ouyang et al., 2025)

2025 Human&
Auto

Multi-domain 981 pages Automatic pre-annotation; annotator correction;
expert audit

Common Crawl; Google; Baidu;
internal data
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(Zhang et al., 2024d)

2024 Auto Multi-domain 6.8M pages Quality grading; human validation arXiv
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(Cheng et al., 2023)

2023 Human Multi-domain 237K
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Annotation guidelines/training; 47 annotators;
author final check

arXiv; Chinese People’s Daily;
VKontakte
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(Blecher et al., 2023)

2023 Auto Multi-domain 8.2M pages Rule-/threshold-based validation (page-break
matching avg ≥0.9)

arXiv; PubMed Central;
Industry Documents Library
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(Ji et al., 2025)

2025 Auto Computer
Science

500K parsed
pairs
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domain-specific quality control; erroneous data
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Papers with Code; arXiv

Table Recognition

SciTSR
(Chi et al., 2019)

2019 Auto Multi-domain 15K tables — arXiv

PubTabNet
(Zhong et al., 2020)

2020 Auto Biomedical 568K tables Programmatic verification (TF-IDF text
matching)

PMCOA

ICDAR-2019 (cTDaR)
competition
(Gao et al., 2019)

2019 Human Multi-domain 1,639 images — 23+ institutions; modern PDF
documents
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(Smock et al., 2022)

2021 Auto Multi-domain 948K tables Canonicalization; automated quality control;
cell-level verification

PMCOA
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(Li et al., 2020a)
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(Jobin et al., 2019)

2019 Human&
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Computer
Science
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— public Excel sheets from the
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(Liu et al., 2023a)
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IM2LATEX
(Deng et al., 2016)

2017 Auto Multi-domain 103,556
equations

Cleaning/deduplication/filtering;
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2003 KDD Cup

ArxivFormula
(Hu et al., 2024)

2023 Auto Multi-domain 600K pages Cleaning/filtering (matching, compilation,
unexpected formulas); human
verification/review

arXiv

IBEM
(Anitei et al., 2023)

2022 Human&
Auto

Multi-domain 166K
expressions

Manual document screening; annotator
correction of highlighting macros/bounding
boxes; manual correction of ~5% reconstructed
expressions

KDD Cup collection

DECIMER.ai
(Rajan et al., 2023)

2023 Auto Chemistry 450M
depictions

— PubChem

MolScribe
(Qian et al., 2023)

2023 Human Chemistry 331 images — ACS Publications
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Table 2: Datasets for Text Understanding. Abbreviations: Multi-doc: Multi-document; Eval-only: Evaluation-only;
NER: Named Entity Recognition; RE: Relation Extraction; SDS: single-document summarization; MDS: Multi-
Document Summarization; Para-QA: Paragraph-level Question Answering; Doc-QA: Document-level Question
Answering; AM: Argument Mining; Auto: Automatically Labeled; Human: Human-annotated.

Dataset Year Task Multi-
doc

Eval-
only

Label Domain Size Quality Control Source

Information Extraction

GENIA
(Kim et al., 2003)

2003 NER No No Human Biomedical 2K abstracts Expert annotation by two domain experts MEDLINE

BC2GM
(Smith et al., 2008)

2008 NER No No Human Biomedical 20K sentences Combined automated and manual review; manual
boundary confirmation; manual consistency review

MEDLINE

NCBI Disease
(Doğan et al., 2014)

2014 NER No No Human&
Auto

Biomedical 793 abstracts Automatic pre-annotation; two annotators; consensus
discussion; corpus-wide consistency check

PubMed

CHEMDNER
(Krallinger et al., 2015)

2015 NER No No Human Biomedical 10K abstracts Inter-annotator agreement (91%); second curator team
for test set; manual revision of conflicts; final approval
by guideline developers

PubMed

ESDC
(Li et al., 2024a)

2023 IE — No Human Earth
Science

500 abstracts Annotation guidelines/procedures tailored for earth
science data

Abstracts from authoritative
journals

BC5CDR
(Li et al., 2016)

