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Abstract

High-quality datasets are fundamental to train-
ing and evaluating machine learning models,
yet their creation, particularly with accurate
human annotations, remains a significant chal-
lenge. Many dataset submissions lack original-
ity, diversity, or rigorous quality control, and
these shortcomings are often overlooked dur-
ing peer review. Submissions also frequently
omit essential details about dataset construc-
tion and properties. Although existing tools
such as datasheets promote transparency, they
are largely descriptive and do not provide stan-
dardized or measurable methods for evaluat-
ing data quality. Likewise, metadata require-
ments at conferences encourage accountabil-
ity but are inconsistently enforced. To address
these limitations, this position paper advocates
integrating systematic, rubric-based evaluation
metrics into the dataset review process, espe-
cially as submission volumes continue to grow.
We further explore scalable and cost-effective
approaches to synthetic data generation, includ-
ing dedicated tools and LL.M-as-a-judge meth-
ods, to support more efficient evaluation. As a
call to action, we introduce DATARUBRICS, a
structured framework for assessing the quality
of both human- and model-generated datasets.
Leveraging recent advances in LLM-based eval-
uation, DATARUBRICS offers a reproducible,
scalable, and actionable solution for dataset
quality assessment, enabling both authors and
reviewers to uphold higher standards in data-
centric research.

1 Introduction

Building high-quality datasets is crucial for effec-
tively developing machine learning (ML) models,
as it directly enhances the reproducibility and trust-
worthiness of the research outcome. However, cre-
ating such datasets from scratch is time-consuming
and costly, particularly when precise human an-
notation is required. To address these challenges,
there is a growing trend toward generating datasets

entirely using Large Language Models (LLMs), of-
fering faster and more cost-effective alternatives.
Although this approach provides clear efficiency
benefits, it often comes at the cost of diversity, po-
tentially limiting robustness across domains (Anu-
graha et al., 2024), as well as originality (Putri et al.,
2024) and the rigor of human annotation (Wang
et al., 2024). Moreover, many LLM-generated
datasets lack robust quality assurance and suffi-
cient human oversight, raising concerns about their
reliability and downstream utility. These concerns
become even more critical when datasets are gen-
erated for languages or tasks where models re-
main empirically weak, such as low-resource lan-
guages (Farhansyah et al., 2025; Nasution and
Onan, 2024) or culturally nuanced data (Naous
et al., 2024; Mihalcea et al., 2025). Without proper
validation, this can create a vicious cycle, feed-
ing poor-quality data back into LLMs (Shumailov
et al., 2024). That said, synthetic data is not in-
herently worse than human-generated data, which
can also suffer from biases, errors, and inconsisten-
cies (Veselovsky et al., 2023; Wu and Aji, 2025).
Therefore, regardless of the source, mechanisms
must be in place to ensure dataset quality.

Efforts such as datasheets and annotation guide-
lines (Gebru et al., 2021; Holland et al., 2018;
Bender and Friedman, 2018; Reuel et al., 2024)
have been introduced to highlight important qual-
ity aspects during dataset creation. While these
tools help surface key considerations, they often
lack standardized, objective methods for measuring
dataset quality. Without clearly defined rubrics or
quantifiable metrics, these resources remain gen-
eral references rather than actionable evaluation
frameworks. Consequently, dataset creators lack
systematic tools to assess and improve data quality,
making it difficult to maintain consistently high
standards across projects.

Several major natural language processing
(NLP) and ML venues-including the NeurIPS
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Figure 1: We study the datasheets and checklists in 10 dimensions of data quality.

Datasets and Benchmarks Track, Association of
Computational Linguistics Rolling Review (ARR),
and Language Resources and Evaluation (LREC)-
have introduced metadata requirements as part of
the submission process to promote transparency
and assist reviewers in assessing dataset quality.
However, these measures are often inconsistently
applied. Authors may provide vague or superficial
metadata, and reviewers frequently lack the tools,
time, or guidance to interpret this information effec-
tively. As aresult, these checks risk becoming mere
procedural formalities rather than meaningful qual-
ity controls. Moreover, datasheets are seldom used
by dataset users, largely due to their open-ended
format and absence of structured, quantifiable mea-
sures of dataset utility.

While existing datasheets, such as those pro-
posed by Gebru et al. (2021), are valuable for high-
lighting key considerations, they are not designed
to be measurable. They rely heavily on open-ended
questions without associated assessment criteria,
leaving quality assessment up to the subjective in-
terpretation of accompanying papers, if such papers
exist at all. Currently, no standard mechanism ex-
ists to automate or systematically evaluate dataset
quality. Existing rubrics primarily serve an infor-
mational role, helping authors and reviewers recog-
nize important dimensions of dataset creation but
falling short of enabling objective measurement.

In this position paper, we advocate for a more
systematic approach to evaluating datasets, moving
beyond datasheets and checklists, which are of-
ten neither easily decomposable into qualitative
and quantitative metrics nor particularly useful
for conference paper reviewers. In particular, we
advocate adopting clear, rubric-based evaluation
frameworks that enable consistent, reproducible as-
sessments of dataset quality, thereby strengthening
both the review process and the overall integrity
of dataset-driven research. Several recent studies
have explored the use of LLMs for evaluating re-

ward models and benchmarking, including RM-
R1 (Chen et al., 2025), FLAME (Vu et al., 2024),
Cloud (Ankner et al., 2024), MetaMetrics (Winata
et al., 2025), and R3 (Anugraha et al., 2025), a
paradigm referred to as LLM-as-a-judge. Our ap-
proach which uses structured rubrics is compatible
with both human evaluation as well as LLM-as-a-
judge approaches, and could be scaled to improve
the paper reviewing process through enriching pa-
pers with metadata on dataset quality.

To support our position, we analyze datasheets
and checklists from leading conferences in machine
learning, NLP, computer vision, and speech. Our
findings reveal significant gaps in the information
provided to assess data quality and enable effective
benchmarking, which can undermine the reliability
of current evaluation practices. We highlight chal-
lenges in evaluating data quality across multiple
dimensions and propose key principles to guide
more consistent and effective assessments. As a
call to action, we introduce DATARUBRICS, a sys-
tematic rubric based framework for evaluating both
human generated and model generated datasets.
Grounded in ten critical aspects of data quality
such as data source, annotation methods, quality
assurance, originality, reproducibility, and docu-
mentation, DATARUBRICS provides quantifiable
criteria for assessment. We apply it to manually an-
notate submissions and to LLM based evaluations
of papers from top tier NLP, CV, ML, and speech
conferences, revealing patterns and trends in data
quality and highlighting opportunities to improve
evaluation standards across research communities.

2 Datasheets Are Not Enough

2.1 Standardized, but Lacking Qualitative
Evaluation

In recent years, the research community has intro-
duced datasheets as a tool to promote standardiza-
tion and raise awareness among authors of dataset



papers. These datasheets aim to encourage thought-
ful reflection on what constitutes a high-quality
dataset. Standardization has been beneficial-not
only for authors, but also for reviewers tasked
with assessing dataset quality. However, while
datasheets enhance transparency and documenta-
tion, they do not offer a systematic framework for
objectively evaluating dataset quality.

The datasheet template proposed by Gebru et al.
(2021) outlines several key dimensions: (1) mo-
tivation for dataset creation, (2) dataset composi-
tion, (3) data collection process, (4) data prepro-
cessing, (5) dataset distribution, (6) dataset main-
tenance, and (7) legal and ethical considerations.
Understanding the motivation and composition of
a dataset is undeniably valuable, as it sheds light
on its intended use, relevance to downstream tasks,
size, and structure. However, while these cate-
gories enhance transparency, they do not inher-
ently facilitate measurable quality assessment. The
framework lacks standardized rubrics or scoring
mechanisms that would enable consistent, system-
atic evaluation across datasets. Moreover, in the
era of large-scale pre-trained models, the existing
datasheet categories fall short in addressing model-
specific considerations that are increasingly impor-
tant in dataset design. As LLMs are often both
the consumers and generators of data, evaluation
frameworks must adapt accordingly. A datasheet
approach tailored to the unique challenges and eval-
uation needs of LLM-centric workflows would be
more relevant and impactful for modern dataset
development.

Another valuable contribution is the “Data State-
ments for NLP” framework by Bender and Fried-
man (2018), which emphasizes that not only dataset
composition and distribution matter, but also the
role and background of annotators-highlighting that
sociolinguistic and ethical considerations are often
overlooked. Despite this, our analysis of recent
dataset papers published at major NLP and ML
conferences reveals that reporting on annotator de-
mographics and perspectives remains sparse and in-
consistent. Such guidelines exist, but many authors
engage only superficially with annotator-related
documentation, limiting the transparency and re-
producibility of the data annotation process.

2.2 The State of Academic Conferences

Datasheet frameworks have been increasingly pro-
moted by conference organizers to improve the
transparency and documentation of dataset creation

and usage. In this paper, we survey the policies and
initiatives adopted by major academic conferences
to enhance reproducibility and encourage respon-
sible practices in dataset and benchmark submis-
sions. We further examine conferences that have
not adopted or actively advocated for datasheets
or data checklists, identifying gaps and opportuni-
ties for broader standardization across the research
community.

Among these venues, NeurIPS has taken a lead-
ing role through its Datasets and Benchmarks track
by progressively introducing requirements for pub-
lic data access, explicit licensing, structured meta-
data, disclosure of large language model usage,
and, beginning in 2025, mandatory checklists and
Croissant compliant metadata. These measures
substantially improve transparency and interoper-
ability, yet they remain primarily descriptive and
do not directly evaluate dataset quality. In contrast,
ICML and ICLR accept relatively few dataset and
benchmark papers and currently impose no require-
ments for datasheets or checklists, reflecting a more
limited emphasis on dataset documentation.

