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Abstract

We introduce Scientific Table Generation
(STG), the task of extracting information from
scientific documents to populate a table. We
argue that STG can serve as a unifying task
for structured knowledge extraction from sci-
entific literature. To support this goal, we
present the first multi-disciplinary benchmark
for STG with predefined schemas and multi-
record extraction, covering six scientific do-
mains and comprising 20 datasets unified un-
der our proposed formulation. We detail the
benchmark’s construction, including dataset
composition, and introduce an STG evalua-
tion protocol. We analyse the results of zero-
shot large language model (LLM) and vision-
language model (VLM) pipelines with typi-
cal document processing AI methods for the
STG task. In doing so, we identify key chal-
lenges of the STG task and propose a set of
open challenges, including multimodality, ta-
ble and figure understanding, normalisation
of data, and treatment of reported quantities.
All code and data accompanying this work are
publicly available at1: https://github.com/
bolucunecva/table_generation

1 Introduction

The exponential growth of scientific literature has
made it increasingly challenging for researchers to
extract and organise key findings efficiently (Cai
et al., 2024; Reddy and Shojaee, 2025). Manual
methods, once manageable, are now overwhelmed
by the sheer volume of publications (Borah et al.,
2017; Cai et al., 2024). This has created a niche for
automated tools (e.g., Elicit2 and SciLire (Bölücü

* This work was done when the author was affiliated with
CSIRO.

1This repository will save researchers significant time.
Instead of manually searching for 20 different datasets, re-
searchers can use our repository to download all datasets
directly, as a download link is provided for each paper. In
addition, researchers can use our evaluation framework, which
streamlines the process and improves overall efficiency.

2https://elicit.com

Figure 1: Benchmark covers six scientific domains:
Medicine, Agriculture, Machine Learning, Physics, Ma-
terial Science, and Chemistry.

et al., 2026)), that can extract and structure infor-
mation from scientific texts.

Information extraction (IE) provides a founda-
tional capability for this transformation by convert-
ing knowledge from unstructured sources into struc-
tured data (e.g., scientific publications, experimen-
tal notes). Such derived data can accelerate knowl-
edge discovery (Horawalavithana et al., 2022), sup-
port predictive modelling (Li et al., 2022), and help
in the development of AI-powered scientific assis-
tants that can help researchers in summarising and
reasoning about large scientific corpora (Lu et al.,
2024; Su et al., 2024; Kulkarni et al., 2025).

While many recognise the need for IE solu-
tions for scientific literature, there has not been
a strong consensus in the problem framing. This
has led to the exploration of this topic under vari-
ous names within the Natural Language Processing
(NLP) community, causing fragmentation and in-
consistency across studies. Different terms have
been used, such as joint named entity recogni-
tion and relation extraction (Townsend et al., 2021;
Huguet Cabot and Navigli, 2021), n-ary relation
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extraction (Jia et al., 2019; Khalighinejad et al.,
2024), Unified Text-to-Schema (Song et al., 2023),
structured IE (Dunn et al., 2022), structured in-
formation inference (Xie et al., 2023b), ad-hoc
schema-based IE (Ghosh et al., 2024), and instruct-
and-extract (Jiao et al., 2023). These studies in-
troduce separate datasets, differing in format and
evaluation strategies, making it difficult to compare
approaches or build systems applicable to all tasks.
Moreover, most focus on specialised scientific do-
mains, e.g., materials science (Ghosh et al., 2024;
Cheung et al., 2024) and enzymes (Jiang et al.,
2025).

We note that the existing common goal in these
works remains the same: to extract structured data
aligned with a predefined schema, a format into
which the extracted information is organised. This
is considered a comprehensive-level task (identi-
fying, extracting and understanding the core con-
tent of documents) (Krathwohl, 2002) in scientific
knowledge benchmarks (Feng et al., 2024; Cai
et al., 2025).

In this work, we introduce the term Scientific
Table Generation (STG), which formalises the
task as extracting key values from unstructured
scientific documents and organising them into a
predefined tabular schema. Noting that scientists
often use tables as a data format, we adopt a table-
centric approach, as it offers a clear, consistent,
and interpretable representation of scientific find-
ings, enabling easier integration and downstream
applications (Jiang et al., 2025; Wei et al., 2025).

To support research for this unified task, we cu-
rate the first multi-disciplinary benchmark (see Fig-
ure 1), standardising datasets introduced in prior
work into a common table-centric format. For
our selection criteria, we focused on (1) respon-
sible AI datasets compliant with FAIR (Findable,
Accessible, Interoperable, and Reusable) princi-
ples (Wilkinson et al., 2016); (2) document-level
extraction of records (records filled with informa-
tion dispersed throughout a document); and (3)
records with more than two fields.

Our assembled benchmark spans 6 scientific
domains3 and includes 20 datasets, reflecting the
broad applicability and diversity across scientific
domains. In addition, we document an evaluation
framework for STG to help evaluate systems across
different scientific domains. In this paper, we dive

3Material Science appears as the dominant class, but is an
interdisciplinary field spanning physics, chemistry, biology,
and engineering.

into the nature of the STG task, identifying specific
challenges, e.g., inconsistencies in value formatting
(e.g., units of measurement) and entity disambigua-
tion. These insights lead us to propose STG open
research topics.

The overarching goal of this paper is to estab-
lish a robust benchmark for STG, enabling con-
sistent and rigorous evaluation of methodologies
developed for this task. Correspondingly, our paper
focuses on three primary contributions. First, we
present the unified task formalism of STG (§ 3) and
describe the benchmark (§ 4), whereby each dataset
is reformatted to align with a common STG schema
and includes: (i) links to documents in PDF format
(e.g., DOI, PubMed, or ArXiv IDs); and (ii) ground
truth tables aligned with the schema. Second, to
facilitate comparisons, we also introduce an evalu-
ation protocol (§ 5) that is customised for the STG
task, such as mechanisms to handle challenges in
scientific IE, such as varying units, format varia-
tions, and multiple records per document. Finally,
our third contribution is a characterisation of the
technical challenges of the STG task, as revealed by
applying baseline LLM and VLM pipelines to the
benchmark data. We analyse the inference results
to gauge the relative differences across scientific
domains and insights about the complexities of the
task.

2 Related Work

Scientific IE STG is part of a broader set of IE
tasks from scientific documents, such as extracting
keyphrases and relations from publications (Augen-
stein et al., 2017), measuring science evolution via
citation and entity extraction (Jurgens et al., 2018),
classifying scientific discourse sentiments (Teufel
et al., 2009), and automatically constructing sci-
entific knowledge graphs (Ammar et al., 2018).
These examples represent a small sample, with
STG contributing by focusing on structured extrac-
tion and reconstruction of scientific tables reporting
experimental results. ArxivDIGESTables (New-
man et al., 2024) studies scientific table genera-
tion for literature-review synthesis, where both the
schema and the values are generated with one row
per paper

In our work, we focus on table-centric docu-
ment IE, a more general problem that subsumes
n-ary relation extraction. To focus on the more
challenging general problem, we move on from the
well-explored space of binary relation extraction
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Figure 2: Visualisation of the Scientific Table Generation (STG) Task. First, the user provides N scientific documents
D = {d1, d2, · · · , dN} and a predefined target schema {h1, · · · , hK}. Second, a structured table is generated:
g(D,S) → T ∈ VM×K . The generated tables can be used for many downstream tasks, such as predictive modelling
and data mining, benchmark creation and evaluation, and meta-analysis and systematic reviews.

and entity extraction, and specialised n-ary relation
extraction instances that have been well explored
in prior NLP work. That is, in favour of multi-
field records (the rows in the table), we excluded
binary relation datasets (e.g. SciERC (Luan et al.,
2018) and DocRED (Yao et al., 2019)), abstract-
level datasets (e.g. SemEval-2018 (Gábor et al.,
2018), BioRED (Luo et al., 2022), and DWIE (Za-
porojets et al., 2021)). We also exclude datasets
targeting unrelated tasks such as classification or
regression (e.g., Darwin (Xie et al., 2023a)).

Scientific Knowledge Benchmarks The pre-
sented benchmark is not the first benchmark pro-
posed for evaluating scientific knowledge tasks.
Other benchmarks include SciAssess (Cai et al.,
2025), SciKnowEval (Feng et al., 2024), Sci-
Fact (Wadden et al., 2020), and SciBench (Wang
et al., 2024a). SciAssess evaluates LLM perfor-
mance on scientific literature analysis tasks, sub-
divided into memorisation, comprehension, and
analysis&reasoning. SciKnowEval is similar, tar-
geting scientific LLM tasks across difficulty levels:
studying extensively, inquiring earnestly, thinking
profoundly, discerning clearly, and practising as-
siduously (Feng et al., 2024). SciBench evaluates
reasoning capabilities for complex scientific prob-
lems (Wang et al., 2024a), while SciFact focuses on
verifying scientific claims based on abstracts (Wad-
den et al., 2020). In contrast, the STG benchmark
uniquely targets the extraction of tables, which is
not addressed by existing benchmarks.