2016 RE No No Human&
Auto

Biomedical 1.5K abstracts Two annotators per article; adjudication by senior
annotator; IAA measured by Jaccard score

PubMed; CTD-Pfizer corpus

BioRED
(Luo et al., 2022)

2022 RE No No Human&
Auto

Biomedical 600 abstracts Three annotators per article; senior annotator review
for unresolved cases; two biologists assessed novelty;
IAA reported for entity/relation/novelty

PubMed

Summarization

WikiHow
(Koupaee and Wang, 2018)

2018 SDS No No Human Multi-
domain

204K articles Rule-/threshold-based validation (summary shorter
than article); size-based filtering

WikiHow

PubMed/Arxiv
Summarization
(Cohan et al., 2018)

2018 SDS No No Auto Multi-
domain

348K papers Cleaning/filtering of overly long/short documents;
exclusion of papers without abstract/discourse
structure; arXiv text conversion/cleaning; section
truncation up to conclusion

arXiv; PubMed

SCITLDR
(Cachola et al., 2020)

2020 SDS No No Human Computer
Science

3.2K papers Annotation guidelines/training; guideline-based
rewriting; manual assessment of every summary;
filtering of non-adherent TLDRs; annotator
qualification/screening

OpenReview; peer review
comments

FacetSum
(Meng et al., 2021)

2021 SDS No No Human Multi-
domain

60K articles — Emerald

CS-PaperSum
(Liu et al., 2025)

2025 SDS No No Auto Computer
Science

91.9K papers Programmatic verification (embedding alignment;
keyword overlap)

Semantic Scholar

Multi-XScience
(Lu et al., 2020)

2020 MDS Yes No Auto Multi-
domain

40.5K instances Five cleaning iterations; human verification/review;
sample-level human evaluation

arXiv; MAG

MS2
(DeYoung et al., 2021)

2021 MDS Yes No Human Biomedical 20K reviews Five annotators labeled 3K sentences; two annotators
reviewed/corrected labels; manual review of all 4,519
TARGET test sentences

Semantic Scholar; PubMed

BigSurvey
(Liu et al., 2023b)

2022 MDS Yes No Auto Computer
Science

4.5K surveys Cleaning/deduplication/filtering; exclusion of parse
failures; filtering of too-short texts or
too-few-reference-paper outliers

arXiv; Microsoft Academic
Service; Semantic Scholar

SurveySum
(Fernandes et al., 2024)

2024 MDS Yes No Human Computer
Science

79 sections Human verification/review of selected surveys; manual
verification of extracted citations; manual
search/retrieval for missing papers

Google Scholar; arXiv; Semantic
Scholar

Question Answering

BioRead
(Pappas et al., 2018)

2018 Para-QA No No Auto Biomedical 16.4M instances MetaMap concept normalization;
rule-/threshold-based filtering (max length/candidates);
OOV replacement; human evaluation on BioReadLite

PMCOA

PubMedQA
(Jin et al., 2019)

2019 Para-QA No No Human&
Auto

Biomedical 273K QA pairs Two annotators with adjudication for PQA-L;
rule-based filtering for answerable questions; heuristic
generation for PQA-A

PubMed

BioMRC
(Pappas et al., 2020)

2020 Para-QA No No Auto Biomedical 813K instances PubTator/DNorm entity annotations; multiple filtering
rules to remove noisy or too-easy instances; human
evaluation on BIOMRC-TINY

PubTator; PubMed

ScholarlyRead
(Saikh et al., 2020)

2020 Para-QA No No Human&
Auto

Computer
Science

10K QA pairs Automatic question generation; human
verification/review; 2-annotator review; inter-annotator
agreement for naturalness (κ=0.71)

Elsevier; ARTINT; COMNET

ChemLLMBench
(Guo et al., 2023)

2023 Reasoning No Yes Human Chemistry 8 tasks Expert consultation for task selection; validation-based
prompt/configuration selection; five repeated
evaluations per task