Beyond these conferences, adoption of datasheet
practices remains uneven across research communi-
ties. In NLP, conferences such as *CL and EMNLP
encourage but do not mandate Responsible NLP
forms and datasheets through the ARR system,
while LREC requires dataset disclosure at submis-
sion time without enforcing structured datasheets
or standardized metadata. Computer vision con-
ferences, including CVPR, ECCYV, and ICCV, gen-
erally do not promote datasheets or checklists, in-
dicating minimal systematic attention to dataset
documentation. By comparison, speech confer-
ences, particularly Interspeech, have taken more
concrete steps since 2024 by mandating checklists
that capture detailed dataset statistics, availability,
and linguistic coverage, providing more actionable
signals for assessing dataset quality. A full analysis
of the state of academic conferences is presented
in Appendix A.

2.3 Limited Coverage

The absence of both qualitative and quantitative
rubrics has led to limited coverage in evaluating
dataset quality. As shown in Table 1, most ex-
isting datasheet frameworks lack sufficient scope.
BetterBench (Reuel et al., 2024) represents the
most comprehensive effort to date, primarily due
to its use of rubrics that enable more structured
and quantifiable assessments. However, it still falls
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Table 1: Coverage of several popular dataset documentation schemas, including DATARUBRICS.

short in evaluating important dimensions such as
data novelty and language diversity, and its evalua-
tions are conducted manually rather than automati-
cally, limiting scalability. Therefore, we advocate
developing a more robust and automated set of
metrics to enable comprehensive, systematic, and
scalable evaluation of dataset quality. Another no-
table limitation of BetterBench is its lack of support
for non-human language coverage-such as scien-
tific datasets using structured representations like
molecular schemas (e.g., proteins) or neurosym-
bolic formats that rely on domain-specific gram-
mars. In contrast, DATARUBRICS explicitly incor-
porates non-human language dimensions, making
it extensible to a broader range of knowledge do-
mains beyond human-centric language data.

2.4 Rubrics and Scoring Matter

The checklists currently used in conferences are
not based on rigorous rubrics. They typically rely
on binary responses such as “yes,” “no,” or “N/A,”
which lack explainability and fail to capture the
complex, multi-faceted characteristics of datasets.
For example, a dataset might be annotated both by
humans and with assistance from LLMs, but such
hybrid methods are difficult to identify using ex-
isting checklists or most datasheets-unless a more
detailed framework like BetterBench is employed.
However, some of BetterBench’s scoring systems
may not generalize well across all contexts. For
instance, a dataset accepted at a workshop is not
necessarily of lower quality than one presented at
a major conference, and domain-specific datasets
may not fit uniform metric standards. To address
these challenges, we propose a more general set
of attributes and dimensions for assessing datasets
and benchmark papers. These are designed to be ro-
bust across domains and better suited for automated
evaluation, including LL.M-as-a-judge scenarios.

3 Automating Dataset Quality
Assessment: A Call to Action

Initially, Datasheets (Gebru et al., 2021) are de-
signed not as an automated evaluation framework,

but to encourage dataset creators to thoughtfully re-
flect on the processes of creating, distributing, and
maintaining a dataset. However, with the growing
volume of conference submissions (see Figure 2)
and varying reviewer expertise, providing a clear
automated evaluation could help reviewers quickly
assess dataset utility and quality. While this rubric
is not meant to replace human expert judgment,
it can guide reviewers to key aspects, such as the
extent of synthetic data usage, dataset modalities,
and quality control measures implemented by the
authors.

3.1 Reviewers May Overlook or Struggle to
Assess the Quality of the Datasets

Anecdotal stories have emerged of papers being
rejected due to having too few languages or small
dataset sizes. With the rise of LLMs and the in-
creasing use of synthetic data generation, reviewers
may overlook the fact that dataset quality arguably
matters more than quantity, and should avoid judg-
ing datasets solely based on size. In many cases, a
small dataset with few languages may be sufficient
to prove a point based on statistical power analy-
sis, or to serve the purpose outlined by the authors.
Conversely, a large dataset with many languages
may be insufficient for the purposes proposed by
the authors. A data resource must be judged clearly
by its intended purpose, and whether its construc-
tion is sufficient to serve as a resource for that
purpose.

Without proper quality assessment, reviewers
may focus on more visible aspects, such as dataset
size or language coverage, rather than critically
evaluating the data itself. This issue is even more
pronounced when reviewers do not speak the target
language, making it difficult to directly assess data
quality. Additionally, it is important to note that
synthetic data is not inherently low-quality, just as
human-annotated data is not automatically high-
quality. A clearer and more standardized quality
rubric would help reviewers evaluate data-centric
work more fairly, beyond surface-level numbers
such as data size or language coverage.



3.2 Surge in Paper Submissions

In recent years, Al conferences have seen a mas-
sive surge in submissions (see Figure 2). As the
number of submissions grows, so does the num-
ber of required reviews, leading to an increased
reviewer pool and load and, in some cases, more
relaxed reviewer eligibility criteria. With this ris-
ing review burden, maintaining review quality be-
comes increasingly challenging. To support review-
ers, especially in evaluating dataset-related work,
more comprehensive and up-to-date data cards that
highlight dataset quality are needed. Additionally,
automated tools that assist in the review process
by providing proxies for dataset quality could be
valuable, helping reviewers make more informed
assessments. Al-assisted reviews for data-related
work are helpful, given the increasing scale of pa-
per submissions. This tool can be used to quickly
highlight data quality issues, including references
to the relevant parts of the article for the reviewer
to check.

4 DataRubrics

We have discussed the limitations of existing
datasheets and checklists used in conferences and
strongly advocate for improvements. Specifically,
we propose developing new automated rubrics that
cover a broader range of data quality dimensions
not addressed by current methods. In this section,
we present our proposal in detail, focusing on three
key concepts to aid reviewers and users in evalu-
ating datasets: (1) Data composition and creation,
(2) Quality assurance and reproducibility, and (3)
Novelty and differentiation in terms of utility. We
summarize our framework’s components in Fig-
ure 1 and define these facets below.

4.1 Dimensions

We define 10 distinct dimensions to capture the key
aspects necessary for evaluating data quality.

(1) Data Sources. It is important to specify the
original data source-whether the content is human-
written or machine-generated. This distinction has
become increasingly relevant with the rise of Al-
generated content, which facilitates the creation of
large-scale synthetic datasets. Documenting the
data source helps ensure that datasets are used ap-
propriately and in line with their intended purpose,
particularly when determining whether machine-
generated or human-written data is more suitable.

(2) Data Annotators. Clear documentation of an-
notators is essential, as human-annotated labels do
not inherently guarantee high quality. Inadequate
annotation protocols or reliance on non-experts can
result in low-quality data. It is important to provide
information about the annotators’ demographics
and their domain-specific expertise. For instance,
native speakers or individuals familiar with local
cultures are critical for multilingual or culturally nu-
anced data, while subject-matter experts are neces-
sary for scientific benchmarks. Similarly, machine-
generated data may reflect the biases of the underly-
ing models, which could be problematic-especially
if the dataset is intended to fill gaps in existing Al
capabilities, such as those involving low-resource
languages. Therefore, those involved in dataset
construction must understand the limitations of the
models used.

(3) Data Novelty. Data work should also clearly
indicate the novelty of the dataset, whether it is con-
structed from scratch, translated from existing data,
derived from other datasets, or simply collected
and collated from various sources. This informa-
tion is important because it provides context on the
originality, potential biases, and limitations of the
dataset. For instance, translated or derived datasets
may carry over biases or assumptions from the
source material, while collated datasets might in-
troduce inconsistencies due to differing annotation
standards and data qualities.

(4) Data Creation. This metric assesses the
transparency and thoroughness of the dataset cre-
ation documentation-key factors for ensuring re-
producibility, facilitating ethical evaluation, and
supporting downstream usability.

(5) Task Utility. This metric evaluates how the
dataset is utilized within the ML pipeline. Under-
standing its role helps clarify the dataset’s purpose,
relevance, and integration into model development
and evaluation workflows.

(6) Annotation Guidelines. Annotation guide-
lines are essential for aligning annotators and help-
ing readers understand dataset creation. Machine-
generated data also requires annotation guidelines,
typically describing how the data or labels were
produced, including specific prompts used. These
guidelines should provide clear instructions and
well-defined rubrics for each category to minimize
disagreement. Additionally, annotation examples
are also important to enhance annotation quality.
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(7) Quality Assurance. Beyond construction,
validation is a vital step in improving dataset qual-
ity. Information about who performed the quality
assurance-whether an expert or a machine-should
be provided. Additionally, a clear guideline out-
lining how the quality assurance was conducted
is necessary, including some notation on the qual-
ity itself, for example via annotators’ agreement.
Machine-generated data may require documenta-
tion on how well the machine performs the an-
notation task. This can be supported by a per-
formance report on similar tasks using third-party
benchmarks or by showing correlation with high-
quality human annotations. This information helps
to ensure that the machine-generated data is aligned
with the expectations of human annotators.

(8) Human Language Coverage. With the grow-
ing focus on NLP research beyond English, it is
increasingly important to consider language cover-
age in dataset development. We recognize that data
are not always sourced from English, but also from
a wide range of non-English languages.

