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Abstract

This chapter explores the essential topic of benchmarks within the realm of Al and machine learn-
ing. We commence with a historical perspective, tracing the origins and evolution of benchmarking
practices over the years. The narrative then shifts to the specific applications of benchmarks in
machine learning, discussing various modalities, fields, and techniques. A subsequent section ad-
dresses the pertinent issues encountered in benchmarking machine learning algorithms, emphasiz-
ing challenges in ensuring reproducibility in scientific experiments. The chapter concludes by con-
sidering the critical infrastructure required to facilitate robust and effective benchmarking. Through
this exploration, readers will gain a comprehensive understanding of the importance, applications,
and complexities of benchmarking in the AI domain.
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1 Introduction

In the evolving landscape of machine learning, benchmarks play a critical role in advancing re-
producible science by providing a standardized framework to evaluate, compare, and refine algo-
rithms. Traditionally, benchmarks consist of publicly available datasets — such as ImageNet —
and an evaluation metric — such as accuracy or F1 scores — that allow for repeated experimenta-
tion across different methods, creating a shared reference point for assessing model performance.
These benchmarks are essential for building consensus within the community, offering a common
ground where developers and researchers can measure their work against established standards.

©2023 Joaquin Vanschoren and Isabelle Guyon and Adrien Pavao and Evelyne Viegas.


https://openreview.net/forum?id=XXXX

VANSCHOREN AND GUYON AND PAVAO AND VIEGAS

But, although benchmarks offer a seemingly controlled environment for comparison, the validity of
results can still be compromised for a variety of reasons, including biases in data or evaluation, task
over-simplification, benchmark over-fitting or habituation, and the dynamic nature of technology
progress and real-world problems that may render them rapidly obsolete.

Benchmarks come in various forms, including performance-based benchmarks that focus on a
single or small set of tasks, meta-datasets that aggregate multiple datasets to test model generaliza-
tion, and leaderboards, which provide ongoing rankings of models based on their performance on
a particular dataset or task. Performance-based benchmarks typically emphasize task completion
metrics such as accuracy or speed, while meta-datasets push models to generalize across multi-
ple domains. Leaderboards, on the other hand, introduce a competitive dynamic, highlighting the
top-performing models within a specific context. Despite their differences, all benchmarks aim to
provide a structured environment for evaluating models, but the choice of metrics and tasks pro-
foundly influences the conclusions that can be drawn from them.

Benchmarking is closely related to the concepts of evaluation and measurement. While a bench-
mark provides the structure —a set of tasks or datasets— evaluation refers to the actual process of
testing a model against these tasks, and measurement involves the metrics used to quantify the
model’s performance. The diversity of metrics in modern Al benchmarks reflects the complexity of
today’s models. Accuracy alone is no longer sufficient; robustness, fairness, efficiency, and inter-
pretability are becoming equally important in assessing a model’s real-world utility. This broaden-
ing of evaluation criteria highlights the need for more sophisticated benchmarking methods that go
beyond traditional single-metric approaches.

With the advent of large-scale models like transformers and generative Al systems, the land-
scape of benchmarking has dramatically changed, introducing new challenges and reshaping the
way models are evaluated. One of the most significant shifts has been the increased computational
requirements for benchmarking large models. Where once it was feasible for researchers to train
models from scratch on public platforms, today’s benchmarks often focus on inference due to the
high resource demands of training large models. This shift has limited participation to institutions
with access to vast computational resources, reducing the inclusivity of the benchmarking process
and raising concerns about accessibility and environmental impact.

Human-in-the-loop evaluations may be essential in certain cases where automated metrics alone
are insufficient to capture the nuances of model performance. For tasks that involve subjective
judgments—such as assessing aesthetics, detecting harmful content, or evaluating fairness—human
input provides critical context that machines cannot fully replicate. While automated evaluations,
often performed by models trained to mimic human judgments, can approximate these evaluations
to some extent, they are not always reliable substitutes for human oversight. In fact, relying solely
on automated evaluations risks overlooking subtleties in language, cultural context, or ethical im-
plications that human evaluators are better equipped to identify. As models grow more complex and
are deployed in real-world scenarios, integrating human assessments alongside automated metrics
can offer a more comprehensive evaluation, combining the speed of automation with the depth of
human judgment. This hybrid approach ensures that models are not only optimized for performance
but also align with societal values and expectations.