3 Scientific Table Generation

Scientific Table Generation (STG) is the task of
automatically generating a structured table of re-
ported data from unstructured scientific publica-
tions conforming to a predefined schema, a struc-

ture that defines the format into which the extracted
information is organised (Borg et al., 2020; Ghosh
et al., 2024). The goal is to extract relevant infor-
mation across different sections of a scientific doc-
ument, representing these in tabular form, where
each row is a scientific record, and each column
corresponds to a schema attribute.

We formally describe the STG task as fol-
lows. Let D = {d1, d2, · · · , dN} denote a
collection of N scientific documents and S =
{h1, h2, · · · , hK} be a predefined target schema,
where each hj represents an attribute (or column)
in the schema with a total of K columns. The STG
task is the IE transformation, g(D,S) → T , where
T is a table of data of the form T ∈ VM×K , where
M =

∑N
i=1Ri, where Ri is the total number of

scientific records (i.e., rows) per document di ∈ D
that contributes to T .

Furthermore, each cell Tm,j for row m (i.e. a sin-
gle record) and column j, contains a string value,
V ∈ V . This value is a string that can be interpreted
as a qualitative text answer, a reported quantity, or
a category. Figure 2 shows a visualisation of the
STG task, illustrating how information from scien-
tific documents is mapped into a structured table
consistent with the target schema. This formulation
highlights two core challenges: (i) detecting and
aggregating relevant evidence across potentially
long and complex documents, and (ii) organising
the extracted information into structured records
that conform to a fixed schema.

4 Benchmark Construction

We introduce the benchmark, a suite of repurposed
datasets initially proposed for varying related NLP
tasks (e.g., IE, Q&A, . . . ), covering 6 scientific do-
mains: Medicine, Agriculture, Machine Learning,
Physics, Material Science, and Chemistry.
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Domain Dataset # Documents Avg. Pages # Records Records / Document Schema Size Reference

Machine Learning
TDMS 332 10.52 904 2.72 4 Hou et al. (2019)
SciREX 372 11.83 1,897 5.34 5 Jain et al. (2020)

LEGOBENCH 6,995 14.63 145,419 20.79 5 Singh et al. (2024)

Material Science

MPEA 264 8.70 1,544 5.85 17 Borg et al. (2020)
Diffusion 93 14.02 3,533 37.99 18 Zhang et al. (2010)
YSHEAY 219 15.65 837 3.82 3 Polak and Morgan (2024)
CCRMG 24 11.96 43 1.79 3 Polak and Morgan (2024)
Doping 66 6.66 544 8.24 3 Dunn et al. (2022)
MMD 3 6.00 140 46.67 16 Xie et al. (2023a)
MRL 100 5.81 993 9.93 19 Xie et al. (2023a)

PNCExtract 155 8.92 838 5.41 6 Khalighinejad et al. (2024)
PolyIE 76 8.58 2,337 30.75 3 Cheung et al. (2024)

Chemistry

BRENDA-enzyme 155 12.45 4,210 27.16 13 Jiang et al. (2025)
BRENDA-ribozyme 163 11.05 1,756 10.77 17 Jiang et al. (2025)

OPE 104 7.55 255 2.45 7 Cai et al. (2025)
PPE 109 6.97 265 2.43 6 Cai et al. (2025)
SE 96 8.01 2,363 24.61 3 Cai et al. (2025)

Medicine AE 40 4.30 406 10.15 3 Cai et al. (2025)

Agriculture FE 326 11.65 326 1.00 15 Bölücü et al. (2025)

Physics SuperMat 142 8.55 1,301 9.16 4 Foppiano et al. (2021)

Table 1: Statistics of 20 datasets across six domains. The schema of each dataset is given in the Appendix A in
Table 3.

Dataset Selection Criteria This benchmark is
built on datasets that meet several criteria: (i)
document-level datasets (excluding sentence- or
abstract-level IE data sets) and full PDFs can
be obtained; (ii) adherence to the FAIR princi-
ples (Wilkinson et al., 2016) to support repro-
ducibility and community use; and (iii) have n-ary
relations that reflect the complexity of scientific
knowledge.4

These datasets offer a blend of coarse- and fine-
grained information, originating from either pub-
lication in PDF format or a structured document
representation (e.g., XML) of a publication. For
datasets that have only released structured represen-
tations (e.g., SciREX (Jain et al., 2020), MRL (Xie
et al., 2023a)), we collect the corresponding PDFs
via automatic scripts.

Design Choice For STG, we stipulate that the
task should start with the PDF version of a pub-
lication. That is, a key design choice in building
this benchmark is that we do not force a conversion
of the PDFs into plain text, as this presumes some
level of preprocessing that may become outdated in
time. For example, as multimodal approaches be-
come more advanced, we may eventually see a shift
away from PDF parsing as a preprocessing step. To
facilitate this, we distribute links to the PDF pub-
lication (e.g., DOI, ArXiv IDs). This decision has

4Here we use the term n-ary relations to refer to a set of
arguments, some of which might be subsumed by a common
predicate while other arguments are merely associated as part
of a discipline-specific IE task.

benefits: (i) the input can include non-textual ele-
ments (e.g., tables and figures) that are known to
contain key information relevant to information re-
use; and (ii) enables researchers to start with the
original PDF, thereby encouraging transparency of
approaches and reproducibility.5

Overview and Scope The final benchmark in-
cludes 20 datasets that meet our selection crite-
ria. They cover a wide range of scientific con-
cepts, for example, leaderboard construction (e.g.,
TDMS (Hou et al., 2019), LegoBench (Singh et al.,
2024)), enzyme kinetics (e.g., BRENDA (Jiang
et al., 2025)), and polymer collar cells (e.g.,
PolyIE (Cheung et al., 2024)), to name but a few
research topics. The collection includes a variety of
data types, covering both qualitative and quantita-
tive information at various levels of detail. Table 1
provides an overview of the datasets included in
the benchmark. Additional details on the schema
structure, document sources, and domain can be
found in Appendix A.

5 An Evaluation Protocol for STG

Evaluating IE from scientific documents presents
unique challenges. Ideally, one would evaluate
with human experts routinely (Dunn et al., 2022;
Asai et al., 2024; Wang et al., 2024b); however, this
is time-consuming and expensive. We note that sci-
entists often judge the correctness of records as a

5Note that, due to copyright reasons, we do not distribute
the PDFs as part of this dataset. Rather, we provide links and
code for others to download the PDFs themselves.
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Domain Dataset GPT-OSS o1-mini LLaMA 3.3 Nanonets (vision)

ChrF Precision Recall F1 ChrF Precision Recall F1 ChrF Precision Recall F1 ChrF Precision Recall F1

Machine Learning
TDMS 10.91 0.74 16.28 1.41 12.19 2.25 21.03 4.07 11.46 1.99 18.38 3.59 9.01 0.36 8.49 0.69
SciREX 6.45 0.60 10.30 1.14 6.75 1.09 8.44 1.93 6.95 1.48 8.93 2.54 3.01 0.01 0.28 0.03

LEGOBENCH 6.58 1.41 8.76 2.43 12.10 2.70 14.50 4.55 11.10 2.42 13.18 4.10 8.52 1.81 12.62 3.17

Material Science

MPEA 1.69 7.05 41.36 12.04 2.78 18.47 42.03 25.66 2.00 10.20 37.83 16.07 1.00 0.03 0.86 0.06
Diffusion 0.74 1.12 19.06 2.12 0.94 22.67 13.20 16.68 0.88 10.52 10.16 10.34 0.44 1.06 10.46 1.92
YSHEAY 13.19 0.57 23.58 1.11 16.31 2.86 44.29 5.37 14.25 1.82 34.37 3.47 3.99 1.40 2.51 1.80
CCRMG 10.56 0.63 19.42 1.22 11.85 0.85 20.16 1.63 10.49 0.70 18.56 1.35 5.14 0.32 5.12 0.60
Doping 10.19 4.83 20.15 7.79 14.96 23.30 19.16 21.03 12.52 13.38 20.83 16.29 2.17 1.21 2.77 1.69
MMD 0.89 1.85 1.74 1.79 0.89 4.83 1.07 1.75 1.09 8.77 3.57 5.08 1.07 5.00 0.36 0.67
MRL 0.57 1.28 3.00 1.79 0.73 2.86 1.25 1.74 0.72 2.44 2.82 2.62 0.71 0.38 2.22 0.65

PNCExtract 8.74 6.52 44.15 11.37 8.64 23.96 39.14 29.72 9.40 11.73 27.96 16.53 5.22 0.42 13.17 0.81
PolyIE 14.66 3.18 15.12 5.26 18.53 15.78 32.83 21.31 19.02 11.74 27.00 16.36 8.45 0.58 6.08 1.06