(9) Non-Human Language Coverage. Not
all data originates from human languages-some
datasets are based on abstract, structured, or sym-
bolic representations, such as those found in scien-
tific or formal languages. Therefore, we also track
and include information on non-human languages
in our analysis.

(10) Code. This metric pertains to whether the
code used for constructing the dataset is made pub-
licly available or not for reproducibility.

4.2 Rubric-Based Design

Multi-label with Reasoning and Reference. To
enable more precise and meaningful evaluation,

our rubrics go beyond simple numerical scores by
providing clear criteria to distinguish different la-
bels. A key design goal is support for multi-label
classification. For example, a dataset may combine
human-annotated data with synthetic data gener-
ated by LLMs, requiring metrics that accurately
capture these multifaceted characteristics. We also
emphasize the importance of reasoning and evi-
dence in annotation: since verifying label correct-
ness can be difficult without justification, annota-
tors are required to provide explanations along with
references to specific sections of the paper. This
improves transparency and enables more verifiable
evaluations.

Schema and Structured Decoding. Given the
rubric’s many dimensions, manual assessment by
authors, annotators, or reviewers can be over-
whelming. To address this and enable scalable
LLM-assisted evaluation, we design the rubric to
be both human-readable and machine-interpretable.
Specifically, we provide a structured schema that
guides LLLMs during generation via constrained
structured decoding. This ensures consistent,
rubric-aligned outputs while making evaluation
more efficient and scalable. Details about the
schema can be found in Appendix E.

5 Resources and Evaluation

As shown in Figure 7, our dataset collection in-
volves several key steps: high-quality text extrac-
tion using OCR, filtering with a reward model, and
automatic evaluation through LLM-as-a-judge. We
describe each step in detail below:

5.1 Dataset Collection

We collect text and metadata, including titles and
abstracts, from papers published at major confer-
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ences across ML/AI (i.e., NeurIPS, ICLR, ICML),
NLP (i.e., ACL, EMNLP, LREC), CV (i.e., CVPR),
and speech processing (i.e., Interspeech), spanning
the years 2021 to 2024, since at the time of writing,
not all proceedings from 2025 have been released.

5.2 Automatic Evaluation via
LLM-as-a-judge

With high-quality paper texts in hand, we perform
automatic evaluation using LL.M-as-a-judge, fol-
lowing the DATARUBRICS methodology. The mod-
els are prompted using a structured template de-
scribed in Section E of the Appendix. We evaluate
responses using a proprietary model GPT-4.1-mini.

5.3 Manual Evaluation

To evaluate the effectiveness of the proposed met-
rics and assessment pipeline, we engaged domain

experts to perform rubric-based annotations. Each
paper was assigned to a single expert with special-
ization in ML, NLP, CV, or Speech, who annotated
the relevant aspects captured by our metrics. All
annotators were between 25 and 40 years of age
and provided informed consent for the use of the
annotated data for research purposes. An additional
quality assurance step was conducted in which a
second expert reviewed the annotations to identify
and correct potential issues. Human evaluation was
performed on a sample of 100 NeurIPS papers from
2022 to 2024, including both accepted and rejected
submissions from the Datasets and Benchmarks
Track.

5.4 Analysis

We analyze annotations from both human annota-
tors and Al model-based evaluations to assess the
effectiveness of the rubrics and to examine trends
in papers over the past several years.

5.4.1 Trends in Dataset Papers Across
Academic Conferences

Data Annotation and Quality Assurance. Fig-
ure 3 illustrates trends in dataset papers across vari-
ous academic conferences from 2022 to 2024. Sev-
eral conferences show an upward trend in the inclu-
sion of guidelines and quality assurance practices,
indicating growing awareness of the importance
of data standards. However, CVPR consistently
exhibits the lowest proportion of such papers, with
only a slight improvement observed in 2024. This
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aligns with our broader findings that CVPR cur-
rently lacks strict policies or standardization re-
garding datasheets and data checklists. We advo-
cate for CVPR to adopt similar initiatives to those
introduced by conferences like NeurIPS.

Accepted vs. Rejected NeurIPS Papers. Fig-
ure 4 shows the percentage of NeurIPS papers
across different acceptance and rejection categories.
The number of papers in each category is relatively
similar, indicating that NeurIPS’ policy on main-
taining quality in the dataset and benchmark track
is enforced even among rejected submissions. How-
ever, there is still room for improvement in raising
awareness about the importance of following guide-
lines during data collection.

Model-generated Data. Figure 6 shows the
trend of papers proposing new data generated by
models. There is a clear and consistent increase in
the percentage of such papers over time across all
conferences.

5.4.2 Automatic Evaluation vs. Human
Evaluation

We find that human annotations still contain errors
even after undergoing quality assurance (QA) pro-
cedures. To better understand the nature of these
errors, we reannotate a set of 100 data points using
outputs from GPT-4.1 mini, focusing on NeurIPS
papers. As shown in Figure 5, 26% of the an-
notations remain incorrect, despite having passed
QA by human annotators tasked with identifying
whether a paper includes specific annotations. Our
analysis suggests that human annotators frequently
overlook fine-grained details, especially when sub-
tle or nuanced aspects of a paper are involved. To
investigate these discrepancies further, we compare
annotations across multiple perspectives, including
both model and human annotation guidelines. This
comparison reveals that a substantial portion of er-
rors stem from misclassifying human-written anno-
tations as model-generated ones. Similar patterns

of misclassification are also observed in automatic
evaluation metrics. These findings indicate that
model-assisted annotation could play a valuable
role in reducing human error during the review pro-
cess. Alternatively, authors should strive to report
annotations as clearly and accurately as possible to
minimize ambiguity.

6 Conclusion and Moving Forward

This position paper advocates for integrating sys-
tematic, rubric based evaluation metrics into the
dataset review process, especially as submission
volumes grow. We also explore scalable ap-
proaches to synthetic data generation and evalu-
ation, including LLM based judge methods, to sup-
port efficient assessment. As a call to action, we
introduce DATARUBRICS, a structured framework
for evaluating both human generated and model
generated datasets. Leveraging recent advances
in LLM based evaluation, DATARUBRICS offers a
reproducible and actionable approach that enables
authors and reviewers to uphold higher standards
in data centric research.

We further offer recommendations for the Al
community, particularly those developing datasets
and benchmarks. Comprehensive documentation
of all aspects of data work, from sources to an-
notation processes, is essential. Dataset quality
should be assessed beyond superficial metrics such
as size or language fluency. Machine generated
data requires rigorous validation for human align-
ment and bias, while human annotations demand
clear guidelines and expert oversight. As dataset
submissions increase, maintaining review quality is
challenging, and Al assisted reviewing using struc-
tured rubrics can help alleviate this burden. We
hope that DATARUBRICS supports this effort by
providing a schema for quickly assessing dataset
quality and utility.



Limitations

Our study focuses on a selective set of Al, ML,
NLP, CV, and speech conferences, chosen to repre-
sent each domain. This serves as a preliminary in-
vestigation into improving the quality of datasheets.
To manage resource constraints, we do not attempt
an exhaustive evaluation of all possible models.
Instead, our primary goal is to develop a bench-
mark that supports exploration and guides future
research. Al assistance is only used to help proof-
reading and paraphrasing the manuscript.
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A Further Analysis on The State of
Academic Conferences

Datasheet frameworks have been increasingly en-
couraged by conference organizers to ensure com-
prehensive documentation of dataset creation pro-
cesses. In this paper, we examine the policies and
initiatives adopted by academic conferences to pro-
mote reproducibility and uphold responsible stan-
dards for dataset and benchmark submissions. Ad-
ditionally, we analyze conferences that have not
yet adopted or advocated for the use of datasheets
or data checklists, highlighting gaps and opportuni-
ties for broader standardization across the research
community.

NeurIPS Dataset and Benchmark Track. Since
launching its Datasets and Benchmarks track in
2021, NeurIPS has progressively introduced poli-
cies to improve documentation, transparency, and
accountability in dataset submissions. Authors
have been encouraged to adopt established frame-
works such as Datasheets for Datasets (Gebru
et al., 2021), Dataset Nutrition Labels (Holland
et al., 2018), Data Statements for NLP (Bender
and Friedman, 2018), and broader accountability
frameworks (Hutchinson et al., 2021). Submissions
are also required to include a public URL to the
dataset or benchmark and a clearly defined data
license-both essential for ensuring reproducibility
and reuse. In 2022, NeurIPS strengthened its li-
censing policy by requiring authors to explicitly
specify a valid data license. That same year, it intro-
duced a new policy mandating the use of structured
metadata standards (e.g., schema.org, DCAT) to en-
hance machine-readability and discoverability. In
2023, the track added a requirement for disclosing
any use of large language models (LLMs), a policy
that continued into 2024. Looking ahead, the 2025
track introduces two additional requirements: the
use of structured metadata and the submission of a
formal checklist to improve transparency. Notably,
authors must now format metadata according to
the Croissant standard (Akhtar et al., 2024), a step
toward greater standardization and interoperability.
While these evolving policies represent significant
progress in promoting high-quality documentation
and responsible dataset practices, they still primar-
ily emphasize descriptive metadata. As a result,
they provide transparency but fall short of offering
evaluative insights-they do not directly measure the
quality of the dataset itself. There remains consider-
able room for improvement, particularly in making
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the metadata more actionable and useful for review-
ers seeking to assess the quality and reliability of a
dataset.