BBBP; Tox21; PubChem;
USPTO; ChEBI

ScholarChemQA
(Chen et al., 2025)

2024 Para-QA No No Human&
Auto

Chemistry 40K QA pairs Four PhD annotators; double annotation with
third-annotator adjudication; initial agreement
(κ=0.62); GPT-4 fluency check for rewritten questions

Elsevier; Springer; Scopus;
ScienceDirect; Springer Nature;
Crossref; Lens
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COVID-QA
(Möller et al., 2020)

2020 Doc-QA No No Human COVID-19 2,019 QA pairs Volunteer biomedical experts; credentials vetted by a
medical doctor; manual verification of each QA pair

CORD-19

QASPER
(Dasigi et al., 2021)

2021 Doc-QA No No Human NLP 5,049 QA pairs Decoupled question-writing/answering; annotation
guidelines/training; annotator qualification/screening;
multiple annotations for many questions

S2ORC; arXiv; ACL Anthology;
Semantic Scholar

QASA
(Lee et al., 2023)

2023 Doc-QA No No Human AI/ML 1,798 QA pairs Annotator training/practice; two-author review with
additional practice for discrepancies; filtering of
insufficient annotators; domain-expert validation and
manual checks of answer correctness/groundedness

S2ORC; arXiv

ScholarQABench
(Asai et al., 2024)

2024 Doc-QA Yes Yes Human Multi-
domain

2.97K queries PhD-level expert annotation; expert-written long-form
answers; automatic and human evaluation; rubric
agreement check for SCHOLARQA-CS

peS2o (S2ORC)

SciQAG-24D
(Wan et al., 2024)

2024 Doc-QA No No Auto Multi-
domain

188K QA pairs LLM-based evaluation (GPT-4 RACAR); two domain
experts checked 100 QA pairs; threshold-based
filtering (score < 3); rule-based filtering of
paper-dependent phrasing

Web of Science Core Collection;
Elsevier; Springer Nature; Royal
Society of Chemistry

PeerQA
(Baumgärtner et al., 2025)

2025 Doc-QA No No Human Multi-
domain

579 QA pairs Question cleaning/filtering;
decontextualization/decomposition; author feedback
for correction/removal; GPT-4 answer rephrasing
augmentation

NLPeer; OpenReview; Earth
System Dynamics; Earth Surface
Dynamics; F1000

LitSearch
(Ajith et al., 2024)

2024 Doc-
Retrieval

Yes No Human Multi-
domain

597 queries GPT-4 question generation for inline-citation subset;
word-overlap filtering; manual examination/editing by
authors for specificity and quality

S2ORC; ACL Anthology; ICLR

LitQA
(Lála et al., 2023)

2023 Doc-QA Yes No Human Biology 50 QA pairs Researcher-written and reviewed questions;
independent review by at least one co-author per
question

Google Scholar; arXiv; PubMed
Central; OpenAlex; PubMed

SCIDQA
(Singh et al., 2024a)

2024 Doc-QA Yes No Human&
Auto

Multi-
domain

2.9K QA pairs LLM-based QA extraction; domain-expert annotation
for relevance; question/answer rewriting and
decontextualization; source-document annotation and
reference editing

OpenReview

SCIBENCH
(Wang et al., 2024a)

2024 Reasoning No Yes Human Multi-
domain

869 problems Manual extraction from PDFs; manual LATEX
conversion/verification; human-verified code snippets;
human annotation of error reasons with LLM-assisted
summarization

College-level textbooks; course
exams

LLM4Mat-Bench
(Niyongabo Rubungo et al., 2025)

2025 Reasoning No No Auto Materials
Science

1.98M samples Deterministic generation; duplicate-pair removal;
length filtering (< 5 words); fixed train/validation/test
splits

hMOF; Materials Project;
OQMD; OMDB; JARVIS-DFT;
QMOF; JARVIS-QETB;
GNoME; Cantor HEA; SNUMAT

SciEval
(Sun et al., 2024)