In a book focused on challenges and benchmarks, it is important to clarify the distinction be-
tween the two. Challenges typically introduce a novel problem, accompanied by a unique dataset
in a competitive setting, operating within a set time frame, and selecting winners based on a single
specific metric. This may lead to complex engineered solutions making it difficult to evaluate the
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role of the various algorithmic components. In contrast, benchmarks aim to evaluate algorithms
across multiple metrics, fostering broader research and development rather than prioritizing a single
outcome. While challenges often focus on identifying the best-performing team under particular
conditions, they can evolve into benchmarks to compare multiple algorithms with multiple metrics
beyond the challenge deadline. A common difference is also that challenges hide the test set from
participants, following the Common Task Framework Donoho (2017b), while benchmarks usually
rely on the user’s honor not to peek at or overfit to the test data .

As benchmarks evolve, there is increasing interest in dynamic benchmarking, which continu-
ously adapts to new tasks and challenges, preventing models from saturating static benchmarks.
However, maintaining dynamic benchmarks introduces challenges in ensuring stability, fairness,
and long-term relevance. The need for ongoing maintenance and community involvement is critical
to keep benchmarks up to date and reflective of the evolving nature of machine learning.

This chapter explores these issues in depth. First, we examine the challenges of establishing and
maintaining benchmarks, particularly in the context of large models and dynamic benchmarks. We
then consider what makes a great benchmark, identifying key factors like fairness, reproducibility,
and comprehensiveness. A closer look at lessons learned from the NeurIPS Datasets and Bench-
marks Track provides insights into the practicalities of designing benchmarks. We also review
applications of benchmarks in advancing machine learning research, followed by a discussion of
emerging best practices to ensure benchmarks remain robust and inclusive. Finally, we offer histor-
ical context on the evolution of benchmarking, tracing how it has adapted to the changing demands
of machine learning research.

1.1 Historical overview

Benchmarks have played a crucial role in the evolution of Al and predictive modeling (Liberman,
2010; Donoho, 2017a). Indeed, the empirical nature of the field naturally calls for quantitative and
comparative benchmarks of Al models (Langley, 1988). In her NeurIPS 2022 keynote talk!, Isabelle
Guyon presents the rich history of benchmarks in machine learning, serving as a primary inspiration
for the historical overview that follows.

The birth of the field of machine learning occurs in the twentieth century, hence we’ll take this
as a starting point. Before the 1950s, researchers had discovered and refined statistical techniques,
establishing the foundation for future developments. In 1950, Alan Turing proposed the Turing
Test, a measure of a machine’s ability to exhibit intelligent behavior indistinguishable from that of
a human. While not a machine learning challenge in the modern sense, it set an early standard for
evaluating artificial intelligence (Turing, 1950). In the 1950s, pioneering machine learning research
was carried out using light algorithms, and by the 1960s, Bayesian methods were introduced for
probabilistic inference within the field. However, the 1970s marked an “Al winter", characterized by
pessimism regarding the effectiveness of machine learning. This period of stagnation was followed
by a revival in the 1980s, triggered by the discovery of the modern backpropagation algorithm.

Before the 1990s, datasets were exceedingly scarce, often consisting of what we now refer to as
“toy data". It was common to primarily demonstrate new algorithms using synthetic data or small
datasets. One such dataset remains commonly used in many introductory machine learning tutori-
als. This dataset is the Iris dataset (Fisher, 1936), which presents a 3-class classification challenge
involving three distinct types of Iris flowers. Remarkably, these classes can be effectively separated
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using a linear discriminant classifier, commonly known as Fisher’s linear discriminant, employing
just four features: petal length and width, as well as sepal length and width. Each class in the dataset
comprises 50 examples.