ICML and ICLR. According to Figure 2, ICML
and ICLR have relatively few accepted dataset and
benchmark papers compared to other conferences,
and they do not require authors to submit any ac-
companying checklists or datasheets for these sub-
missions.

NLP Conferences. In NLP conferences such as
*CL and EMNLP, authors are encouraged-but not
required-to complete Responsible NLP forms and
datasheets when submitting their papers.' This
practice is particularly emphasized within the ARR
system, which functions as the unified submission
portal for *CL, EMNLP, and affiliated workshops.
These forms are intended to promote transparency
and responsible research practices. In contrast, con-
ferences focused on language resources, such as
LREC, require authors to disclose dataset informa-
tion at the time of submission. However, unlike
NeurIPS 2025, LREC has not yet mandated the use
of structured datasheets or standardized metadata.

CV Conferences. To the best of our knowledge,
major computer vision conferences such as CVPR,
ECCYV, and ICCV do not currently enforce or ac-
tively advocate for the inclusion of datasheets or
checklists as part of supplementary materials. This
lack of emphasis suggests a limited focus on sys-
tematically measuring and documenting dataset
quality within the CV research community.

Speech Conferences. The Interspeech confer-
ence began implementing a checklist in 2024, with
continued use in 2025. This checklist collects de-
tailed information about the models and datasets
used, including dataset statistics. Authors are ex-
pected to disclose whether the datasets are publicly
available or not, promoting transparency and help-
ing readers understand the scope and accessibility
of the data. Additionally, the checklist requires
authors to report key details such as the languages
covered, total audio duration, number of examples,
and label distributions. These elements provide
valuable insights that enable readers to better as-
sess and compare dataset quality.
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according to the categories in §4.
B Pipeline

Filtering Using a Reward Model. To identify
relevant papers, we first narrow the corpus using
titles and abstracts to isolate works potentially re-
lated to novel datasets or benchmarks. We employ a
generative reward model, R3-Qwen3-14B-4k (Anu-
graha et al., 2025), which performs rubric-guided
reasoning and reward-based classification. This
model helps detect papers that (i) introduce new
datasets, (ii) modify or extend existing datasets,
or (iii) conduct benchmarking on existing datasets.
The model is prompted using a structured template
described in Section F of the Appendix. This fil-
tering process yields a substantial set of relevant
papers, as illustrated in Figure 2.

High-Quality Text Extraction via OCR. For
the filtered papers, standard PDF text extraction
methods often yield noisy or incomplete results due
to formatting inconsistencies, embedded figures or
tables, and anonymization artifacts in under-review
manuscripts. To ensure high-quality and structured
text extraction, we apply a robust Optical Character
Recognition (OCR) model, OImOCR (Poznanski
et al., 2025), specifically designed for academic
document parsing.

1https://aclrollingreview.org/
responsibleNLPresearch
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Sampling. In our study, we limit the analysis to
a maximum of 100 papers per year for each con-
ference category (ARR, ICML, ICLR, NeurIPS
Datasets and Benchmarks Track, CVPR, Inter-
speech, and LREC), selected through random sam-
pling. For the human evaluation, we specifically
focus on 100 papers from the NeurIPS Datasets
and Benchmarks Track, sampling data only from
the years 2022 to 2024.

C Compute Resources

We run inference for the reward model using an
NVIDIA H100 GPU with 80 GB of memory. The
experiments were conducted over approximately
seven days, corresponding to a total of 168 GPU
hours. For each model, we perform a single infer-
ence run per sample.

D Paper Statistics via Automatic
Evaluation

We present paper trends from 2022 to 2024, based
on data generated by GPT-4.1 mini using the
DATARUBRICS framework. The orange, blue, and
dark blue bars indicate papers from 2022, 2023,
and 2024, respectively.

D.1 Data Annotations

Figures 8 and 9 show the paper trends on Data An-
notations at ACL, CVPR, EMNLP, ICLR, ICML,


https://aclrollingreview.org/responsibleNLPresearch
https://aclrollingreview.org/responsibleNLPresearch

Interspeech, LREC, and NeurIPS.

D.2 Data Novelty

Figures 10 and 11 show the paper trends on Data
Novelty at ACL, CVPR, EMNLP, ICLR, ICML,
Interspeech, LREC, and NeurIPS.

D.3 Languages

Figures 12 and 13 show the paper trends on Lan-
guages at ACL, CVPR, EMNLP, ICLR, ICML,
Interspeech, LREC, and NeurIPS.

D.4 Quality Assurance

Figures 14 and 15 show the paper trends on Quality
Assurance at ACL, CVPR, EMNLP, ICLR, ICML,
Interspeech, LREC, and NeurIPS.

D.5 Reproducibility: Data Creation and Code

Figures 16 and 17 show the paper trends on Data
Creation and Code criterion at ACL, CVPR,
EMNLP, ICLR, ICML, Interspeech, LREC, and
NeurIPS.

D.6 Task Utility

Figures 18 and 19 show the paper trends on Task
Utility at ACL, CVPR, EMNLP, ICLR, ICML, In-
terspeech, LREC, and NeurIPS.
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Figure 18: Paper statistics across conferences on Task Utility at ACL, CVPR, EMNLP, and ICLR (2022-2024).
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2024).
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E Metric Evaluation Rubrics

In this section, we present the template and struc-
tured schema used to define each metric dimension
in DATARUBRICS. We also use the same instruc-
tion for human annotations.

E.1 Data Sources
E.1.1 Template

Metric Evaluation Template for Data

Sources

### INSTRUCTION

List all of data source entries from only the
**new dataset** introduced in the paper,
each with one modality and a multi-label
origin classification.

Please follow these rules:

- **Only assess new datasets** that are
introduced by the authors. Do **not** eval-
uate any pre-existing datasets mentioned in
the paper.

- Base your judgments **strictly on the
content of the paper**. Do **not** infer or
speculate beyond what is explicitly stated.
- Provide clear references and reasoning for
each modality and the origin of the data.

#i## PAPER
{{ paper_text }}

### RESPONSE FORMAT
Return a JSON response in the following
format:

{{ format }}

### RESPONSE

E.1.2 Schema

Schema for Data Sources

\begin{verbatim}
{
"name"”: "sources”,
"schema": {
"type": "object”,

"properties”: {
"sources": {
"type": "array",
"description”: "List of data
source entries, each with
one modality and a
multi-label origin
classification.”,
"items": {
"type": "object”,
"properties”: {
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"Modality": {

"type": "string",
"description”: "The
single data

modality present

(e.g., 'text',
"image ',

"audio', 'video',6 etc.)
based on the enum.”,

"enum”: ["text",
"image", "audio",
"video", "graph",
"tabular”,

"time series”,
"signal/sensor",
"other"]

3

"

uman Generated”: {
"type": "boolean”,
"description”: "Set to
true if the data
(for the specified
modality)
originates from or is
captured with human
involvement -
including
manual creation, human
recording, or data
collected through
human-operated
tools such as cameras or
sensors."”
T,
"Model Generated”: {
"type": "boolean”,
"description”: "Set to
true if the data
(for the specified
modality)
is generated or
simulated by any
algorithmic system
- including
AI models, procedural
generators,
simulations, or
other automated
programmatic methods
without direct
human authorship."”
P
"Unknown Origin": {
"type": "boolean”,
"description”: "Set to
true if the
specified data with
the modality
mentioned is not
specified, not
reported, or
derived from
web-crawl data
with unclear provenance.”
Do
"Reference"”: {
"type": "string",
"description”: "The
location in the
paper confirming
the previous
information provided
(e.g., 'Section
1,179 .7
P
"Reasoning": {
"type": "string",
"description”: "A
justification based
on the paper
content explaining
why the dataset is of
modality mentioned,
along with the
reasoning of




its origins.”
3

Yo
"required"”: [
"Modality",
"Human Generated”,
"Model Generated”,
"Unknown Origin",
"Reference”,
"Reasoning”

15
"additionalProperties”: false
}
3
3,
"required”: ["sources"],
"additionalProperties”: false

3

"

trict”: true

¥
\end{verbatim}

E.2 Data Annotations

E.2.1 Template

Metric Evaluation Template for Data Anno-

tations

### INSTRUCTION
List all of annotation information entries
from only the **new dataset** introduced
in the paper, each with the annotator
and whether instructions, rubrics, and/or
examples are present.

Follow these strict guidelines:

- Only evaluate datasets that are newly in-
troduced in this paper. Do **not** evaluate
any pre-existing datasets mentioned in the
paper.

- Base your judgments **strictly on the
content of the paper**. Do **not** infer or
speculate beyond what is explicitly stated.
- Provide clear references and reasoning for
each required annotation information.

### PAPER
{{ paper_text }}

### RESPONSE FORMAT
Return a JSON response in the following
format:

{{ format }}

### RESPONSE

E.2.2 Schema

Schema for Data Annotations

\begin{verbatim}

"name":
"annotations_data_annotations”,
"schema": {
"type": "object”,
"properties”: {
"data_annotations”: {
"type": "array”,
"description”: "List of
annotators along with the
data annotation guideline
evaluations.”,
"items": {
"type": "object",
"description”: "Each entry
assesses who performed
the annotation (human or
model), along with the
presence and quality of
annotation guidelines
such as instructions,
rubrics, and examples.”,
"properties”: {
"Subject Annotators”: {
"type": "object",
"description”:
"Describes who
performed the

annotations. Choose
exactly
one from a predefined
list.",
"properties”: {
"category": {
"type": "string",
"description”: "Who

performed the
annotation.