Chemistry

BRENDA-enzyme 2.39 11.01 27.64 15.75 2.55 24.30 26.67 25.43 2.53 11.07 30.72 16.28 1.21 0.75 8.22 1.38
BRENDA-ribozyme 1.35 1.89 7.81 3.04 1.27 6.09 8.02 6.92 1.37 4.72 11.39 6.68 0.71 0.04 1.99 0.08

OPE 3.90 2.06 34.40 3.88 4.75 7.08 38.60 11.96 4.76 4.66 37.70 8.29 2.99 0.07 10.81 0.14
PPE 9.61 4.29 54.03 7.94 10.41 13.01 59.62 21.37 10.75 8.86 61.32 15.48 2.90 0.11 1.64 0.21
SE 8.04 12.38 31.18 17.72 11.22 31.51 36.93 34.01 9.74 18.40 30.41 22.93 3.52 1.02 12.43 1.88

Medicine AE 6.51 4.80 7.85 5.96 5.35 7.76 4.30 5.54 6.49 7.34 6.84 7.08 8.02 0.88 24.30 1.70

Agriculture FE 2.22 0.85 36.58 1.67 2.52 1.89 28.45 3.54 2.50 1.49 28.20 2.83 1.40 1.63 5.46 2.52

Physics SuperMat 6.53 11.91 26.84 16.50 10.05 33.28 29.72 31.40 9.04 12.49 19.23 15.15 2.94 1.70 8.46 2.83
Avg. 6.29 3.95 22.46 6.10 7.74 12.33 24.47 13.78 7.35 7.31 22.47 9.65 3.62 0.94 6.91 1.19

Table 2: Performance comparison of models. All scores are reported on a 0–100 scale, with the best F1 score for
each dataset highlighted in boldfaced.

whole, rather than a component-based evaluation
that focuses on cell contents in isolation. Exist-
ing evaluation procedures, moreover, generally do
not account for correctness at the record or tuple
level (Xie et al., 2023a; Ghosh et al., 2024; Che-
ung et al., 2024; Feng et al., 2024; Jiang et al.,
2025). A notable exception is PNCExtract (Kha-
lighinejad et al., 2024), which aligns predicted and
reference records via maximum-weight bipartite
matching before scoring. Our protocol builds on
this idea and generalises record-level evaluation to
the heterogeneous schemas of all datasets in the
benchmark. We propose an evaluation protocol that
assesses output with a record-level component.

We align predicted and reference records us-
ing the Hungarian Maximum Matching algo-
rithm (Kuhn, 1955), computing semantic similarity
of record contents. This ensures that each gen-
erated record matches the most appropriate ref-
erence. After alignment of records, we measure
cell-level correctness using two kinds of metrics:
string-based and quantity-based.

String-based metrics have traditionally been
used in this space (for an overview of typical usage,
see Timmer et al. (2025)). Here, we use precision,
recall, and F1 to quantify the correctness of the ex-
tracted cell values. We also use a character-based
overlap metric, ChrF (Popović, 2015) to measure
the degree to which the generated answer differs
from the ground-truth answer. ChrF is language-
and tokenisation-independent, making it a good fit
for scientific data extraction.

Quantity-based metrics have been used in par-
ticular disciplines (e.g., enzyme work (Boorla and

Maranas, 2025)), but we note their general applica-
bility in our unified STG task. Here, we use these
metrics to measure the distance of extracted nu-
merical values to the ground truth values, revealing
insights about the appropriateness of the form of
the value, for example, with respect to unit consis-
tency and scale. For numerical fields, we compute
coverage, which reflects the fraction of entries with
a non-null prediction. We also calculate mean abso-
lute error (MAE) to measure the average deviation
of these predictions, and the proportion of predic-
tions within one order-of-magnitude (p1mag) to
capture scale-level accuracy. All metrics are com-
puted only on available predictions.

Formulas for all metrics with record alignment
are provided in Appendix B.

6 Gauging STG Task Difficulty

6.1 Method

To gauge the problem difficulty, we employed typi-
cal LLM approaches, text-based and vision-based
LLMs. Our goal is to use these approaches to char-
acterise the challenges of the STG task through
analyses of the limitations in applying generative
AI to this task.

For the former, we used both closed-source
and open-source models. For text-based genera-
tion, we used examples of locally-hostable models,
GPT-OSS 120B (OpenAI et al., 2025), LLaMA-
3.3-70B-Instruct (Grattafiori et al., 2024), as well
as cloud-hosted models, such as o1-mini (Jaech
et al., 2024).6 These models operate on text

6We used the gpt-o1-mini-2024-05-13 model via the
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parsed from PDFs. For vision-based generation,
we use Nanonets-OCR-s (Mandal et al., 2025)7,
a lightweight 3B vision-language model based on
Qwen2.5-VL-3B-Instruct, designed for semantic
understanding of document images.

For the LLM models, we follow the IE
pipeline of Ghosh et al. (2024)8, which integrates
LangChain with GROBID (Lopez, 2009) for PDF
parsing.9 We note that GROBID is a widely used
tool for PDF parsing, especially for scientific liter-
ature (Ghosh et al., 2024; Timmer et al., 2025).10

For the vision-language model, we provide each
page as an image. All approaches use the same
instruction to extract relevant information, given
the respective inputs.11

6.2 Analysis

Table 2 summarises the overall performance of the
sampled state-of-the-art approaches on the bench-
mark datasets. Note that the scores are calculated
using our introduced tuple-based protocol, which
first aligns predicted records with ground truth
records. With this initial filtering, our proposed
evaluation is stricter than cell-based evaluation ap-
proaches that perform cell-based evaluation (for an
overview of such evaluation strategies, see Timmer
et al. (2025)). This strictness reflects the constraint
that the correctness of cell values must be judged in
the context of the record, aligning with scientists’
expectations of correctness. Our immediate ob-
servation is that the absolute values for the scores
are quite low. ChrF, which can be interpreted as a
percentage of matched character sequences, has a
low average score of 7.74 (o1-mini). Similarly, the
average F1 is similarly low (e.g., o1-mini:13.78).
This is true regardless of which approach we use,
indicating the overall task difficulty and showing
that current AI methods do not currently do well
with the record-level focus of this task.

PDF Conversion Issues A limitation of the sys-
tem lies in parsing PDFs. While GROBID is
commonly used in the scientific domain (Ghosh

Azure OpenAI API with options for data privacy protection.
7https://huggingface.co/nanonets/

Nanonets-OCR-s
8https://github.com/SatanuG/ad_hoc_

information_extraction
9Details of experimental settings are provided in Ap-

pendix C.1.
10We also tested alternative PDF parsing approaches, in-

cluding vision-language models, but found that they did not
perform as well as GROBID (Appendix C.2).

11See Appendix C for details of the prompt.

et al., 2024; Timmer et al., 2025), it struggles with
scanned documents, unusual section headers and
embedded figures, often resulting in missing or
misaligned content. Other OCR-based tools, such
as Mathpix12 and PyMuPDF13, have shown poten-
tial to handle issues (Jiang et al., 2025). Here, we
evaluated other OCR-based PDF conversion tech-
niques but found GROBID to perform the conver-
sion best.14 We note that even web-based access
to LLMs that allow PDF uploads, such as GPT-
5 (OpenAI et al., 2025), rely on similar underlying
logic for parsing and are subject to the same limita-
tions.

LLM and VLM Context Limitations A key
limitation of LLMs lies in their output token con-
straints (o1-mini: 4096 tokens)15. Datasets that
have documents with multiple records (e.g., LegoB-
ench or BRENDA-enzyme) often exceed this limit.
While chunking mitigates this issue partially, it
introduces new problems, as information is often
spread throughout a paper, and splitting the docu-
ment leads to incomplete or inconsistent outputs.

We observe that the evaluated VLM baseline
(page-level extraction) performs worse than the
evaluated text-based LLMs (with PDF parsing pre-
processing). However, this comparison is not fully
controlled, and two factors besides input modality
may contribute to the gap. First, although Nanonets
is designed for document understanding, it pro-
cesses inputs at the page level. In our setting, accu-
rate table generation often requires aggregating ev-
idence spread across multiple pages, so page-level
processing is a likely source of the gap. Second,
Nanonets (3B parameters) is substantially smaller
than several of the text models (e.g., GPT-OSS and
LLaMA 3.3), and model scale may account for
part of the difference. Our results are therefore
consistent with the hypothesis that methods operat-
ing over the full document, abstracting away from
presentation artefacts such as page boundaries, are
better suited to STG, as suggested by the stronger
performance of o1-mini, GPT-OSS and LLaMA
3.3. Disentangling the effects of modality, context
scope and model scale would require controlled
comparisons, for example a multi-page VLM of
comparable size, or text models restricted to page-

12https://mathpix.com
13https://pymupdf.readthedocs.io
14See Appendix D for details.
15The context windows and output budgets of recent mod-

els are steadily increasing, which may reduce the need for
chunking.
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level input.