The 1990’s marked a shift from knowledge-driven to data-driven approaches in machine learn-
ing, with a focus on analyzing large datasets. This era witnessed the rise of support-vector machines
(SVMs), recurrent neural networks (RNNs), and an increase in computational complexity through
neural networks. An important landmark in ML dataset availability was the creation of the UCI ML
repository in 1987 by David Aha and his students. The initial datasets were also rather small in
size, with the number of examples ranging from 50 to a few hundred and the number of features not
exceeding 100. The initial datasets were all tabular datasets, that is tables with samples in rows and
features in columns. Raw data, like images, sound, text, video, appeared only later. These datasets
were widely used in NeurIPS papers during the 1990’s and as you can imagine people started over-
fitting them. Even more concerning, people started reporting results only on the subset of datasets
that made their algorithms shine. This was denounced with humor in a joke paper submitted to
NeurIPS in 2002, “Data Set Selection”, pretending to give a theoretical backing to the bad habit of
dataset selection (LaLoudouana and Tarare, 2002). The 1990’s were marked also by the appearance
of systematic benchmarks like the EU project Statlog (King et al., 1995). A consortium of 13 insti-
tutions worked together to compare a large number of methods on a large number of datasets, mostly
coming from the UCI ML repository. They produced a ranking of algorithms for each dataset. The
algorithms included classical statistics (linear and quadratic discriminant, logistic regression, KNN,
BN), machine learning (decision tree, rule-based) and neural networks (MLP).

Interestingly, they made a methodology statement:

“The Project laid down strict guidelines for the testing procedure. First an agreed data

format was established, algorithms were “deposited” at one site, with appropriate
instructions [...]. Each dataset was then divided into a training set and a testing set,
and any parameters in an algorithm could be “tuned” or estimated only by reference
to the training set. Once a rule had been determined, it was then applied to the test
data. This procedure was validated at another site by another (more naive) user. This
ensured that the guidelines for parameter selection were not violated, and also gave
some information on the ease-of-use for a non-expert in the domain.” — Michie et al.
(1994)

The methodology described by the Statlog authors encapsulates crucial principles of machine
learning. They separate the data into training and testing sets, which allows for the evaluation of
a model’s performance on unseen data. They ensure that model parameters are tuned only with
reference to the training set, preventing overfitting. They also apply replication and validation pro-
cedures, enhancing the robustness of their findings and preventing over-optimization. By storing
algorithms at a single site, they enable standardization and comparison, contributing to the develop-
ment of robust and reproducible machine learning research and practices.

As the field entered the 2000’s, we observed a rise in popularity of techniques like support-
vector machines, kernel methods, and unsupervised learning. In these years, people from the
NeurIPS community started focusing more on raw data, as opposed to data preprocessed as nice
tables. In the realm of image recognition, many datasets relating to Optical Character Recognition
(OCR) were collected. OCR is the technology used to convert different types of documents, such
as scanned paper documents, PDF files or images captured by a digital camera, into editable and
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searchable data. There was also an increased interest in datasets for face and object recognition,
along with video datasets designed to recognize human actions. In the field of speech recognition,
the Linguistic Data Consortium popularized various datasets (Cieri and Liberman, 2000; Maeda and
Strassel, 2004). This organization also provided several extensive text corpora for language study,
significantly contributing to language research and natural language processing. Researchers also
started to explore other forms of sensor data, including Electroencephalogram (EEG) data, which
captures electrical activity in the brain. Additionally, the first datasets representing graph data began
to emerge, opening new possibilities for research and algorithm development in the field of graph
theory and network analysis.