Some
definitions:
\n- Expert: A

subject-matter
expert or
someone from the
task's target
demographic.
\n- AI Model: An
annotation
process using
LLM or other
learned model
Automatic
Process: A
deterministic
or simulated
method
(e.g., rule-based,
physics
simulation)
that is not an
AI model.",
"enum”: [
"Single Human
Expert”,
"Multiple Human
Experts”,
"Single Human
Non-Expert”,
"Multiple Human
Non-Experts"”,
"AI Model”,
"Automatic Process”

]

\n-

Yo
"reference”: {
"type": "string",
"description”: "The
location in the
paper where
this information
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is discussed (e.g.,
'Section 3.1"',
'Appendix B')."

¥o
"reasoning”: {

"type": "string",

"description”:
"Explanation
supporting the
selected
category based

on the paper
content.”
}

},

"required”: ["category"”
"reference”,
"reasoning”"],

"additionalProperties”:
false

Y,
"Has Instructions”: {
"type": "object”,
"description”:
"Indicates whether
detailed annotation
instructions are
provided in the
annotation
guidelines for the
'Subject’
mentioned earlier.”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set
to true if
instructions
are provided in
the
annotation
guidelines for
the 'Subject'
mentioned
earlier.”

I,

"reference”: {

"type": "string",

"description”: "The
location in the
paper where
this is
described

(e.g., 'Section

3.1')."
1,

"reasoning”: {
"type": "string",
"description”:

"Justification
from the paper
content
supporting the
inclusion of
instructions.”

}

Bo

"required”:
["is_applicable”,
"reference”,
"reasoning”],

"additionalProperties”:

false
To
"Has Rubrics”: {
"type": "object”,

"description”:
"Indicates whether
scoring rubrics are
provided

in the annotation
guidelines for the
'Subject' mentioned
earlier."”,

"properties”: {

"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true if
rubrics are
provided in the
annotation
guidelines for
the 'Subject'
mentioned
earlier.”

0

"reference": {
"type": "string",
"description”: "The

location in the
paper where
this is
described
(e.g., 'Section

3,09 .7
To

"reasoning": {
"type": "string",
"description”:

"Justification
from the paper
content
supporting
rubric usage.”

3

Yo

"required":
["is_applicable”,
"reference”,
"reasoning"],

"additionalProperties”:

false
3,
"Has Examples”: {
"type": "object",
"description”:

"Indicates whether
annotation examples
are provided
in the annotation
guidelines for the
'Subject' mentioned
earlier."”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set
to true if
examples are
provided in the
annotation
guidelines for
the 'Subject'’
mentioned

earlier.”
Bo
"reference”: {
"type": "string",
"description”: "The
location in the
paper where
this is
described
(e.g., 'Appendix
B"Y."
%o
"reasoning": {
"type": "string",
"description”:
"Justification
from the paper
content
supporting
the inclusion of
examples.”
¥
Do
"required”:

["is_applicable”,




"reference”,
"reasoning”"],
"additionalProperties”:
false
}
3

"required”: [

"Subject Annotators”,
"Has Instructions”,
"Has Rubrics”,

"Has Examples”

]

"additionalProperties"”: false
}
b
3,
"required”: ["data_annotations"],
"additionalProperties”: false
o
"strict"”: true
}
\end{verbatim}

\

E.3 Quality Assurance
E.3.1 Template

Metric Evaluation Template for Quality As-

surance

### INSTRUCTION

Carefully evaluate the quality and character-
istics of the **new datasets** introduced in
the paper using the rubric provided below.

Please follow these rules:

- **Only assess new datasets** that are
introduced by the authors. Do **not** eval-
uate any pre-existing datasets mentioned in
the paper.

- Base your judgments **strictly on the
content of the paper**. Do **not** infer or
speculate beyond what is explicitly stated.
- Use the rubric definitions to guide your
labeling. Provide clear references and
reasoning wherever applicable.

### PAPER
{{ paper_text }}

### RUBRIC

Metric name: Quality Assurance

Metric description: This metric assesses the
rigor and reliability of the quality assurance
(QA) process used to validate dataset
annotations or content. It captures whether
QA was performed by experts, non-experts,
machines, or not at all, and whether the
process is transparently reported. This
helps determine the overall trustworthiness
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and consistency of the data.

Multiple labels are allowed, except for
mutually exclusive categories. Specifically:
- ’Single Human Expert’ and ’Multiple
Human Experts’ cannot be both true.

- ’Single Human Non-Expert’ and *Multiple
Human Non-Experts’ cannot be both true.
- ’N/A’ is a single-label option and cannot
be combined with others.

Each label indicates whether it applies to
the dataset, with supporting evidence from
the paper.

Options:

Single Human Expert: Quality assurance
is conducted by a single human annotator
who is either a subject matter expert or a
member of the target demographic. If there
1s no information about the annotator, then
the annotator is not an expert.

Multiple Human Experts: Quality assur-
ance is performed by multiple human
annotators with subject matter expertise or
belonging to the target demographic. If
there is no information about the annotators,
then the annotators are not experts.

Single Human Non-Expert": Quality
assurance is conducted by a single human
annotator without subject matter expertise.
Multiple Human Non-Experts": Quality
assurance is conducted by multiple human
annotators who do not possess subject
matter expertise.

Automatic Process: Quality assurance is
conducted through the automated verifica-
tion of code or formulas using algorithmic
or rule-based techniques.

Al Model: Quality assurance is performed
by an Al model as a judge.

N/A: No quality assurance process is
applied, or none is documented.

### RESPONSE FORMAT
Return a JSON response in the following
format:

{{ format }}

### RESPONSE




E.3.2 Schema

Schema for Quality Assurance

{ ” n
name"”:
"annotations_quality_assurance”,
"schema": {
"type": "object”,
"properties”: {
"quality_assurance”: {
"type": "object",
"description”: "This metric
assesses the rigor and
reliability of the
quality assurance (QA)
process used to validate
dataset annotations or
content. It captures
whether QA was performed
by experts, non-experts,
machines, or not at all,
and whether the process
is transparently
reported.”,
"properties”: {
"Single Human Expert": {
"type": "object”,
"description”: "Quality
assurance 1is
conducted by a single
human annotator who
is either a subject
matter expert or a
member of the target
demographic. If there
is no information
about the annotator,
then the annotator is
not an expert.",
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to
true if this
label applies to
the dataset. If
true, reference
and reasoning
must be provided.”
},
"reference”: {
"type"”: "string",
"description”: "The
location in the
paper where this
is described
(e.g., 'Section
P.17) .7
Jo
"reasoning”: {
"type": "string",
"description”:
"Justification
based on the
paper content
explaining why
the QA was
performed by a
single human
expert.”
3
%o
"required”:
["is_applicable”,
"reference”,
"reasoning"],
"additionalProperties”:
false
3,
"Multiple Human Experts”: {
"type": "object”,
"description”: "Quality
assurance is
performed by multiple
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human annotators with
subject matter
expertise or
belonging to the
target demographic.
If there is no
information about the
annotators, then the
annotators are not
experts."”,

"properties”: {
"is_applicable”: {

},

"type": "boolean”,
"description”: "Set to

true if this

label applies to
the dataset. If
true, reference
and reasoning

must be provided.”

"reference": {

},

"type": "string",
"description”: "The

location in the
paper where this
is described
(e.g., 'Section
5,209y ,.7

"reasoning”: {

3
3,

"type”: "string”,
"description”:

"Justification
based on the
paper content
explaining why
the QA involved
multiple human
experts.”

"required”:

["is_applicable”,
"reference"”,
"reasoning"],

"additionalProperties”:

}

n

false

ingle Human Non-Expert”: {
"type”:

"object"”,

"description”: "Quality

assurance is
conducted by a single
human annotator
without subject
matter expertise.",

"properties”: {
"is_applicable”: {

},

"type": "boolean”,
"description”: "Set to

true if this

label applies to
the dataset. If
true, reference
and reasoning

must be provided."’

"reference”: {

},

"type”: "string”,
"description”: "The

location in the
paper where this
is described
(e.g., 'Section
3.3')."

"reasoning": {

"type”: "string”,
"description”:

"Justification
based on the
paper content
explaining why
the QA was done




by a single
non-expert.”
}
%o
"required”:
["is_applicable”,
"reference”,
"reasoning”"],
"additionalProperties”:
false

}

"

ultiple Human
Non-Experts”: {
"type": "object”,
"description”: "Quality
assurance 1is
conducted by multiple
human annotators who
do not possess
subject matter
expertise.”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to
true if this
label applies to
the dataset. If
true, reference
and reasoning
must be provided.”
P
"reference”: {
"type”: "string",
"description”: "The
location in the
paper where this
is described
(e.g., 'Section
3.47)."

3,

"reasoning”: {
"type”: "string”,
"description”:

"Justification
based on the
paper content
explaining why
the QA involved
multiple
non-expert
annotators.”