Multi-record Issues LLMs can also overgener-
ate records per document. For instance, in the FE
dataset, where each document corresponds to a sin-
gle gold record (see Table 1), the o1-mini generated
1,738 records for just 326 documents. Although
this boosts recall, it lowers precision and introduces
evaluation misalignment (Ghosh et al., 2024). As
noted above, since VLMs such as Nanonets operate
on single pages, they lack the document-level con-
text needed for accurate multi-record extraction.

Information Specificity and Source Fidelity
We observe that systems sometimes extract infor-
mation with extra detail that is not present in the
gold records. For example, in the PPE dataset, the
system extracts “PTzBT-14HD” instead of “PTzBT-
14HD (Mn = 73 kDa)”. Similarly, LLMs were ob-
served to erroneously append “%” to a numeric
value. Providing few-shot exemplars in the prompt
that follow the expected schema may help to reduce
such formatting issues (Ghosh et al., 2024; Bölücü
et al., 2025). Another solution is to train models on
task-specific data to ensure consistent adherence to
the schema (Sundar et al., 2024; Dagdelen et al.,
2024; Wei et al., 2025).

Schema Size and Performance Figure 3 shows
the relationship between dataset schema size and
F1 score for the o1-mini model across 20 scientific
datasets. The analysis indicates a negligible corre-
lation (slope= -0.29, p= 0.50) between the number
of columns (schema size) and performance. This
suggests that the difficulty of the IE task is due to
the inherent nature of the datasets and challenges
related to the discipline-specific science. Datasets
from similar domains do seem to cluster together,
with Material Science and Chemistry datasets gen-
erally performing well, while Machine Learning
datasets tend to have lower F1 scores.

Differences Across Domains Figure 4 shows
radar plots of model performance with string-based
metrics averaged at the domain level. Due to space
constraints, we show graphs for two scientific do-
mains, Chemistry and Material Science, for which
we have multiple datasets.16 The results reveal a
consistent pattern: all models achieve higher recall
but lower precision. This is consistent with our
observation that the evaluated models tend to over-
generate records, which explains the tendency for

16For graphs of all domains, see Appendix C.3.

Figure 3: Correlation between F1 score and schema size
for the o1-mini model across 20 datasets.

recall to be high. Recall is also influenced by the
density of records in each dataset. Datasets with
fewer records per document tend to have higher
recall, as models generate more candidate records.
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Figure 4: Radar plots showing the performance of
GPT-OSS, o1-mini, LLaMA 3.3, and Nanonets (vision)
across domains. Metrics include ChrF, Precision, Re-
call, and F1, averaged over all datasets in the domains.

Quantity-based Performance Assessments Our
analysis of numerical values shows that this field
is challenging. We note that the results show that
extraction performance varies widely across do-
mains and datasets. Coverage often remains low in
complex material science and agriculture datasets,
reflecting the difficulty of predicting all reference
values. MAE values can be high, particularly in
datasets with large numeric ranges (e.g., LEGOB-
ENCH or BRENDA-enzyme), indicating substan-
tial deviations from reference values when predic-
tions exist. We suspect that this might be due to
the extraction of values in different units of mea-
surement The p1mag metric, which indicates the
percentage of values within one order of magni-
tude, is frequently high, suggesting that even when
exact numerical predictions are inaccurate, they of-
ten remain within an order-of-magnitude. Certain
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Chemistry datasets, such as BRENDA-ribozyme
and PPE, show better alignment across metrics,
likely reflecting more standardised reporting of nu-
merical attributes. These results underscore the
challenges of extracting precise numerical data
across diverse scientific domains and highlight the
need for improved normalisation, alignment, and
coverage strategies in future work. For the full
results, see Table 5 in Appendix C.4.

7 STG Challenges

Generating scientific tables from literature is chal-
lenging due to diverse data modalities, terminolo-
gies, and reporting styles. At a high-level we note
that the task is diverse. For example, scientific do-
mains differ in required output granularity: some
datasets expect a single summary record per pa-
per (e.g., FE), while others need many fine-grained
records (e.g., MPEA, Diffusion).

As with any dataset, there are data issues. We
also observe empty or missing values in annota-
tions, sometimes deliberately left blank, other times
due to annotation errors. In some cases, models cor-
rectly extract values that do not appear in the gold
data, highlighting flaws in reference annotations
(i.e., representation inconsistencies).

In addition to the issues highlighted in the analy-
sis of Section 6, we highlight key open challenges
that may accelerate the process in automated table
generation.17

Representing Numerical Values Evaluation of
text variants remains an open problem as exact-
match metrics penalise these semantically equiv-
alent but superficially different results. We fre-
quently observe inconsistencies between predicted
and gold values for quantitative attributes (e.g., tem-
perature, kcat).

For example, we observed unit mismatches
where values are expressed using different units
than the gold data (e.g., “10 kbar” instead of “1
GPa”), leading to false negatives under exact-match
evaluation unless unit normalisation is applied. The
other observation is representation inconsisten-
cies where there are variations in formatting (e.g.,
“2–2.5 GPa” versus “2 to 2.5 GPa”) which result in
semantically equivalent values but still fail exact-
match checks. This highlights a common surface-
form mismatch where the content is correct, but the
formatting differs. These kinds of mismatches can

17Descriptions of preliminary attempts to tackle these chal-
lenges are described in Appendix D.

be resolved through normalisation. Other exam-
ples include alternative ways to report numerical
precision. (e.g., “80 wt%” vs. “0.8”; “2.5” vs.
“2.50”; “1.69e-11” vs. “0.0000000000169”). Alter-
nations are numerically equivalent but expressed
differently. This highlights the need for normalisa-
tion to ensure an accurate evaluation.

Unit and Quantity Standardisation Scientific
texts frequently report quantitative values in di-
verse units, making it challenging to compare and
integrate data from different studies.

For example, in enzyme kinetics, the Michaelis
constant (Km) can be reported in various units,
such as micromolar (µM ), molar (M ), or mil-
limolar (mM ), each of which requires unit con-
version for consistency. Moreover, human-curated
databases like BRENDA (Chang et al., 2021) and
ChEMBL (Papadatos et al., 2015) standardise units
by normalising values across different measure-
ments. Such unit standardisation ensures that data
can be easily compared and integrated for down-
stream analyses and building knowledge-bases
(e.g., BRENDA). Using an existing library for nor-
malising units of measurement (the pint library)
demonstrated an improvement in performance for
the BRENDA-enzyme dataset (F1 34.2 → 38.7),
demonstrating the potential for further research to
improve STG performance more widely.18

Entity Normalisation In scientific literature, the
same entity is often represented in multiple forms.
For example, “TiO2”, “titania”, “AO2 (A = Ti)”,
and “titanium dioxide” all refer to the same spe-
cific stoichiometry: “TiO2”. To ensure consis-
tency and improve searchability, it is important to
normalise these entities into a standard, canonical
format. This enables, for example, a query for “tita-
nia” to also retrieve papers that mention “titanium
dioxide”.

In preliminary trials to include some known
value normalisation techniques, we observed a per-
formance gain (F1 increasing: 3.59 → 18.56) for
datasets from machine learning. This suggests an
opportunity for similar techniques to be developed
for other subsets of the benchmark dataset.

Entity Linking In scientific literature, entities
such as genes, proteins, and chemicals are often ref-
erenced using different names and formats, which
can make it difficult to integrate and compare in-
formation across studies. The task of entity linking

18https://github.com/hgrecco/pint
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addresses this challenge by mapping these entities
to their corresponding entries in external structured
knowledge bases (e.g., Gene Ontology (GO) (Ash-
burner et al., 2000), UniProt (Bairoch et al., 2005),
and PubChem (Wang et al., 2009)). This ensures
that multiple references to the same entity are con-
sistently identified, improving data interoperability
and enabling more accurate analysis of scientific
findings across sources. In the literature, this task
is also referred to as table entity linking (TEL),
which specifically aims to map entity mentions in
tables to their corresponding entities in a knowl-
edge base (Lou et al., 2023; Wu et al., 2024; Wang
et al., 2024c). We leave explorations of entity link-
ing to future work, noting that this is a challenging
scenario in which the linked category may not oc-
cur verbatim in the source text.

Table and Figure Understanding Scientific pa-
pers often present key findings in tables and fig-
ures, which require different strategies for extrac-
tion. Table understanding involves detecting re-
gions, recognising structures (e.g., headers, merged
cells, hierarchies), and parsing the content into
a machine-readable format. Table designs vary
considerably across domains, from simple grids to
complex, nested layouts with implicit row or col-
umn relationships (Sun and Liu, 2015; Moosavi
et al., 2021; Darmanović et al., 2023).