The 2010’s marked the rise of deep learning, which made machine learning an essential compo-
nent of various software services and applications used widely across industries. At the dawn of our
millennium, the euphoria of “big data” led industry leaders to believe that all problems could eventu-
ally be solved by adding in more data. Peter Norvig, Director of Research at Google, is often quoted
for having said in 2011 that “We don’t have better algorithms, we just have more data”. However,
this simplistic idea has back-fired, with several embarrassing failures of algorithms making racist
or sexist decisions (Zou and Schiebinger, 2018). This prompted Peter Norvig to revise his claim
in 2017 to “More data beats clever algorithms, but better data beats more data”. These are also the
years where the first systematic competitions platform appeared, as Kaggle (Goldbloom and Ham-
ner, 2010) was launched in 2010 and CodaLab Competitions (Pavao et al., 2023) in 2013. There
was a noticeable trend of an increasing number of challenges being organized in conjunction with
scientific conferences. Chalearn, a non-profit organization focused on organizing machine learning
challenge, was founded in 2011. At that time, the researchers behind Chalearn had already orga-
nized many challenges, for instance, the Feature Selection Challenge at NIPS 2003 (Guyon et al.,
2004), the Performance Prediction Challenge at WCCI 2006 (Guyon et al., 2006), and the Active
Learning Challenge at AISTATS 2010 (Guyon et al., 2011). They pursue these efforts by hosting a
variety of challenges, covering diverse areas like computer vision through the “Looking at People”
series, neurology, causal discovery, automated machine learning and physics.?

This period also saw a rise in interest in the area of ethics in Al and algorithmic fairness, as
the awareness of the societal implications of Al grew. More recently, there has been a growing
emphasis on the need for explainable and interpretable Al, particularly given the opaque nature of
many deep learning models. Despite the challenges, the progress made in these years set the stage
for many exciting developments in machine learning that we are witnessing today.

And there we are now in the 2020’s, hopefully at the beginning of maturity in Machine Learn-
ing. We envision the centerpiece to be peer review of datasets and benchmarks, which should
become a standard in the field, that NeurIPS is strongly encouraging by establishing the NeurIPS
D&B track. This decade also brings with it a stronger focus on the robustness and reproducibility
of machine learning models, underlining the importance of understanding and documenting every
step of the machine learning pipeline from data collection to model deployment. David Donoho
coined in (Donoho, 2024) the term “frictionless reproducibility”, which denotes the efforts (sharing
data, sharing code that processes the data, and competitive testing) that were the drivers of the spec-
tacular progress the field of machine learning has seen. The growing popularity of initiatives like
PapersWithCode and HuggingFace underscores this point. These initiatives facilitate frictionless
reproducibility by providing unified platforms that embody the principles underlying frictionless

2. http://www.chalearn.org/challenges.html
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reproducibility — as well as numerous other features, such as social network mechanisms of “likes”
or “stars” to increase structured user interaction. Competitions continue to demonstrate their ef-
ficiency in driving innovation and solving long-standing problems, as illustrated by the Critical
Assessment of Structure Prediction 14 (CASP14) competition,® where DeepMind’s AlphaFold 2
achieved breakthrough accuracy in protein structure prediction (Jumper et al., 2021b,a).

Large language models gave rise to a new generation of benchmark suites designed to probe their
capabilities across many dimensions simultaneously. BIG-Bench (Gur-Ari et al., 2022) assembled
over 200 tasks contributed by the research community, covering reasoning, language understand-
ing, coding, and domain knowledge, with the explicit goal of identifying where language models
fail. At the same time, Dehghani et al. (2021) warned of the “benchmark lottery”: the choice of
which benchmark to report often determines which model appears to win, independent of genuine
algorithmic superiority, underscoring the need for diverse and carefully curated evaluation suites.

As language models rapidly saturated existing benchmarks, new evaluations raised the bar. The
Abstraction and Reasoning Corpus (Chollet, 2019) tests fluid intelligence through visual puzzles
that humans handle effortlessly but that have resisted machine learning approaches for years; com-
petitions built around it confirmed that state-of-the-art models score significantly below human per-
formance (Chollet et al., 2024). Humanity’s Last Exam (Phan et al., 2025) assembled expert-level
questions across hundreds of academic disciplines, where frontier models score poorly despite per-
forming well on earlier academic benchmarks. FrontierMath (Glazer et al., 2024) targets research-
level mathematics requiring genuine mathematical insight, with all known models scoring in the
low single digits at time of publication. These increasingly hard benchmarks illustrate a recurring
dynamic: once models approach saturation on one evaluation, a harder one emerges to re-establish
the gap between machine and human performance.