2024 Reasoning No Yes Human&
Auto

Multi-
domain

18K QA pairs Rule-based preprocessing; GPT-4 suitability check and
answer/option generation; manual checking of
GPT-4-generated content; regularly updated dynamic
subset

Socratic Q&A; MedQA;
PubMedQA; ChemLLMBench
(Reagent Selection); PubChem;
university basic science
experiment courses

Xiezhi
(Gu et al., 2024)

2024 Reasoning No Yes Human&
Auto

Multi-
domain

249.6K QA pairs Manual selection/annotation of Xiezhi-Meta; ChatGPT
discipline tagging and model-assisted auto labeling;
keyword filtering of unanswerable questions; manual
checking of Chinese/English translated data

Chinese examinations; Chinese
academic surveys/reviews;
Chinese Graduate Entrance
Examination

SciKnowEval
(Feng et al., 2024)

2024 Reasoning No Yes Human&
Auto

Multi-
domain

70.2K QA pairs Three-stage quality control: initial LLM screening;
sample-level human evaluation (~5%) by two domain
experts; LLM post-screening using summarized failure
types

Scientific literature; textbooks;
databases; existing benchmarks

Argument Mining

AZ
(Teufel et al., 2009)

2009 Discourse No No Human Multi-
domain

5.4K sentences Annotation guidelines/training; annotator justification
review; manual sentence-split correction;
inter-annotator agreement (κ=0.71/0.65)

Royal Society of Chemistry
journals; Computation and
Language archive

CoreSC
(Liakata et al., 2010)

2010 Discourse No No Human Chemistry 265 full papers Annotation guidelines/training; 16 chemistry experts;
multiple annotation with cross-group consistency
check; inter-annotator agreement (κ=0.57/0.50)

—

SciCite
(Cohan et al., 2019)

2019 Discourse No No Human Computer
Science
& Medicine

11K
instances

Annotator qualification/screening (50 test questions;
accuracy ≥75%); confidence filtering (> 0.7); expert
audit (n=100; 86% agreement); expert-annotated test
set (n=1,861)

Semantic Scholar

FineCite
(Jantsch et al., 2025)

2025 Discourse No No Human NLP 1.1K citation
contexts

Annotation guidelines/training; iterative guideline
refinement (5 rounds); sample-level human audit
(10%); inter-annotator agreement (F1-total=0.75;
F1-macro=0.48; κ=0.55)

ACL Anthology Network Corpus

SciArg
(Lauscher et al., 2018)

2018 AM No No Human Computer
Graphics

40 papers Annotation guidelines/training; 1 expert + 3
non-experts; calibration with iterative adjudication (5
rounds); F1-based inter-annotator agreement
monitoring

Dr. Inventor Corpus

MulMS-AZ
(Schrader et al., 2023)

2023 AM No No Human Materials
Science

10.2K sentences Annotation guidelines/training; domain-expert
annotation; sample-level human audit (5 docs; 357
sentences); inter-annotator agreement (κ=0.39–0.89)

SOFC-Exp; OA-STM; PubMed;
DOAJ

SciARK
(Fergadis et al., 2021)

2021 AM No No Human Multi-
domain

1K abstracts Annotator quality assessment (pairwise κ); 3
annotators/abstract; MACE + majority-vote
aggregation; inter-annotator agreement (Fleiss’
κ=0.669)

PubMed; Semantic Scholar

ARG-ALIGN
(Gao et al., 2024)

2024 Alignment No No Auto Biomedical 17.4K abstract
pairs

Rule-based section filtering; schema/metadata
validation (PMCOA; year=2022);
CONCLUSIONS-section extraction; max 3 conclusion
sentences

PMCOA

CLAIM-BENCH
(Javaji et al., 2025)

2025 Alignment No Yes Human AI/ML 346 claim-evidence
pairs

Annotation guidelines/training; 4 PhD annotators;
sample-level human audit (30 papers); inter-annotator
agreement (Claim κ=0.66; Evidence κ=0.30)

—
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Table 3: Datasets for Multimodal Understanding. Abbreviations: Multi-doc: Multi-document; Eval-only:
Evaluation-only; Auto: Automatically Labeled; Human: Human-annotated.