Figure understanding, on the other hand, focuses
on interpreting visual elements such as bar charts,
scatter plots, and line graphs. While some fig-
ures explicitly encode data (e.g., ChartQA (Masry
et al., 2022; Kim et al., 2025)), others convey
insights more implicitly through visual trends
and relative positions (e.g., Diffusion and MMD
datasets). Effectively utilising tables and figures
for tasks requires a deep understanding of both
visual structure and contextual semantics across
modalities. It shows that integrating multimodality
helps to extract more accurate information from
documents (Khalighinejad et al., 2025). Again, we
leave a treatment of tables and figures to future
work.

8 Conclusion

We introduce Scientific Table Generation (STG), a
new task and benchmark designed to unify diverse
structured information extraction efforts within a
table-centric framework. The benchmark combines
20 datasets from six scientific domains, providing a
rich and diverse testbed for evaluating systems that

aim to structure scientific content based on prede-
fined schemas. Our formalisation of the STG task,
curation of a benchmark dataset, and introduction
of a record-based evaluation protocol highlight the
difficulty of the task and the limitations of standard
zero-shot pipelines for this task.

Our analysis of the output of typical LLM and
VLM approaches to document processing reveals
several ongoing challenges in the field, including
inconsistencies in how values are reported, vari-
ations in entity mentions, lack of standard units
in extractions, PDF conversion issues, and gaps
between text, tables, and figures. All emerge as
promising areas for further research.

To promote progress in this area, we make our
benchmark and codebase publicly available and
invite the research community to contribute new
datasets across additional scientific domains. This
collaborative approach will help expand STG and
enable broader development of models that not only
extract information but also structure and normalise
it in ways that align with real-world scientific work-
flows.

Limitations

The study provides a unified and valuable bench-
mark for the scientific table generation (STG) task.
It covers six domains (machine learning, mate-
rial science, chemistry, agriculture, medicine, and
physics). However, there are several limitations.
First, the current benchmark is constrained to these
six domains; expanding to additional areas such
as engineering or environmental science could re-
veal new domain-specific challenges and improve
generalisability.

Second, although the benchmark integrates 20
datasets under a common task formulation, each
dataset has its own specialised schema and varies in
granularity (coarse- or fine-grained). This variation
limits the comparability of results across datasets.
Moreover, the dataset sizes are relatively small,
which may limit the ability to fine-tune models
specifically for each dataset.

Third, we propose subtasks and provide simple
baseline solutions to highlight their utility. How-
ever, it requires more research to systematically
evaluate the role of these subtasks and to explore
their integration into multimodal pipelines.

Finally, we do not re-implement or run the meth-
ods proposed in the original studies from which the
datasets are drawn. As such, our focus remains on
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providing a unified benchmark and evaluating gen-
eral LLM and VLM-based baselines, rather than
directly comparing against domain-specific models
reported in prior work.

Ethics Statement

Our benchmark is built on existing public datasets
adopted from existing repositories. Therefore, we
do not foresee any serious or harmful issues re-
lated to their content. To ensure full compliance
with copyright laws, we provide only the necessary
identifiers (e.g., DOI, PubMed ID) for the scien-
tific documents, but we do not distribute the actual
documents. Researchers are required to download
the relevant files independently. The repository in-
cludes detailed instructions to guide users on how
to properly place the downloaded documents.
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A Benchmark Insights
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the 20 datasets used in the benchmark. We sum-
marise the source, content focus, and key charac-
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main focuses on developing and evaluating mod-
els across various tasks, often through benchmark
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sequently, leaderboard generation becomes impor-
tant for extracting relevant information and compar-
ing model performance effectively, as well as for
table generation from scientific documents. In this
domain, we collect different-scale datasets focused
on leaderboard generation.
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tains information on tasks, datasets, evaluation met-
rics, and scores from NLP papers. It targets the
extraction of the best numerical results from exper-
imental sections.
SciREX supports scientific information extraction,
specifically relation extraction and entity linking,
based on material, method, and evaluation metrics.
LegoBench is a dataset designed for leaderboard
generation, reformulated as a question-answering
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ture search, Averaged magnetic moment (µB/atom), Magnetic polarization,
Js</(T), Magnetic easy axis, Magnetic anisotropy constants:Ka-c, Magnetic
anisotropy constants:Kb-c (MJ/m3), Magnetic anisotropy constants:Kb-a
(MJ/m3), Magnetic anisotropy constants:Kd-a (MJ/m3), Curie temperature,
TC(K), Methods

DOI

MRL Electrical resistivity (Ωcm), Seebeck coefficient (µCV/K), ZT (thermoelec-
tric figure of merit), formula, synthesis, form, temperature, Thermal conduc-
tivity (W/mK), Average atomic mass (g/mol), Scarcity (wt fraction/abun-
dance), HHIP (Herfindahl-Hirschman Index for elemental production), HHIR
(Herfindahl-Hirschman Index for elemental reserves), Unit cell volume (Å

3
),

Average atomic volume (Å
3
), Atoms per unit cell, Electrical conductivity

(Ω−1 cm−1), Power Factor (W/(K2m)), S2 (µV/K)2, Electronic fraction of
thermal conductivity (κe/κ)

DOI

PolyIE Chemical Name, Property Name, Property Value DOI
PNCExtract Matrix Chemical Name, Matrix Abbreviation, Filler Chemical Name, Filler

Abbreviation, Filler Composition Mass, Filler Composition Volume
DOI

BRENDA-enzyme Enzyme, Organism, Substrate, km, unit_km, kcat, unit_kcat, km_kcat,
unit_km_kcat, Commentary[Temp], Commentary[pH], Commen-
tary[Mutant], Commentary[Cosubstrate]

PubMed

BRENDA-ribozyme Ribozyme, Organism, Variable_reactant, Kobs, Unit_Kobs, km, Unit_Km,
kcat, Unit_Kcat, km_kcat, Unit_Kcat/Km, Kcleav, Unit_Kcleav, Commen-
tary[Temp], Commentary[pH], Commentary[Mutant], Commentary[Others]

PubMed

OPE Host, Dopant, Td [◦ C]/Tg [◦ C]/ET [eV], Von [V], EQE, CE, PE, CIE [x, y] DOI
PPE Nickname, PCE_max(%), PCE_ave(%), Voc (V), Jsc (mA cm2), FF DOI

SE solute_name, solvent_name, temperature, pressure, solubility DOI
AE Compound, Affinities DOI
FE extruder product type, extruder manufacturer company, extruder model name,

extruder manufacturer country, scale, screw type, screw dimension, length to
diameter ratio, die dimensions, ingredients, moisture in extrusion trials, input
variables, response variables, feed characterisation, quality characterisation

DOI

SuperMat Material, tcValue, Pressure, me_method DOI

Table 3: Overview of 20 datasets across six domains. Each dataset is linked to a document source and schema.

(QA) task over documents, focusing on extract-
ing structured records from full-text papers. We
converted the QA dataset into the STG formalised
dataset.

Material Science Materials science explores a
wide variety of substances, including polymers, ce-
ramics, and metals. Each of these has distinct phys-
ical, chemical, and mechanical properties, making

them important for applications in industries such
as aerospace, electronics, and construction. Scien-
tific literature in this domain often reports not only
material compositions and target properties, but
also detailed experimental and contextual informa-
tion. For example, the MPEA dataset includes pa-
rameters such as melt composition, pressure, tem-
perature, and diffusion type. Materials science is a
well-studied domain with many datasets covering
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detailed information found in the literature (Borg
et al., 2020; Khalighinejad et al., 2025).
MPEA is a dataset focused on multi-principal ele-
ment alloys (MPEAs), also known as high-entropy
alloys (HEAs). It contains experimental key prop-
erties (e.g. strength, hardness, and Young’s modu-
lus).
Diffusion is a dataset that covers the diffusion
(transport of elements) in silicate melts and glasses,
which is a key process in both geology and mate-
rials science. It captures experimental parameters
such as temperature, pressure, and diffusion coef-
ficients. This dataset is built on a summary table
presented by Zhang et al. (2010). Instead of extract-
ing information from this paper, we gathered the
reference papers to build a dataset for this task sim-
ilar to Ghosh et al. (2024). Similar to this dataset,
there are more possible datasets that we have not
included.
YSHEAY and CCRMG cover the yield strength
of HEAs and the critical cooling rates of metallic
glasses, respectively. Both YSHEAY and CCRMG
datasets include material names, measured prop-
erty values, and units. We formulate datasets and
gather referenced papers given in the datasets for
our benchmark. The datasets extract the sentences
from the scientific documents in which the infor-
mation is presented to simplify the task. We use
the full document, similar to the rest of the other
datasets.
MRL is derived from a review on thermoelectric
materials and includes experimental results and
properties (e.g., Electrical resistivity, Seebeck coef-
ficient, thermoelectric figure of merit).
Doping is a dataset for materials chemistry that
covers dopant (also called a doping agent), which
is a small amount of a substance added to a material
to alter its physical properties, such as electrical or
optical properties, with its host materials.
MMD is a dataset focused on physical and mag-
netic properties of materials relevant to magnetism
research and materials design including physical
and magnetic properties of materials relevant to
magnetism research and materials design.
PolyIE is a dataset for polymer scientific literature
covering four different material science domains:
polymer solar cells, ring-opening polymerization,
polymer membranes, and lithiumion batteries. We
could not access all documents in the dataset since
the DOI numbers are not provided.
PNCExtract is a dataset focused on the extraction
of polymer nanocomposites (PNCs) samples from

science articles. The variety in PNCs comes from
different matrix and filler combinations that modify
the properties.