2 Fundamental problems in establishing and maintaining benchmarks

The field of machine learning benchmarking faces fundamental difficulties that affect the develop-
ment, implementation, and interpretation of benchmarks, highlighting deeper systemic issues within
the discipline.

2.1 Longevity Versus Saturation

A fundamental tension in machine learning benchmarking lies in balancing the maintenance of rel-
evance with the acknowledgement of progress. As the field rapidly advances, benchmarks that once
posed significant challenges can quickly become saturated, with top-performing models achieving
near-perfect scores. This phenomenon, observed in benchmarks such as GLUE (Wang et al., 2018)
and ImageNet (Russakovsky et al., 2015), raises critical questions about the continued utility of
these benchmarks and the necessity for more complex evaluation tasks (Zellers et al., 2019).

We note that saturation is distinct from biased model performance estimation on a benchmark.
Saturation reflects whether a benchmark is still useful for the community, while biased model per-
formance estimation is related to the question of how often one should use the same test data (which
may be expensive to create) for model evaluation. While statistical learning theory presents a pes-
simistic view on the long-term validity of any benchmark, it has been shown that static benchmarks
are valid for much longer than one would expect naively. Best practices originating from the statis-

3. https://predictioncenter.org/caspléd/
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tical learning theory advise that a hold-out dataset be used only once, and then never again, as the
empirical risk is an unbiased estimator of the population risk (Hardt and Recht, 2022). Yet, this is
completely opposite to the machine-learning practice, where benchmarks are used many times over,
which leads to what has been called “training on the test error” as early as 1973 (Duda et al., 1973).
While empirically, the important benchmark dataset on which models have been evaluated has been
used much more often than once, this has not harmed progress. How could this apparent paradox
be explained? The absolute performance values might naturally be skewed once the test data is
used multiple times, as with each new model that one uses again on the same test data to obtain a
new evaluation, information is leaked; while it is possible to put this into a formal framework that
explains precisely how bits of information degrades performance (Hardt and Recht, 2022), newer
work shows that not the absolute numbers of a benchmark is what matters, but rather the robustness
of the model rankings is what characterizes a good benchmark (Salaudeen and Hardt, 2024). By
reproducing the ImageNet dataset and creating the ImageNot dataset, it has been shown that the
rankings of the models are preserved, while the absolute performance values are not. This partly
explains why benchmarks such as ImageNet, which exhibited a strong case of “training on the test
data”, still resulted in driving the performance of vision models over several years.

Another solution to the challenge of benchmark saturation has emerged in the form of evolving,
dynamic benchmarks. These benchmarks aim to automatically adjust their difficulty or introduce
new tasks based on the current state of the art, as exemplified by the BIG-bench project (Gur-Ari
et al., 2022) or SWE-bench (Jimenez et al., 2024), which relies on real-world GitHub data and is
designed to be easily updated by adding new data at successive time steps. However, implementing
such adaptive systems presents its own set of technical and methodological challenges, including the
need for continuous curation and the risk of introducing biases through automated task generation.
Preliminary works have shown how such updates can be done within a formal framework, where
datapoints are added via an API to an existing dataset, and models are evaluated selectively on the
newly added datapoints, thus saving the cost that occurs if a full re-evaluation, on the full dataset,
were performed (Prabhu et al., 2024). This approach, called “lifelong benchmarks”, highlights how
the scientific community can easily update the dataset underlying a benchmark, thereby extend-
ing its validity. While the previous updates were performed by hand, automatic variants of these
approaches have been proposed where that the datasets underlying the benchmarks can be automat-
ically updated (Ying et al., 2024), which drives the costs down to keep any particular benchmark
up-to-date, and extends the longevity of the benchmark.

The concept of an evolving benchmark, raises the problem of dataset version control. The history of
benchmarks shows clearly that they serve as a standard. Hence, similar to code, platforms such as
Zenodo* have been created which assign a version number to each dataset release, thereby allowing
researchers to tie the performance of their models to a specific version of a benchmark.

Lastly, we mention there is ongoing debate within the research community regarding the interpreta-
tion of benchmark saturation. There is a trend within the community that it represents meaningful
progress in the field (Chollet, 2019). The sunsetting of truly saturated benchmarks, such as MNIST,
while potentially disruptive to established research practices, may be necessary to drive innovation
and prevent the field from overfitting to specific evaluation metrics.