¥

T,

"required”:
["is_applicable”,
"reference”,
"reasoning"],

"additionalProperties”:
false

P
"AI Model": {
"type": "object”,
"description”: "Quality
assurance is
performed by an AI
model as a judge.",
"properties”: {
"is_applicable”: {
"type"”: "boolean”,
"description”: "Set to
true if this
label applies to
the dataset. If
true, reference
and reasoning
must be provided.”
1,
"reference”: {
"type": "string",
"description”: "The
location in the
paper where this
is described
(e.g., 'Section

3.6')."
Do
"reasoning": {
"type": "string",
"description”:
"Justification
based on the
paper content
explaining why an
AI model was used
for QA."
3
P
"required”:
["is_applicable”,
"reference"”,
"reasoning"],
"additionalProperties”:
false
Vo
"Automatic Process”: {
"type": "object"”,
"description”: "Quality
assurance is
conducted through the
automated
verification of code
or formulas using
algorithmic or
rule-based
techniques.”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to
true if this
label applies to
the dataset. If
true, reference
and reasoning
must be provided."”
Bo
"reference": {
"type": "string",
"description”: "The
location in the
paper where this
is described
(e.g., 'Section
3.5')."
Bo
"reasoning": {
"type": "string",
"description”:
"Justification
based on the
paper content
explaining why
the QA is
considered
automated
verification.”
3
Vs
"required"”:
["is_applicable”,
"reference”,
"reasoning"],
"additionalProperties”:
false
Jo
"N/A": {
"type": "object",
"description”: "No quality
assurance process is
applied, or none is
documented.”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to
true if no
quality assurance
is described or
performed. If
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true, reasoning
must be provided.”
o
"reasoning”: {
"type": "string",
"description”:
"Justification
based on the
paper content
explaining why no
QA process is
considered
present.”
}

},

"required”:
["is_applicable”,
"reasoning”"],

"additionalProperties”:
false

3

Do

"required”: [
"Single Human Expert”,
"Multiple Human Experts”,
"Single Human Non-Expert”,
"Multiple Human Non-Experts"”,
"AI Model”,
"Automatic Verification”,
"N/A"

1

"additionalProperties”: false
3

3,
"required”: ["quality_assurance”],
"additionalProperties”: false

1,

"strict”: true

}

E.4 Data Novelty
E.4.1 Template

Metric Evaluation Template for Data Nov-
elty

### INSTRUCTION

Carefully evaluate the quality and character-
istics of the **new datasets** introduced in
the paper using the rubric provided below.

Please follow these rules:

- **Only assess new datasets** that are
introduced by the authors. Do **not** eval-
uate any pre-existing datasets mentioned in
the paper.

- Base your judgments **strictly on the
content of the paper**. Do **not** infer or
speculate beyond what is explicitly stated.
- Use the rubric definitions to guide your
labeling. Provide clear references and
reasoning wherever applicable.

#i## PAPER
{{ paper_text }}

### RUBRIC

Metric: Data Novelty

Description: This metric assesses the
originality of the data based on how it was
generated. Multiple labels may be selected,
except for 'N/A’, which is exclusive and
cannot be combined with other options.
Each label indicates whether it applies to
the dataset, with supporting evidence from
the paper.

Options:

New Data from Human: Original content
created entirely from scratch by human
contributors. It is not translated, adapted, or
derived from pre-existing material.

New Data from Model: Original content
generated entirely by Al or machine
learning models without reference to or
transformation of existing data.

Human Translation: Data produced by
translating content from another language
through human translators.

Machine Translation: Data generated by
translating content from another language
using machine translation systems.
Collated: Data collected or aggregated
from existing sources without significant
modification.

Derived: Data based on existing sources,
with some modifications, transformations,
or adaptations applied.

N/A: The data source or method of genera-
tion is not specified or documented.

### RESPONSE FORMAT
Return a JSON response in the following
format:

{{ format }}

### RESPONSE

E.4.2 Schema

Schema for Data Novelty

{

"name"”: "utility_data_novelty"”,
"schema": {
"type": "object”,

"properties”: {
"data_novelty"”: {
"type": "object”,
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"description”: "This metric
assesses the
originality of the data
based on how it was
generated."”,

"properties”: {

"New Data from Human": {
"type": "object”,
"description”: "Original

content created
entirely from
scratch by human
contributors. It is
not translated,
adapted, or derived
from pre-existing

material.",
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided."”
Bo
"reference”: {
"type": "string",
"description”:
"Location in
the paper where
this is stated
(e.g., 'Section
2.1°)."
o
"reasoning”: {
"type": "string",
"description”:
"Explanation
based on the
paper content
justifying why
the data is
considered
newly created
by humans.”
3
P
"required”:
["is_applicable”,
"reference"”,
"reasoning”"],
"additionalProperties”:

false
Jo
"New Data from Model": {
"type": "object”,
"description”: "Original

content generated
entirely by AI or
machine learning
models without
reference to or
transformation of
existing data."”,

"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided."
P
"reference”: {
"type": "string",
"description”:
"Location in
the paper where
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this is stated
(e.g., 'Section
2.2')."
%o
"reasoning”: {
"type": "string",
"description”:
"Explanation
based on the
paper content
justifying why
the data is
considered
newly generated
by a model.”
3
3,
"required”:
["is_applicable”,
"reference”,
"reasoning"],
"additionalProperties”:
false
P

"Human Translation”: {
"type": "object",
"description”: "Data

produced by
translating content
from another
language through
human translators."”,
"properties”: {

"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided."”

},

"reference”: {
"type": "string",
"description”:

"Location in
the paper where
this is stated
(e.g., 'Section
8,177

},

"reasoning": {
"type": "string",
"description”:

"Explanation

based on the

paper content
justifying why

the data is
considered
human-translated.”

3

o

"required”:
["is_applicable”,
"reference”,
"reasoning"],

"additionalProperties”:
false

Js

"Machine Translation”": {
"type": "object"”,
"description”: "Data

generated by
translating content
from another
language using
machine translation
systems."”,
"properties”: {
"is_applicable”: {
"type": "boolean”,




"description”: "Set
to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided."

P
"reference”: {

"type": "string",

"description”:
"Location in
the paper where
this is stated
(e.g., 'Section
3.2')."

P
"reasoning”: {

"type": "string",

"description”:
"Explanation
based on the
paper content
justifying why
the data is
considered
machine-translated.”

}

3,

"required”:
["is_applicable”,
"reference”,
"reasoning”],

"additionalProperties”:
false

%o
"Collated": {

"type"”: "object”,
"description”: "Data
collected or

aggregated from
existing sources
without significant
modification.",

"properties”: {
"is_applicable”: {
"type"”: "boolean”,
"description”: "Set

to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided."”
P
"reference”: {
"type": "string",
"description”:
"Location in
the paper where
this is stated
(e.g., 'Section
4.1')."
P
"reasoning”: {
"type": "string",
"description”:
"Explanation
based on the
paper content
justifying why
the data is
considered
collated.”
¥

1,

"required”:
["is_applicable”,
"reference”,
"reasoning"],

"additionalProperties”:
false

P

"Derived": {

}

n

"type": "object”,

"description”: "Data
based on existing
sources, with some
modifications,
transformations, or
adaptations
applied.”,

"properties”: {

"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true if this
applies to the
dataset. If
true, reference
and reasoning
must be
provided.”

T,

"reference”: {
"type": "string",
"description”:

"Location in
the paper where
this is stated
(e.g., 'Section
4.2')."

T,

"reasoning": {
"type": "string",
"description”:

"Explanation
based on the
paper content
justifying why
the data is
considered
derived.”

}

Bo

"required”:
["is_applicable”,
"reference”,
"reasoning"],

"additionalProperties”:
false

/A" {

"type": "object",

"description”: "The data
source or method of
generation is not
specified or
documented."”,

"properties”: {

"is_applicable”: {
"type": "boolean”,
"description”: "Set

to true only if
no other
categories
apply and the
origin is not
documented.”

Bo

"reasoning"”: {
"type": "string",
"description”:

"Explanation
based on the
paper content
justifying why
the data origin
is considered
unknown."”

}

3,

"required”:
["is_applicable”,
"reasoning"],

"additionalProperties”:
false
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3,

"required"”: [
"New Data from Human",
"New Data from Model”,
"Human Translation”,
"Machine Translation”,

"Collated",
"Derived”,
TNJAT
15
"additionalProperties”: false
3
Jo
"required”: ["data_novelty"],
"additionalProperties”: false
3y
"strict"”: true

3

\. J

E.5 Task Utility
E.5.1 Template
Metric Evaluation Template for Task Ultility

### INSTRUCTION

Carefully evaluate the quality and character-
istics of the **new datasets** introduced in
the paper using the rubric provided below.

Please follow these rules:

- **Only assess new datasets** that are
introduced by the authors. Do **not** eval-
uate any pre-existing datasets mentioned in
the paper.

- Base your judgments **strictly on the
content of the paper**. Do **not** infer or
speculate beyond what is explicitly stated.
- Use the rubric definitions to guide your
labeling. Provide clear references and
reasoning wherever applicable.

### PAPER
{{ paper_text }}

### RUBRIC

Metric: Task Utility

Description: This metric identifies how the
dataset is used within the machine learning
pipeline. Understanding its utility helps
clarify the dataset’s purpose, relevance,
and integration into model development
or evaluation workflows. Multiple labels
may be selected, except for "N/A’, which
is exclusive and cannot be combined with
other options. Each label indicates whether
it applies to the dataset, with supporting
evidence from the paper.

Options:

Pre-Training: The proposed dataset in the
paper is used exclusively for pre-training
large models on general patterns, typically
in an unsupervised or self-supervised
manner.

Post-Training (Supervised Fine-tuning):
The proposed dataset in the paper is used
to fine-tune a pre-trained model using
supervised learning methods.
Post-Training (RL-based Methods): The
proposed dataset in the paper is used
for reinforcement learning post-training
techniques such as RLHF.

Evaluation: The proposed dataset in the
paper is used exclusively for evaluation,
benchmarking, or performance measure-
ment.