Chemistry The field of chemistry involves a
vast array of complex molecular structures, chemi-
cal reactions, and properties, alongside a substan-
tial amount of data presented in formulas, reac-
tion equations, and diagrams. Effectively process-
ing and interpreting these components is a signifi-
cant challenge for language models. Tasks in the
chemical domain demand precise understanding of
molecular compositions, reaction mechanisms, and
material properties.
BRENDA is a database on functional and molec-
ular information of enzymes, based on primary
literature. Jiang et al. (2025) construct 2 datasets
(enzyme and ribozyme) for enzyme and ribozyme
kinetics data collected from scientific literature.
OPE is a dataset that covers OLED molecules and
their optical properties. The dataset is built on sum-
mary tables from a limited number of scientific
documents. Instead of that, we collect reference
studies instead of using given documents to make it
similar to other datasets in this study and remove (a
text-based format for representing chemical struc-
tures as a line notation) from the schema since this
attribute is not provided in the scientific documents.
PPE is a dataset that contains values like power
conversion efficiency (PCE) and open-circuit volt-
age (VOC) for polymer molecules extracted from
scientific documents.
Solubility Extraction (SE) is a dataset Organic
electrolytes, extensively used in battery technolo-
gies, comprise organic solvents, lithium salts, and
additives. Understanding solubility in organic elec-
trolytes is crucial as it impacts the efficiency of elec-
trolytic processes, product selectivity, and equip-
ment design.

Medicine Medicine often involves complex inter-
actions between biological molecules, experimen-
tal methods, and treatment conditions. Literature in
this domain typically reports experimental results,
molecular data, and pharmacological properties es-
sential for therapeutic development.
Affinity Extraction (AE) extract an affinity ta-
ble containing molecules’ tags, SMILES, and their
affinities to different targets in bioassays. It tests
several key capabilities of LLMs, including under-
standing complex and domain-specific language, as
well as molecules and tables. Affinity data extrac-
tion requires not just surface-level text processing
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but also a deeper analysis to match different modal-
ities.

Agriculture Agricultural research often involves
complex interactions between biological materials,
machinery, and environmental conditions. Litera-
ture in this domain typically reports experimental
setups, crop properties, and processing parameters
relevant to food production and sustainability.
Food Extrusion (FE) is a qualitative literature col-
lection that consolidates and standardises research
on food extrusion, including details about the ex-
truder and other variables and characteristics ex-
plored in the articles

Physics Superconductors Material (Super-
Mat) is a manually linked annotated dataset of
superconductor-related materials and properties.

A.2 Benchmark Curation and Cleaning

Source document recovery. We collect the orig-
inal source documents for every dataset and re-
build each dataset from those documents, rather
than reusing the released annotations as they are.
However, for some datasets, we cannot find all the
original documents. Some papers are not publicly
available. Others are listed without a persistent
identifier (e.g., DOI or ArXiv ID) or with too little
bibliographic information to locate them reliably.19

As a result, the number of datasets presented here
may not exactly match the original resources. Fi-
nally, we do not follow the original dataset splits
(train/dev/test), so we do not perform comparisons
of baseline results with the methods proposed in
the original papers.

Schema normalisation We convert the datasets
into a unified table-centric format. We remove
certain attributes when the corresponding values
cannot be reliably extracted from the PDFs. One
example is SMILES strings, which are rarely stated
explicitly in the text and are usually derived from
external databases. In contrast, we retain attributes
whose values are expressed in the document but
annotated in a normalised or canonical form (e.g.,
Task in TDMS and SciREX datasets), and we treat
entity normalisation as one of the STG challenges.

A.3 Resources and Downloads

TDMS https://github.com/IBM/
science-result-extractor

19Records whose source document could not be retrieved
are excluded from the benchmark.

SciREX https://github.com/allenai/
SciREX

LEGOBENCH https://github.com/
lingo-iitgn/LEGOBench

MPEA https://github.com/
CitrineInformatics/MPEA_dataset

Diffusion http://www.minsocam.org/MSA/
RIM/rim72.html

YSHEAY and CCRMG https://figshare.
com/articles/dataset/Data_for_
Flexible_Model-Agnostic_Method_
for_Materials_Data_Extraction_from_
Text_Using_General_Purpose_Language_
Models_/21861948

Doping https://github.com/lbnlp/NERRE

MRL and MMD https://github.com/
MasterAI-EAM/Darwin

PolyIE https://github.com/jerry3027/
PolyIE

PNCExtract https://github.com/
ghazalkhalighinejad/PNCExtract

BRENDA (enzyme and ribozyme)
https://github.com/JackKuo666/
LLM-BioDataExtractor

OPE, PPE, SE, and AE https://github.com/
sci-assess/SciAssess

FE https://data.csiro.au/collection/
csiro%3A64834v1

SuperMat https://github.com/lfoppiano/
SuperMat

B Evaluation metrics

Record Alignment The output table T ∈ VM×K

is partitioned into N document-level subtables,
where subtable T (i) ∈ VRi×K contains the Ri

records contributed by document di. Correspond-
ingly, the predicted table T̂ is partitioned into sub-
tables T̂ (i) ∈ VR̂i×K , where R̂i may differ from
Ri. Alignment is performed independently within
each subtable pair (T (i), T̂ (i)).

For each record, we concatenate its K attribute
values into a single string and encode it with a sen-
tence encoder ϕ. The pairwise semantic similarity
matrix S(i) ∈ RRi×R̂i is then computed as:
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S
(i)
m,m̂ = cos(ϕ(gm), ϕ(ĝm̂)) (1)

where ϕ(gm) denotes the sentence embedding
of the concatenated attribute values of record gm,
cos(·, ·) denotes cosine similarity, and ϕ is imple-
mented using all-MiniLM-L6-v220 (?).

Since Ri ̸= R̂i in general, S(i) is a rectangular
matrix. The Hungarian algorithm (Kuhn, 1955)
finds a maximum-weight partial matching:

π∗
i = argmax

π∈Πi

min(Ri, R̂i)∑

m=1

S
(i)
m,π(m) (2)

where Πi is the set of all injective mappings from
the smaller index set into the larger. This yields
min(Ri, R̂i) matched pairs Mi = {(gm, ĝπ∗

i (m))},
with the remaining |Ri − R̂i| records left un-
matched. Unmatched predicted records penalise
precision; unmatched ground-truth records penalise
recall. The global alignment set across all docu-
ments is A =

⋃
iMi.

Cell=level Scoring String-based metrics have
traditionally been used in this space (for an
overview of typical usage, see Timmer et al.
(2025)). Here, we use precision, recall, and F1

to quantify the correctness of the extracted cell
values. We also use a character-based overlap
metric, ChrF (Popović, 2015) to measure the de-
gree to which the generated answer differs from
the ground-truth answer. ChrF is language- and
tokenisation-independent, making it a good fit for
scientific data extraction.

Each record r is treated as a bag of cells: a
matched pair (rj , r̂i) ∈ A contributes |r̂i ∩ rj | cor-
rectly predicted cells to the numerator, where a cell
is counted as correct if its value exactly matches the
ground-truth cell in the aligned column. Precision
normalises by the total number of predicted cells
across all predicted records (including unmatched
ones), ensuring that hallucinated extra records are

20https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2 Last visited: 01-04-2026

penalised:

Precision =

∑

(i,j)∈A
|r̂i ∩ rj |

∑

r̂∈R̂
|r̂|

, (3)

Recall =

∑

(i,j)∈A
|r̂i ∩ rj |

∑

r∈R
|r|

, (4)

F1 =
2 · Precision · Recall
Precision + Recall

, (5)

where R̂ and R denote the full sets of predicted
and ground-truth records, respectively, and |r| is
the number of cells in record r.

We also report the micro-averaged ChrF score
over aligned records:

ChrFmicro =

∑

(i,j)∈A

∑

c∈ cells(rj)

ChrF(ĉi, c)

∑

(i,j)∈A
|cells(rj)|

, (6)

where cells(rj) is the ordered set of cells in ref-
erence record rj , ĉi is the predicted cell in the
corresponding column of r̂i, and ChrF(ĉi, c) is
the character-level F-score between the two cell
strings. The denominator counts the total number
of reference cells across all aligned pairs.