To avoid disruption, the field has evolved to accommodate flexible benchmarking approaches. We
mention three approaches and detail one well-known representative example below: Periodic dataset

4. https://zenodo.org
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refreshment (the CASP challenge), adversarial human-in-the- loop (as represented by the Dyn-
aBench approach), and the testing breadth (as represented by HELM benchmark).

The Critical Assessment of Structure Prediction (CASP) is a long-running series of challenges (Moult,
2005), starting in 1994, to evaluate prediction models for protein models. The AlphaFold models
1-3 (Senior et al., 2020; Jumper et al., 2021c; Abramson et al., 2024), reached prominence by the
large improvements in this challenge, and. The CASP challenges managed to maintain the every-
green status, by keeping the structure of the challenge similar, while refreshing the data for each
round.

A different approach to protect against benchmark saturation is taken by DynaBench (Kiela et al.,
2021), which uses a human-in-the-loop approach and adversarial data collection. The core mecha-
nism is as folows: annotators interact with a live target model and try to craft examples the model
will misclassify but that another human would label correctly. As models improve, it becomes
harder to fool them, which itself becomes a meaningful progress signal. This continual, adversarial
loop both exposes current blind spots and yields fresh data.

Lastly, benchmarks that test a large number of skills instead of a single one, offer a larger saturation
buffer: Although individual subtasks may easily be saturated, we should saturate them all with a
single model. This is the idea behind the Holistic Evaluation of Language Models (HELM) bench-
mark (Liang et al., 2022). Several other benchmarks of these types exist, such as BIG-bench (Gur-
Ari et al., 2022), or MMLU (Hendrycks et al., 2020), as well several variations of each of these
including HELM, such as AHELM (Lee et al., 2025) which focuses on audio language models, or
MedHELM (Bedi et al., 2025), which focuses on the medical domain.

2.2 Incentive Design Under Resource Constraints

The creation and maintenance of high-quality benchmarks require significant resources, both in
terms of computational power and human expertise. The increasing demand for computational
resources, particularly for training and evaluating large models, has created a significant barrier
to entry for many researchers and institutions (Strubell et al., 2019). This disparity in access to
high-performance computing resources can create an uneven playing field, potentially skewing
benchmark results and limiting participation from resource-constrained institutions (Schwartz et al.,
2020). Furthermore, the incentives for creating and maintaining benchmarks are not always aligned
with the academic reward system, which often prioritizes novel algorithms over benchmark devel-
opment. This misalignment can lead to a shortage of well-designed, comprehensive benchmarks.
The challenge lies in engineering a benchmark ecosystem that is not only technically sound but
also sustainable in the long term, balancing the needs of the research community with the available
resources. In academia, the dominant incentive is to publish a benchmark dataset once—typically
as a contribution to a venue such as the NeurIPS Datasets and Benchmarks Track—and move on.
Long-term platform maintenance is far more resource-intensive and yields fewer citations. This
also creates a conflict of interest: benchmark datasets distributed openly are more widely adopted,
but also more susceptible to manipulation (selective reporting of metrics, overfitting across many
unreported runs) than benchmarks running in controlled environments.

Several alternative incentive models exist. Competition platforms such as Kaggle demonstrate
that corporate prize money can attract large-scale participation for short-term problems, but do not

5. https://predictioncenter.org/index.cgi
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automatically generate durable benchmarks. Consortium-based models, such as MLCommons,®

pool resources from multiple industry and academic partners to fund and maintain shared bench-
marks, offering one path toward long-term sustainability. Government-sponsored evaluations (e.g.,
NIST benchmarks for speech and language) provide another model, where public funding ensures
continuity independent of commercial interests. Non-monetary incentives—including leaderboard
recognition, co-authorship on benchmark papers, and community reputation—also play a role in
crowdsourced and volunteer-driven benchmark efforts.