Analysis: The proposed dataset in the paper
is used primarily for analyzing trends,
patterns, or characteristics rather than
training or evaluation.

Knowledge Base: The proposed dataset in
the paper serves as a knowledge base to
augment models (e.g., through retrieval-
augmented generation).

N/A: No practical usage of The proposed
dataset in the paper is described or demon-
strated in the paper.

### RESPONSE FORMAT
Return a JSON response in the following
format:

{{ format }}

### RESPONSE

E.5.2 Schema

Schema for Task Utility

{
"name"”: "utility_task_utility",
"schema": {
"type": "object”,
"properties”: {
"task_utility": {

"type": "object”,

"description”: "This metric
identifies how the dataset is
used within the machine
learning pipeline.
Understanding its utility
helps clarify the dataset's
purpose, relevance, and
integration into model
development or evaluation
workflows.",

"properties”: {
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"Pre-Training": {

"type": "object”,
"description”: "The dataset is
used exclusively for

pre-training large models
on general patterns,
typically in an
unsupervised or
self-supervised manner.",
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the dataset is used
for pre-training. If
true, reference and
reasoning must be
provided."”

"reference": {
"type": "string",
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 2.1')."
3,
"reasoning": {
"type": "string",
"description”:
"Justification from
the paper explaining
why the dataset is
used for pre-training.”

}

"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

"Training (From Scratch)”": {
"type": "object”,
"description”: "The dataset is

used to train a model from

randomly initialized

parameters (i.e., not

pre-trained).”,

"properties”:
"is_applicable"”: {

"type": "boolean”,

"description”: "Set to true
if the dataset is used
for training from
scratch. If true,
reference and
reasoning must be

provided.”
,
"reference”: {
"type": "string”, A A
"description”: "Location in

the paper where this
usage is described
(e.g., 'Section 2.1"')."
3,
"reasoning": {
"type": "string",
"description”:
"Justification from
the paper explaining
why the dataset is
used for training from
scratch.”
3
},
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

"Post-Training (Supervised
Fine-tuning)": {
"type": "object"”,
"description”: "The dataset is
used to fine-tune a
pre-trained model using
supervised learning
methods."”,
"properties”: {
"is_applicable”: {
"type": "boolean",
"description”: "Set to true
if the dataset is used
for supervised
fine-tuning. If true,
reference and
reasoning must be
provided."”

"reference”: {
"type": "string",
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 3.1')."
1},
"reasoning"”: {
"type": "string”,
"description”:
"Justification from
the paper explaining
why the dataset is
used for supervised
fine-tuning."

3

,

"required”: ["is_applicable”,
"reference”, "reasoning"],

"additionalProperties”: false

},
"Post-Training (RL-based
Methods)": {

"type": "object”,
"description”: "The dataset is
used for reinforcement
learning post-training

techniques such as RLHF.",
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the dataset is used
in RL-based
post-training. If
true, reference and
reasoning must be
provided."”
3},
"reference"”: {
"type": "string",
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 3.3"')."
},
"reasoning": {
"type": "string",
"description”:
"Justification from
the paper explaining
why the dataset is
used in RL-based
methods."”
}
},
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

},
"Evaluation": {

"type": "object”,
"description”: "The dataset is
used exclusively for

evaluation, benchmarking,
or performance
measurement.”,
"properties”: {
"is_applicable”: {
"type": "boolean",
"description”: "Set to true
if the dataset is used
for evaluation. If
true, reference and
reasoning must be
provided."
1},
"reference”: {
"type": "string”,
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 4.1')."
¥,
"reasoning”: {
"type": "string",
"description”:
"Justification from
the paper explaining
why the dataset is
used for evaluation.”

}

"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false
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"Analysis": {
"type": "object”,
"description”: "The dataset is
used primarily for
analyzing trends,
patterns, or
characteristics rather
than training or
evaluation.”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the dataset is used
for analysis. If true,
reference and
reasoning must be
provided."”

"reference": {
"type": "string",
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 5.1"')."
3,
"reasoning": {
"type": "string",
"description”:
"Justification from
the paper explaining
why the dataset is
used for analysis.”

}

"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

1,
"Knowledge Base”: {
"type": "object”,
"description”: "The dataset
serves as a knowledge base
to augment models (e.g.,
through
retrieval -augmented
generation).”,
"properties”: {
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the dataset is used
as a knowledge base.
If true, reference and
reasoning must be
provided.”

"reference": {
"type": "string”,
"description”: "Location in
the paper where this
usage is described
(e.g., 'Section 6.1"')."
3,
"reasoning": {
"type": "string",
"description”:
"Justification from
the paper explaining
why
the dataset is considered a
knowledge base.”
3
1,
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

"N/A":
"type": "object"”,
"description”: "No practical
usage of the dataset is
described or demonstrated
in the paper.”,
"properties”: {
"is_applicable”:
"type": "boolean",
"description”: "Set to true
only if no other
categories
apply and there is no
documented usage."”
3,
"reasoning": {
"type": "string",
"description”: "Explanation
justifying why no

documented utility is found
in the paper.”
}

)
"required”: ["is_applicable”,
"reasoning"],

"additionalProperties”: false

3,
"required”: [
"Pre-Training"”,
"Training (From Scratch)”,
"Post-Training (Supervised
Fine-tuning)",
"Post-Training (RL-based
Methods)"”,
"Evaluation”,
"Analysis",
"Knowledge Base”,
"N/A"

15
"additionalProperties”: false
3}
3,
"required”: ["task_utility"],
"additionalProperties”: false
3

n

trict”: true

\end{tcolorbox}

\subsection{Language Coverage}
\label{subsection:lang-coverage}

\subsubsection{Template}
\begin{tcolorbox}[colback=gray!10,colframe=black
Evaluation Template for Language
Coverage ,breakable]
\#\#\# INSTRUCTION\\
Carefully evaluate the quality and
characteristics of the **new
datasets*x introduced in the paper
using the rubric provided below. \\

Please follow these rules: \\

- xx0Only assess new datasetsxx that are
introduced by the authors. Do xxnotx*x*
evaluate any pre-existing datasets
mentioned in the paper. \\

- Base your judgments #**strictly on the
content of the paperxx. Do *xnotxx
infer or speculate beyond what is
explicitly stated. \\

- Use the rubric definitions to guide your
labeling. Provide clear references and
reasoning wherever applicable. \\

\#\#\# PAPER\\
\{\{ paper\_text \}\} \\

\#\#\# RUBRIC\\

Metric: Language Coverage \\

Description: This metric categorizes the
linguistic scope of the dataset,
indicating how many and which types of
languages are included. This helps
assess the dataset's applicability to
multilingual or language-specific
research. This metric allows multiple
labels, except for 'Unknown Origin'
and 'N/A', which must be used as
single, exclusive labels. Each label
indicates whether it applies to the
dataset, with supporting evidence from
the paper. \\

Options: \\

Multilingual: The proposed dataset in the
paper contains entries with more than
two human languages. \\

Bilingual: The proposed dataset in the
paper contains entries with exactly
two human languages. \\

Monolingual (English): The proposed dataset
in the paper contains entries with
only English content. \\

Monolingual (Non-English): The proposed
dataset in the paper contains entries
with exactly one language that is
non-English. \\

Code / Programming Language: The proposed
dataset in the paper contains entries
with programming or structured
code-related content (e.g., Python,
HTML, SQL, bytecode). \\

34

title=Metric



Mathematical and Logical Notation: "The
proposed dataset in the paper contains
entries with mathematical or formal
logical expressions or symbolic
representations. \\

Biological and Non-Human Communication
Systems: "The proposed dataset in the
paper contains entries with biological
sequences or non-human communication
(e.g., DNA, animal signals, chemical
signaling). \\

Constructed Language: The proposed dataset
in the paper contains entries with
fictional or artificially created
languages such as Klingon or
Esperanto. \\

Unknown: The proposed dataset in the paper
contains entries with language(s)
listed previously but the language(s)
are not specified or documented. \\

N/A: The proposed dataset in the paper does
not contain entries with any
languages. \\

\#\#\# RESPONSE FORMAT \\
Return a JSON response in the following
format :\\

\{\{ format \}\}\\

\#\#\# RESPONSE
\end{tcolorbox}

\subsubsection{Schema}
\begin{tcolorbox}[colback=gray!10,colframe=black
for Task
Utility,breakable, fontupper=\fontsize{8pt}{
\begin{lstlisting}[basicstyle=\fontsize{8pt}{8pt
breaklines=true,
breakatwhitespace=true,
showstringspaces=false,
% language=json,
frame=none,
numbers=none

"name"”: "utility_lang”,
"schema": {
"type": "object”,
"properties”: {
"lang":

"type": "object”,

"description”: "This metric
categorizes the linguistic
scope of the proposed dataset
in the paper, indicating how
many and which types of
languages are included.”,

"properties”: {

"Multilingual”: {
"type": "object”,
"description”: "The proposed
dataset in the paper
contains entries with more
than two human languages.”,
"properties”:
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."”

"reference": {
"type": "string"”,
"description”: "Location in
the paper where this
is stated (e.g.,
'Section 2.1"')."
3,
"reasoning": {
"type": "string",
"description”: "Explanation
based on the paper
content justifying why
the data is considered
multilingual along
with the list of
languages used.”

3
},
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

tit]

pt}]
\ttf

},
"Bilingual”: {
"type": "object”,
"description”: "The proposed
dataset in the paper
contains entries with
exactly two human
languages.”,
"properties”: {
"is_applicable"”": {
"type": "boolean”,
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."