Dataset Year Multi-
doc

Eval-
only

Label Domain Size Quality Control Source

Table Understanding

S2abEL
(Lou et al., 2023)

2023 No No Human&
Auto

Computer
Science

732 tables Annotator training with IAA;
disagreement discussion; post-hoc expert
audit

arXiv; Papers with Code

Wiki-TabNER
(Koleva et al., 2024)

2024 No No Auto Multi-
domain

61K tables Automatic filtering of unlabeled tables Wikipedia

AxCell
(Kardas et al., 2020)

2020 No No Human Computer
Science

1,400 tables — arXiv

LEGOBench
(Singh et al., 2024b)

2024 Yes Yes Human&
Auto

Computer
Science

3,666 datasets — arXiv; Papers with Code

SCITAT
(Zhang et al., 2025)

2024 No No Human&
Auto

Computer
Science

953 questions Annotation training; annotator screening;
two-round validation

arXiv

SciTabQA
(Ghosh et al., 2024)

2024 No No Human&
Auto

Computer
Science

198 tables and
822 QA pairs

Annotation re-evaluation/validation SciGen; Computation and
Language articles

Figure Understanding

ACL-FIG
(Karishma et al., 2023)

2023 No No Auto Comp. Sci.
(NLP)

112K figures Human inspection of clusters ACL Anthology

SciFIBench
(Roberts et al., 2024)

2024 No Yes Human&
Auto

multi-
domain

2,000 questions Adversarial filtering; human verification arXiv; SciCap;
ArXivCap

SciCap+
(Yang et al., 2023)

2023 No No Auto multi-
domain

414,809 figures Sample-level human relevance evaluation SciCap;
arXiv

ArXivCap
(Li et al., 2024b)

2024 No No Auto multi-
domain

6.4M images &
3.9M captions

Publication-type filtering;
caption/image cleaning/filtering;
manual inspection (100 pairs)

arXiv

CharXiv
(Wang et al., 2024b)

2024 No Yes Human multi-
domain

2,323 charts Expert selection/curation; human
verification

arXiv

SciGraphQA
(Li and Tajbakhsh, 2023)

2023 No No Auto multi-
domain

295K samples LLM-based verification (GPT-4 quality
assessment)

SciCap+;
arXiv

CHART-Info 2024
(Davila et al., 2024)

2024 No Yes Human&
Auto

multi-
domain

36,182 training
charts & 15,093
test charts

Automatic pre-annotation;
annotator verification/correction;
validator approval

PubMed
Central

FlowLearn
(Pan et al., 2024)

2024 No No Human&
Auto

Multi-
domain

13,858
diagrams

Rule-based filtering with manual
verification; annotator verification

arXiv;
Mermaid

Plot2XML
(Cui et al., 2025)

2025 No Yes Human Computer
Science

247 diagrams Manually verified gold-standard XML
annotations; human evaluation by
domain experts

Conference papers across
multiple domains

SciDoc2Diagrammer-
MAF
(Mondal et al., 2024)

2024 Yes Yes Human&
Auto

Computer
Science

1080 diagrams Expert annotation; author manual
checking of intents

ACL Anthology;
TutorialBank

MedICaT
(Subramanian et al., 2020)

2020 No No Human&
Auto

Biomedical 217K images Keyword filtering; classifier-based filtering;
multi-phase manual annotation/review

PubMed Central;
S2ORC

ROCOv2
(Rückert et al., 2024)

2024 No No Human&
Auto

Biomedical 79,789 images Automatic filtering of non-compound/
radiological images; license/caption
filtering; manual concept curation;
radiologist validation

PMCOA

Open-PMC-18M
(Baghbanzadeh et al., 2025)

2025 No No Human&
Auto

Biomedical 18M image-text
pairs

Metadata-based filtering;
ResNet filtering for medical
relevance; transformer-based
subfigure extraction