2.3 Transparency versus integrity

The integrity of benchmarks is constantly threatened by various forms of information leakage. Over
time, as more researchers interact with a benchmark, information about the test set gradually per-
meates the research community, compromising its ability to fairly evaluate new approaches. This
“benchmark leakage” is particularly acute in natural language processing, where large language
models can inadvertently memorize test set content encountered during pre-training on web-scale
corpora (Bender et al., 2021).

A closely related phenomenon is leaderboard leakage: even when the test data is not memorized
verbatim, accumulated knowledge from many experiments run against the same held-out set gives
later entrants an implicit advantage, making the leaderboard ranking a cumulative artifact rather
than a true measure of generalization (Hardt and Recht, 2022). This is exacerbated by the non-i.i.d.
nature of benchmark participation: early submissions are evaluated on a genuinely unseen test set,
whereas later submissions benefit from knowing which approaches have already failed.

The tension between openness and integrity also manifests in the academic—industrial divide.
Open academic benchmarks promote reproducibility and broad participation but are more vulner-
able to leakage and saturation. Industrial benchmarks, maintained by organizations with dedicated
engineering resources, can sustain secret test sets more reliably and update them at lower cost;
however, they face legitimate criticism over limited transparency and the influence of commercial
interests on evaluation design. Neither model is universally preferable, and hybrid approaches—for
instance, a public development set paired with a private held-out test administered through a con-
trolled platform—offer a practical compromise (Liang et al., 2022).

2.4 Community Building and Maintenance Overhead

Perhaps one of the most overlooked difficulties in benchmark development is the significant effort
required for community building and maintenance. A benchmark’s success is not solely determined
by its technical merits but also by its adoption and sustained use by the research community. This
requires ongoing effort in documentation, support, and community engagement (Kiela et al., 2021).
The challenge of maintaining momentum goes beyond technical considerations. It involves
managing a diverse user community, addressing evolving needs, and continuously demonstrating
the benchmark’s relevance. This overhead is particularly daunting for academic researchers who
may lack the resources or institutional incentives to engage in long-term community management.
Moreover, there is a question of whether the failure of a benchmark to gain traction reflects a nat-
ural selection dynamic or a structural gap in available support. Not all benchmarks should succeed,
but ensuring that high-quality ones receive adequate support remains a significant challenge (Etha-
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yarajh and Jurafsky, 2020). Sustainable funding models—such as consortium arrangements (e.g.,
MLCommons’), government-sponsored evaluations, and platform revenue sharing—are necessary
to maintain benchmarks beyond the initial publication effort.

Benchmark design also faces a tension between the breadth and interpretability of evaluation. A
benchmark with too few metrics risks overlooking important capabilities and biasing comparisons
toward what it does measure; one with too many metrics allows each system to claim superiority
on some dimension, making overall conclusions difficult. Principled aggregation methods—such as
normalized average ranks, Pareto frontiers, or composite scores with documented weighting—can
make trade-offs explicit and help the community reach actionable conclusions.

Standardizing how benchmark datasets are described is one concrete step toward reducing main-
tenance overhead and improving interoperability. The Croissant format (Akhtar et al., 2023) pro-
poses a machine-readable metadata schema for ML-ready datasets, covering data structure, splits,
preprocessing steps, and licensing. Adopting such standards makes benchmark datasets easier to
discover, reuse, and integrate across platforms, lowering the per-benchmark cost of participation
and long-term upkeep.

In conclusion, addressing these challenges requires a concerted effort from the machine learn-
ing community: innovative approaches to benchmark design, sustainable resource allocation, robust
methods to maintain integrity, and recognition of community-building as a first-class scientific con-
tribution. As the field continues to evolve, so must our approaches to benchmarking.

2.5 The benchmark wish list

While we acknowledge that, due to systemic constraints, “perfect benchmarks" may not exist, we
highlight in this sections ingredients of good machine learning benchmarks that we identified as
practitioners.

* Purposeful benchmark: Well defined need, (impactful) objective pursued, and well-defined
tasks.

* Problem coverage: Plurality of datasets and tasks as well as plurality of metrics to evaluate
the various aspects of the problem at hand.