"reference"”: {
"type": "string",
"description”: "Location in
the paper where this
is stated (e.g.,
'Section 2.2')."
},
"reasoning"”: {
"type": "string",
"description”: "Explanation
based on the paper
content justifying why
the data is considered
bilingual and mention
the two langauges.”

3

,

"required”: ["is_applicable”,
"reference”, "reasoning"],

"additionalProperties”: false

},
"Monolingual (English)": {

"type": "object”,
"description”: "The proposed
dataset in the paper
contains entries with only
English content.”,
"properties”:
"is_applicable”: {
"type": "boolean”,
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."”

"reference"”: {
"type": "string",
"description”: "Location in
the paper where this
is stated (e.g.,
'Section 3.1"')."
3},
"reasoning”: {
"type": "string",
"description”: "Explanation
based on the paper
content justifying why
the data is considered
monolingual (English).”
}

"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

3},
"Monolingual (Non-English)": {

"type": "object”,
"description”: "The proposed
dataset in the paper
contains entries with
exactly one language that
is non-English.",
"properties”: {
"is_applicable”:
"type": "boolean",
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."

)
"reference”: {
"type": "string"”,
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"description”: "Location in
the paper where this
is stated (e.g.,
'Section 3.2')."
3,
"reasoning": {
"type": "string”,
"description”: "Explanation
based on the paper
content justifying why
the data is considered
monolingual
(non-English) and
mention the langauge.”

}

"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

"Code / Programming Language": {
"type": "object”,
"description”: "The proposed

dataset in the paper
contains entries with
programming or structured
code-related content
(e.g., Python, HTML, SQL,
bytecode).",
"properties”: {
"is_applicable”:
"type": "boolean”,
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided.”
3,
"reference"”: {
"type": "string",
"description”: "Location in
the paper describing
this content (e.g.,
'Section 3.2')."
3,
"reasoning”: {
"type": "string"”,
"description”:
"Justification from
the paper indicating
that code or
programming language
is present along with
their descriptions.”
3
1,
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

"Mathematical and Logical
Notation": {
"type": "object"”,
"description”: "The proposed
dataset in the paper
contains entries with
mathematical or formal
logical expressions or
symbolic representations.”,
"properties”: {
"is_applicable”: {
"type": "boolean",
"description”: "Set to true
if the description
appliest. If true,
reference and
reasoning must be

provided."”
3,
"reference": {
"type": "string",
"description”: "Location in
the paper describing
this content (e.g.,
'Section 2.4"')."
¥o
"reasoning":

"type": "string",

"description”:
"Justification from
the paper indicating
the presence of math
or logic notation
along with their
descriptions.”

}
},
"required”: ["is_applicable”,
"reference”, "reasoning"],
"additionalProperties”: false

},
"Biological and Non-Human
Communication Systems"”": {
"type": "object”,
"description”: "The proposed
dataset in the paper
contains entries with
biological sequences or
non-human communication
(e.g., DNA, animal
signals, chemical
signaling).",
"properties”: {
"is_applicable”:
"type": "boolean",
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."”

"reference"”: {
"type": "string",
"description”: "Location in
the paper describing
this content (e.g.,
'‘Section 5.1"')."
3},
"reasoning”: {
"type": "string",
"description”:
"Justification from
the paper explaining
why biological or
non-human
communication data is
included along with
their descriptions.”

}

)

"required”: ["is_applicable”,
"reference”, "reasoning"],

"additionalProperties”: false

"Constructed Language”: {
"type": "object”,
"description”: "The proposed

dataset in the paper
includes fictional or
artificially created
languages such as Klingon
or Esperanto.”,
"properties”: {
"is_applicable”": {
"type": "boolean”,
"description”: "Set to true
if the description
applies to the
dataset. If true,
reference and
reasoning must be
provided."

,
"reference”: {
"type": "string",
"description”: "Location in
the paper describing
this content (e.g.,
'Section 6.2')."
1},
"reasoning”: {
"type": "string"”,
"description”:
"Justification from
the paper indicating
constructed languages
are present along with
their descriptions.”

3

"required”: ["is_applicable”,
"reference”, "reasoning"],

"additionalProperties”: false

"Unknown": {

"type": "object”,

"description”: "The entries of
the proposed dataset in
the paper contain some
language(s) but they are
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1l E.6 Reproducibility

not specified or

documented.”,
"properties”: { E.6.1 Template
"is_applicable”: {
A D e e Metric Evaluation Template for Repro-
if the description IS B
applies to the dUCIblth

dataset. If true,

reference and
reasoning must be ##Ht INSTRUCTION
ided.” :
), providge Carefully evaluate the quality and character-
r?ii;g?fe B g istics of the **new datasets** introduced in
"description”: "Location in

the paper using the rubric provided below.

the paper where this
is stated (e.g.,
'Section 3.2')."

3 N Please follow these rules:
reasoning: L. .
o0 8 SUraig . 4 - **Only assess new datasets** that are
description”: "Explanation .
based on_the paper introduced by the authors. Do **not** eval-
content justifying why o . .
e longlege oF uate any pre-existing datasets mentioned in
dataset is considered
, unknown . " the paper.
Do ) ) - Base your judgments **strictly on the
"required”: ["is_applicable”, .
"reference”, "reasoning"], content of the paper**. Do **not** infer or
"additionalProperties”: false . ..
: speculate beyond what is explicitly stated.
"N/A": o 0,.0 o
"type”: "object”, - Use the rubric definitions to guide your
"description”: "The entries of o o
the proposed dataset in labeling. Provide clear references and
the paper does not contain o o
any language.”, reasoning wherever applicable.

"properties”: {
"is_applicable”: {

"type": "boolean”,
"description”: "Set to true HHH# PAPER
only if the dataset
does not contain any {{ Paper_teXt }}
language."”
3,
"reasoning": {
,,éype,,: ,,string,,é 1 ### RUBRIC
"description”: "Explanation 8 0 hils
based on the paper Metric: Reproducibility
content justifying why Gyt o g g g
the data dees not Description: ~ This metric pertains to
> CONERLN Eny LeNEUeEe . whether the code used for constructing the
o : . dataset is made publicly available or not
required”: L is_applicable”, .
reasoning’], for reproducibility and evaluates the trans-
"additionalProperties”: false
) } parency and completeness of the dataset
“requireds: L creation documentation, which is crucial
ultilingual”, ey - 0
"Bilingual”, for reproducibility, ethical assessment, and
"Monolingual (English)", .
"Monolingual (Non-English)”, downstream usability.
"Code / Programming Language”,
"Mathematical and Logical
Notation”,
"Biological and Non-Human H#HiH RESPONSE FORMAT
Communication Systems”, o °
"Constructed Language”, Return a JSON response in the following
"Unknown",
INJAN format:
15
"additionalProperties”: false
), {{ format }}
"required”: ["lang"],
"additionalProperties”: false
5
"strict”: true ### RESPONSE

}

E.6.2 Schema

Schema for Code Provided

"name"”: "utility_reproducibility”,
"schema": {
"type": "object”,
"properties”: {
"reproducibility”: {
"type": "object"”,

37



"description”: "This metric
pertains to whether the code
used for constructing the
dataset is made publicly
available or not for
reproducibility and evaluates
the transparency and
completeness of the dataset
creation documentation, which
is crucial for
reproducibility, ethical
assessment, and downstream

usability."”,
"properties”: {
"code": {
"type": "object"”,
"description”: "Identifies

whether the paper
includes a link to
the code associated
with the dataset.”,
"properties”: {
"Has Code”: {
"type”: "boolean",
"description”: "Set
to true if
all code
related to
data
collection,
preprocessing,
and
generation is
publicly
available in
an accessible
repository
@00 5
GitHub)."
"reference”:
"type": "string",
"description”: "The
location in
the paper
where the
code is
described
(e.g.,
'Section
4.1')."
)
"reasoning”: {
"type”: "string",
"description”:
"Justification
based on the
paper content
explaining
why the code
is said to be
available or
not in the
paper."

3

3,

"required”: ["Has Code”,
"reference"”,
"reasoning”],

"additionalProperties”:
false

3},
"documentation”: {

"type"”: "object”,

"description”: "Determines
whether the paper
provides
documentation on the
dataset creation
process.",

"properties”: {

"Has Documentation”: {
"type": "boolean"”,
"description”: "Set

to true if
the dataset
creation
process is
documented in
the paper.”

3,
"reference”:
"type": "string",
"description”:
"Where in the
paper the
process is
described
(e.g.,
'Section
4.1')."
3,
"reasoning”: {
"type": "string",
"description”:
"Justification
based on
paper content
for the
documentation
status.”
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"required”: ["Has
Documentation”,
"reference"”,
"reasoning”],
"additionalProperties”:
false
}
"required”: ["code”,
"documentation”],
"additionalProperties”: false
3
}
"required”: ["reproducibility”],
"additionalProperties”: false

3,
"strict”: true

F Benchmark Filtering Template

Benchmark Filtering Template

### TASK

Given the title and abstract of a paper,
determine whether the paper introduces a
new dataset. Respond with "true" if the
paper introduces a new dataset; otherwise,
respond with "false".

### INPUT
Title:

{{ title 1}

Abstract:
{{ abstract }}

### OUTPUT FORMAT

Return a JSON response in the following
format:

{{

"explanation": "Very short explanation why
the answer is true or false",

"answer": "Final boolean answer between
true or false"

H

### RESPONSE
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