BIOMEDICA;
PMCOA

Formula Understanding

FormulaReasoning
(Li et al., 2025)

2024 No No Human&
Auto

Multi-
domain

5,324 questions LLM-assisted annotation;
rule-based checking;
programmatic verification
(Numbat); manual
review/correction;
cross-validation

Junior high school
physics exam questions
from public sources

MATP-BENCH
(He et al., 2025)

2025 No Yes Human Math 1056
multimodal
theorems

Manual formalization; independent review
by at least one other team member

Public multimodal math problem
datasets; public Mathematical
Olympiad examinations

Multimodal Reasoning

SciMMIR
(Wu et al., 2024)

2024 No No Human&
Auto

Multi-
domain

530K
image-text pairs

Keyword-based classification;
manual review of 2,000 images
by three graduate students;
iterative keyword refinement

arXiv

MMMU
(Yue et al., 2024)

2023 No Yes Human Multi-
domain

11.5K
questions

Duplicate detection and manual review;
format and typo checking; manual
difficulty filtering

College exams; quizzes;
textbooks; online resources

MMSci
(Li et al., 2024c)

2024 No No Human&
Auto

Multi-
domain

131K articles Peer-reviewed source data; regex-based
sub-caption extraction; manual review of
figure types; GPT-4o-based figure-type
classification

Nature
Communications

SPIQA
(Pramanick et al., 2024)

2024 No No Human&
Auto

Computer
Science

270K questions Automatic and manual curation;
pilot-study human
verification/review; manual
filtering of evaluation sets;
double-annotation agreement
check

arXiv; TeX sources from
top-tier computer science
conferences

MathVerse
(Zhang et al., 2024c)

2024 No Yes Human Math/
Geometry

15K test
samples

Expert annotation;
comprehensive review of answer
accuracy, question-diagram
consistency, and
category relevance

Public question repositories;
GeoQA; GEOS;
Geometry3K
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Table 4: Datasets for Pre-training and Instruction Fine-tuning. Abbreviations: NER: Named Entity Recognition;
RE: Relation Extraction; EE: Event Extraction; QA: Question Answering; Auto: Automatically Labeled; Human:
Human-annotated.

Dataset Year Label Domain Size Quality Control Source Task

Foundational Pre-training Datasets

arXiv (Cornell
University, 2023)

1991 Auto Multi-domain 2.6M full-text
papers

— arXiv Pre-training

PubMed (U.S. National
Library of Medicine,
1996)

1966 Auto Biomedical 22M citations
and abstracts

XML formatting/syntax review;
bibliographic
accuracy/completeness check;
bibliographic data verification

MEDLINE; life science
journals; online books

Pre-training

PubMed Central
(PMC) (National Center
for Biotechnology
Information, 2023)

2000 Auto Biomedical 2.7M articles Automated and manual checks;
schema validation; manual QA;
automated data integrity checks

Journal publishers; NIHMS
author manuscripts

Pre-training

S2ORC (Lo et al., 2020) 2020 Auto Multi-domain 81.1M papers PDF filtering; regex postprocessing;
majority-vote metadata selection;
language/content filtering

Academic publishers; MAG;
arXiv; PubMed; open Internet

Pre-training

The Pile
(Gao et al., 2020)

2020 Auto Multi-domain 825.18 GiB
English text

Extraction/filtering; preprocessing;
deduplication

Common Crawl; PubMed
Central; arXiv; GitHub;
FreeLaw; Stack Exchange;
USPTO; PubMed; Project
Gutenberg; Wikipedia;
OpenSubtitles; DM
Mathematics; BookCorpus;
Ubuntu IRC; EuroParl;
YouTube; PhilPapers; NIH
ExPorter; HackerNews; Enron
Emails

Pre-training

RedPajama (Weber
et al., 2024)

2024 Auto Multi-domain 100T tokens CCNet processing; fastText quality
filtering; deduplication; 46 quality
signals

Common Crawl; C4; GitHub;
Wikipedia; Project Gutenberg;
Books3; arXiv; Stack
Exchange