Quantity-based metrics have been used in par-
ticular disciplines (e.g., enzyme work (Boorla and
Maranas, 2025)), but we note their general applica-
bility in our unified STG task. Here, we use these
metrics to measure the distance of extracted nu-
merical values to the ground truth values, revealing
insights about the appropriateness of the form of
the value, for example, with respect to unit consis-
tency and scale.

After record alignment, let Nf be the total
number of numeric reference entries in column
f across all aligned pairs (r̂i, rj) ∈ A, and let
Af ⊆ {1, . . . , Nf} be the index set of those en-
tries for which a non-null numeric prediction is
available. All metrics are computed only over Af ;
non-numeric cells and missing predictions are ex-
cluded.

Coverage quantifies the proportion of numeric
reference entries in column f for which a non-null
prediction is available:

Coveragef =
|Af |
Nf

× 100. (7)
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Mean Absolute Error (MAE) computes the
average absolute deviation of available predictions
from the reference values in column f :

MAEf =
1

|Af |
∑

i∈Af

|vf,i − v̂f,i|, (8)

where vf,i and v̂f,i are the reference and predicted
values for entry i in the aligned pair, respectively.

Within One Order-of-Magnitude (p1mag) is
the fraction of available predictions in column f
that lie within one order of magnitude of the refer-
ence value:

p1magf =
100

|A+
f |

∑

i∈A+
f

1
(∣∣log10 v̂f,i − log10 vf,i

∣∣ ≤ 1
)
,

(9)

where A+
f = {i ∈ Af | vf,i > 0 and v̂f,i > 0}

is the subset of available predictions with positive
values required for the logarithm, and entries with
zero or negative values are excluded from this met-
ric only.

C Detailed Experimental Settings and
Results

C.1 Experimental Settings

We structure outputs in JSON and
guide decoding using LangChain’s
create_structured_output_runnable with
a Pydantic schema. This approach enforces
consistent formatting and reduces errors (Geng
et al., 2025).

We conduct the experiments using a zero-shot
condition and generalise the simple prompt for use
across all domain-specific datasets in our study. We
set the LangChain chunk size to 2000 tokens with
a 1% overlap ratio following Ghosh et al. (2024).
To ensure stable and reproducible output, we set
the temperature parameter to 0.

The prompt used in table generation:
You are a helpful assistant capable of
extracting information from text. Only
extract relevant information from the
text. Extract nothing if no important
information can be found in the text.
Input: {{Paper (text)}}
Schema: {{JSON schema}}

For vision-based generation, we follow the
prompt used in the model.

Prompt:
Extract the text from the above
document as if you were reading it
naturally. Return the tables in
html format. Return the equations
in LaTeX representation. If there
is an image in the document and an
image caption is not present, add a
small description of the image inside
the <img></img> tag; otherwise, add
the image caption inside <img></img>.
Watermarks should be wrapped in
brackets. Ex: <watermark>OFFICIAL
COPY</watermark>. Page numbers
should be wrapped in brackets. Ex:
<page_number>14</page_number> or
<page_number>9/22</page_number>.

Input: {{Image url}}

Computing Costs and Resources
In this study, the approximate cost of using o1-

mini was $672 USD. Inference with GPT-OSS
120B, LLaMA-3.3-70B and Nanonets was con-
ducted locally on two Nvidia H100 GPUs.

C.2 Different Parsers

We explored alternative PDF parsing approaches
using OCR-based tools like Nanonets-OCR-
s (Mandal et al., 2025), Mathpix and PyMuPDF, as
some have reported success with these tools (Jiang
et al., 2025). Despite known issues, GROBID re-
mains the most reliable option for the benchmark.

To investigate the impact of parsers on table
generation performance, we experiment with Do-
cling (Pfitzmann et al., 2022; Team, 2024; Nassar
et al., 2022)21 and Nanonets-OCR-s (Mandal et al.,
2025)22 , the latter being an OCR-based model,
in addition to GROBID. Since we cannot do in-
trinsic evaluation by comparing the extracted text
from parsers with the ground truth text, we use the
STG task as an extrinsic evaluation setting, where
PDF parsing quality directly affects downstream
performance. The experiments are conducted using
LLaMA 3.3 as the generation model. The results,
shown in Table 4, indicate that GROBID achieves
the strongest overall performance, although the gap
between parsers is relatively small.

21https://huggingface.co/ds4sd/docling-models
22https://huggingface.co/nanonets/

Nanonets-OCR-s
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Domain Dataset GROBID nanonets/Nanonets-OCR-s ds4sd/docling-models

ChrF Precision Recall F1 ChrF Precision Recall F1 ChrF Precision Recall F1

Machine Learning
TDMS 11.46 1.99 18.38 3.59 11.49 1.11 19.39 2.09 11.30 1.20 20.03 2.26
SciREX 6.95 1.48 8.93 2.54 6.13 1.00 10.43 1.83 6.34 0.89 9.70 1.63

LEGOBENCH 11.10 2.42 13.18 4.10 10.45 2.32 12.56 3.92 10.86 2.34 14.12 4.01

Material Science

MPEA 2.00 10.20 37.83 16.07 1.85 6.90 39.15 11.74 1.90 7.45 38.87 12.50
Diffusion 0.88 10.52 10.16 10.34 0.90 7.66 13.84 9.86 0.83 8.19 13.43 10.18
YSHEAY 14.25 1.82 34.37 3.47 14.85 1.00 31.50 1.95 15.22 1.03 30.63 1.99
CCRMG 10.49 0.70 18.56 1.35 11.10 0.68 17.16 1.31 11.32 0.61 16.18 1.18
Doping 12.52 13.38 20.83 16.29 12.58 9.99 22.61 13.86 12.21 11.56 23.23 15.44
MMD 1.09 8.77 3.57 5.08 0.89 4.94 3.04 3.76 0.87 5.75 2.54 3.53
MRL 0.72 2.44 2.82 2.62 0.67 2.00 3.50 2.54 0.70 2.21 3.02 2.55

PNCExtract 9.40 11.73 27.96 16.53 9.37 9.68 34.49 15.12 9.19 9.74 32.20 14.96
PolyIE 19.02 11.74 27.00 16.36 18.95 9.94 28.30 14.71 18.22 10.16 27.39 14.82

Chemistry

BRENDA-enzyme 2.53 11.07 30.72 16.28 2.67 11.81 33.09 17.41 2.55 11.90 31.97 17.34
BRENDA-ribozyme 1.37 4.72 11.39 6.68 1.45 4.04 12.51 6.11 1.31 4.25 11.36 6.19

OPE 4.76 4.66 37.70 8.29 4.43 3.29 34.79 6.02 4.68 3.90 38.38 7.08
PPE 10.75 8.86 61.32 15.48 10.83 6.84 60.57 12.29 10.81 7.29 60.94 13.02
SE 9.74 18.40 30.41 22.93 9.39 14.91 33.80 20.69 9.56 15.27 35.40 21.34

Medicine AE 6.49 7.34 6.84 7.08 10.19 11.44 20.13 14.59 7.41 6.02 9.11 7.25

Agriculture FE 2.50 1.49 28.20 2.83 2.31 1.06 29.10 2.04 2.23 0.98 27.69 1.89

Physics SuperMat 9.04 12.49 19.23 15.15 8.68 9.11 15.07 11.36 9.24 3.06 5.06 3.81

Avg. 7.35 7.31 22.47 9.65 7.46 5.99 23.75 8.66 7.34 5.69 22.56 8.15

Table 4: Performance comparison of parsers using LLaMA 3.3. All scores are reported on a 0–100 scale, with the
best F1 score for each dataset highlighted in boldfaced.

C.3 Domain Level Results
Figure 5 shows radar plots of model performance
across six scientific domains, with metrics aver-
aged at the domain level. The results reveal a con-
sistent pattern: all models achieve higher recall but
lower precision, showing that while many candi-
date records are generated, their accuracy remains
limited. Recall is also influenced by the density
of records in each dataset. Datasets with fewer
records per document tend to have higher recall, as
models generate more candidate records.

C.4 Quantity-based results
Quantity-based results are presented in Table 5.

D Explorations on STG Open Challenges

D.1 Entity Normalisation
Entity normalisation is the task of mapping seman-
tically equivalent entity mentions in the generated
table to a canonical form. In our setting, men-
tions appear at the cell level of the generated tables.
Formally, given a set of cell-level entity mentions
E = e1, e2, · · · , en, the goal is to normalise each
ei to a unique canonical entity cj ∈ C, where C is
the set of standard forms.

Our benchmark datasets include normalised en-
tities to support this task (e.g, SciREX, TDMS,
FE). Unsupervised methods such as string sim-
ilarity metrics (e.g., Levenshtein distance or
token-based ratios), string matching libraries (e.g.,

TheFuzz23), semantic similarity methods (e.g.,
embedding-based approaches), or entity ranking
algorithms (Sung et al., 2020) can provide effective
baseline solutions. These approaches rely on differ-
ent types of similarity (surface-form or semantic)
and can be useful depending on how the mention
and the canonical entity vary (e.g., “TiO2” vs. “Ti-
tanium dioxide” or “polymer chain” vs. “macro-
molecule”).