Pre-training

Dolma (Soldaini et al.,
2024)

2024 Auto General 3T tokens Language/quality/toxicity filtering;
PII masking/removal; exact
URL/document/paragraph
deduplication

Common Crawl; GitHub;
Reddit; Semantic Scholar;
Project Gutenberg; Wikipedia;
Wikibooks

Pre-training

CORD-19 (Wang and
et al., 2020)

2020 Auto COVID-19 140K papers Metadata
harmonization/deduplication;
identifier-based clustering;
canonical metadata selection;
open-access/license filtering

PubMed Central; PubMed;
WHO COVID-19 Database;
bioRxiv; medRxiv; arXiv;
Elsevier; Springer Nature

Pre-training

Nemotron-CC-Math
(Mahabadi et al., 2025)

2025 Auto Math 133.26B tokens Lynx rendering; LLM-based
cleaning; FineMath classifier
filtering; fuzzy deduplication;
benchmark decontamination

Common Crawl Pre-training

Instruction Fine-tuning Datasets

SciInstruct (Zhang et al.,
2024a)

2024 Auto Multi-domain 254K
instructions

Self-reflective critic-and-revise;
GPT-4 answer checking;
instruction-quality classifier filtering

Textbooks; pedagogical
materials; problem sets;
public Q&A websites;
LeanDojo

Scientific
instruction
tuning

SciRIFF (Wadden et al.,
2025)

2025 Human Multi-domain 137K
demonstrations

Expert-written instruction templates;
template double-checking; dataset
selection with
license/documentation criteria

Existing scientific literature
understanding datasets

54 tasks

IEPile (Gui et al.,
2024b)

2024 Human&
Auto

Multi-domain 33 datasets Format unification;
deduplication/filtering of
low-quality data; GPT-4
hard-negative schema construction;
manual review; batched instruction
generation

33 public English and Chinese
IE datasets

NER, RE, EE

InstructIE (Gui et al.,
2024a)

2023 Human&
Auto

Multi-domain 364K instances Expert-written instructions; label
schema unification; label
normalization into natural language;
text-to-text transformation

32 publicly available IE
datasets

NER, RE, EE

SMoIlnstruct (Yu et al.,
2024)

2024 Human&
Auto

Molecular 3.4M samples Filtering of invalid
SMILES/duplicates/data leakage;
careful data splitting; manual
templates with GPT-4 rephrasing

PubChem; MoleculeNet;
ChEBI-20; Mol-Instructions;
USPTO-full

Molecular
instruction
tuning

HoneyBee (Song et al.,
2023)

2023 Auto Materials
Science

52K instructions LLM-based verification;
sample-level human audit (n=50)

arXiv NER, RE,
Classification,
QA, etc.

CSL (Li et al., 2022) 2022 Human Multi-domain 396K paper
metadata

Core-journal filtering; single-field
journal filtering; guideline-based
volunteer discipline annotation

NSTR; Chinese Core Journals Summarization,
Keyword
Generation,
Text
Classification

IDL (University of
California, San
Francisco, 2023)

2023 Auto Industry 4.6M
documents

Cleaning/filtering of
empty/faulty/broken/overlength
PDFs; OCR annotation with
Amazon Textract

Industry Documents Library Pre-training

BIOMEDICA (Lozano
et al., 2025)

2025 Human&
Auto

Biomedical 30.7M figure
references

PCA+k-means clustering; expert
cluster annotation; majority-vote
label resolution; re-evaluation of
single-reviewer labels; label
propagation

PMCOA Figure
Captioning

Multimodal ArXiv (Li
et al., 2024b)

2024 Auto Multi-domain 6.4M images;
100K QA pairs

Publication-type filtering;
title/abstract length filtering;
rule-based caption/image cleaning;
manual inspection and ArXivQA
quality analysis

arXiv; Semantic Scholar Figure
Captioning, QA
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