Method: We apply a semantic similarity
approach for entity normalisation. We use
PapersWithCode24, a comprehensive resource on
leaderboard entities, to get normalised forms of
entities in the TDMS dataset, which itself adopts
PapersWithCode for normalisation. Embeddings
are computed for both the extracted values and the
candidate normalised entities using the pretrained
model25. Cosine similarity is then applied to map
each extracted value to its closest normalised form.
This normalisation post-processing results in a sub-
stantial performance gain, with the F1 score in-
creasing from 3.59 to 18.56.

D.2 Unit and Quantity Standardisation

Unit & quantity standardisation is the task of con-
verting quantitative values into a common unit and

23https://github.com/seatgeek/thefuzz
24https://github.com/paperswithcode/

paperswithcode-data
25https://huggingface.co/sentence-transformers/

all-MiniLM-L6-v2
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Figure 5: Radar plots showing the performance of GPT-OSS, o1-mini, LLaMA 3.3, and Nanonets (vision) across
domains. Metrics include ChrF, Precision, Recall, and F1, averaged over all datasets in each domain.

standardised numeric format. Given a set of quan-
tity pairs Q = (v1, u1), · · · , (vn, un) extracted
from document d, where vi is a numeric value and
ui is its associated unit (stored in separate columns
in the generated table), the goal is to convert each
(vi, ui) into a standardised pair (v

′
i, u

′
i) using unit

conversion rules.
Our benchmark datasets provide raw-value-unit

attributes to support this task (BRENDA-enzyme
and BRENDA-ribozyme). Simple methods include

rule-based conversion systems (Jiang et al., 2025),
curated unit mappings, or libraries like pint26.

Method: We apply unit normalisation using
pint library on the BRENDA-enzyme dataset,
where units are annotated as a separate attribute
(see Table 3). In this dataset, Km values are stan-
dardised to millimolar (mM ) and kcat values to per
minute (min−1). The pint library enables convert-

26https://github.com/hgrecco/pint
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Domain Dataset Attribute Coverage (↑) MAE (↓) p1mag (↑)

Machine Learning
TDMS Score 65.76 30.32 81.56
SciREX Score 63.30 496.51 78.82

LEGOBENCH Score 70.10 703213.97 76.71

Material Science

MPEA

grain size 40.89 52.14 78.26
experimental density 11.68 571.10 88.54
test temperature 37.46 453.88 53.48
yield strength 67.37 241.70 94.39
ultimate tensile strength 54.62 237.17 93.31
elongation 37.92 12.94 81.86
elongation plastic 40.43 2.49 87.72

Diffusion

test temperature 75.94 331.87 98.32
pressure 50.94 1332.31 28.35
diffusivity 43.20 11.72 17.09
SiO2 21.45 9.75 90.15
TiO2 18.83 0.39 84.14
Al2O3 16.39 2.40 97.51
FeOt 18.58 2.24 84.42
MnO 20.25 0.01 99.24
MgO 17.75 1.07 95.77
CaO 17.07 2.04 95.41
Na2O 16.59 0.98 98.64
K2O 16.02 0.31 99.46
P2O5 15.62 0.01 100.00
H2Ot 36.02 1.40 85.96

YSHEAY Value 91.36 246.60 86.11
CCRMG Value 71.08 515.17 74.58
Doping — — — —

MMD

Formula units per cell 26.92 1.57 100.00
Atomic sites per cell 11.54 2.67 100.00
Formation energy (eV/atom) 23.08 16.41 0.00
Energy relative to convex hull (eV/atom) 30.77 20.35 0.00
Averaged magnetic moment (µB/atom) 30.77 0.72 87.50
Magnetic polarization, Js</(T) 11.54 2.67 66.67
Magnetic anisotropy constants:Kb-c (MJ/m3) 50.00 1.14 50.00

MRL

Electrical resistivity (Ωcm) 20.98 38.09 7.81
Seebeck coefficient (µCV/K) 29.51 147.99 72.22
ZT (thermoelectric figure of merit) 46.56 0.63 83.80
temperature 71.15 272.25 95.39
Thermal conductivity (W/mK) 34.38 13.80 83.12
Average atomic mass (g/mol) 0.33 0.24 100.00
Atoms per unit cell 3.28 4.73 100.00

PNCExtract Filler Composition Mass 81.06 7.88 9.03
Filler Composition Volume 77.10 6.43 19.39

PolyIE Property Value 91.73 43.91 76.13

Chemistry

BRENDA-enzyme

km 57.83 61763.09 43.92
kcat 56.21 4814.92 71.45
km_kcat 53.85 633623.38 35.93
Commentary[Temp] 30.85 4.12 99.49
Commentary[pH] 26.16 0.41 99.87

BRENDA-ribozyme

km 57.98 183.64 86.47
kcat 58.94 5.61 83.61
km_kcat 29.62 122445.26 74.31
Commentary[Temp] 36.21 4.50 99.29
Commentary[pH] 44.39 0.38 100.00

OPE Von [V] 66.87 1660.93 76.58

PPE
PCE_max(%) 89.81 0.28 100.00
PCE_ave(%) 69.62 0.28 100.00
Voc (V) 79.25 0.06 99.52

vim
SE

temperature 80.81 34.12 99.02
pressure 74.03 160.54 94.42
solubility 64.18 643.14 77.95

Medicine AE Affinities 72.83 33849.81 54.48

Agriculture FE screw dimension 23.91 40.12 90.91

Physics SuperMat tcValue 66.74 9.14 92.64
Pressure 82.08 2.99 89.66

Table 5: Quantitative evaluation of numerical attributes using o1-mini predictions. Coverage indicates the proportion
of numerical values predicted, MAE denotes Mean Absolute Error, and p1mag denotes Within One Order-of-
Magnitude. Note that the Doping dataset has no numerical attributes.
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ing units (e.g., Km: 15 µM → 0.015 mM ). Evalu-
ation on these quantitative attributes (Km and kcat)
demonstrates an improvement in performance, with
the F1 score increasing from 34.2 to 38.7 after unit
normalisation.

D.3 Entity Linking
Entity linking is the task of mapping entity men-
tions in the generated table to entries in an ex-
ternal knowledge base. Given a set of mentions
M = m1,m2, · · · ,mn and a knowledge base
K, the goal is to identify a mapping function
f : M → K such that f(mi) returns the correct
canonical entity from K for each mention mi.

Our benchmark includes machine learning
datasets (TDMS, SciREX and LEGOBENCH),
which contain task, dataset, and metric attributes
presented in their canonical forms and can be eval-
uated for this subtask. One of the solutions for en-
tity linking includes computing semantic similarity
between mentions and candidate entries using pre-
trained embedding models (Karadeniz and Özgür,
2019; Yamada et al., 2020).

Method: We apply the same normalisation
method for entity linking on the TDMS dataset.

D.4 Table and Figure Understanding
Table and figure understanding is the task of extract-
ing structured information from tables and figures
in scientific documents. Given a visual input x (a
table or figure) embedded in a document di, the
goal is to parse its structure and extract content to
enrich the textual representation of di. For tables,
this typically involves recovering explicit informa-
tion such as numerical values, labels, and table
structures. For figures, the extracted information
may be explicit (e.g., axis labels, data points) or
implicit (e.g., observed trends, comparisons, or re-
lationships). Understanding tables and figures is
also important for tasks such as reasoning (Lu et al.,
2025), text generation (Moosavi et al., 2021; Chen
et al., 2021), interpretation (Roberts et al., 2024),
and question answering (Borisova et al., 2025), as
it enables models to integrate visual and textual
information for comprehensive scientific analysis.

All datasets in our benchmark are suitable for
the table understanding subtask. For the figure un-
derstanding task, material science datasets (e.g.,
Diffusion, MPEA, and MRL) can be used since
they require extensive figure understanding for the
STG task. However, our benchmark does not pro-
vide ground-truth annotations for table or figure

understanding. Therefore, evaluation of these sub-
tasks can only be performed extrinsically, via their
impact on STG.

D.5 Quantitative Value Evaluation
Quantitative value evaluation is the task of assess-
ing the correctness of extracted numerical values,
accounting for unit normalisation, numeric format,
and acceptable tolerances. Given a predicted value
v̂ and reference value v, the goal is to determine
if v̂ matches v within a defined equivalence func-
tion feq(v̂, v) ∈ 0, 1 that incorporates value equiv-
alence, unit consistency, and numeric precision.

Method: We evaluate numerical correctness us-
ing quantity-based metrics defined in the evaluation
framework (see Section 5), and the results are pre-
sented in Table 5.
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