* Bias avoidance: Good data and task design, following best practices, as opposed to recycling
of data collected under unknown or partially known circumstances.

* Good ethical practices: Fair compensation of crowd workers, review of design by ethical
committee when human subjects are involved.

» Large datasets: Probing of statistical significant of results by computing error bars or test
statistics using SOTA methods before releasing the benchmark.

* Avoidance of dataset compromisation: Keeping datasets “hidden” (revealed only to trust-
worthy judges) or introducing “canaries” to track use of test data for training.

* Benchmark freshness: Regularly renew benchmark and retire order version.

7. https://mlcommons.org
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* Sound aggregation of metrics: Aggregate results in a principled way to avoid that certain
aspects dominate the evaluation.

¢ Code submission: Prefer benchmarks in which the code is submitted and run in fair identical
conditions on data unknown to the participants, when possible.

* Community Self-Policing & Regulation: Community oversight to prevent gaming or ma-
nipulation of benchmarks and adapt to evolving standards.

3 Review of recent benchmarks in machine learning

Papers with Code (PwC, paperswithcode.com) is a platform that connects machine learn-
ing research with practical implementation by cataloging papers, code, datasets, and benchmarks. It
provides leaderboards for standardized comparisons, fostering transparency and accelerating progress
in the field. As of December 2024, PwC indexes more than 128,461 evaluation records from 33,647
models across 11,005 datasets and 3,167 machine learning tasks. PwC entries are sourced through
automated extraction from arXiv papers and via community submissions, where researchers directly
link their papers, code repositories, and evaluation results through the platform’s web interface; the
underlying data is published under a CC-BY-SA license and available for download.

PwC organization is dataset-centric. PwC datasets are organized in 39 "modalities", that loosely
describe the type of data as seen in Figure 1. PwC tasks are subdivided in categories as in Figure 2

5
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The fact that both datasets modalities and tasks categories have a catchall "medical" instance
is evidence of the lack of resolution around disciplines that are not focus of the machine learning
community, and potentially selection bias on what gets indexed in PwC, leaving better semantic
tagging of both datasets and tasks as an opportunity. That said, PwC is one of the most widely used
platforms for benchmark and State-of-the-Art (SOTA) tracking in machine learning.

In PwC, benchmarks are defined as the combination of a dataset, a task, and an evaluation met-
ric. A task in PwC corresponds to a specific problem type (e.g., image classification, question an-
swering, named entity recognition) that can be evaluated across multiple datasets and with multiple
metrics. The definition of PwC of a benchmark may not match that of a machine learning researcher.
For example, BIG-Bench, a benchmark defined in paper Srivastava et al. (2022) and is composed
by multiple datasets and tasks, is associated in PwC with more than 100 "benchmarks" tasks under
PwC (https://paperswithcode.com/dataset/big-bench) as seen in Figure 3.
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Benchmarks datasets have seen a meteoric rise in early 2020 as seen in Figure 5. Benchmarks
that have served the community the most with the total amount of model evaluations are aging out
(e.g., ImageNet & CIFAR-10) while other for more modern categories (e.g., Reasoning) are rising
quickly 6
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Figure 6: Number of model evaluations over

Figure 5: Number of datasets introduced in time for datasets with most evalu-
each year ation in each category, top-5 cate-
gories.

Recently, evaluations have been proposed that differ qualitatively from previous benchmarks in
that they do not evaluate a given model on a given task but collect several distinct tasks into a single,
general benchmark, where a given model (agent) has to solve all of them. For this, collections
of Kaggle datasets are typically used, that are centered on a single task. Examples are AIDE 3
and AutoKaggle (Li et al., 2024). These are, in a sense, meta-benchmark, as they assume agents
that generate code that, in turn, makes the predictions towards the individual benchmark. This,
these types of benchmarks need to go beyond a single static dataset and define formal competition
frameworks that agents can then operate on.

8. https://www.weco.ai/blog/technical-report
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4 Towards best practices

4.1 Open access to resources

Benchmarking often faces limitations due to restricted access to key resources. A major issue is
the inaccessibility of private code used in experiments, preventing external validation and com-
parison. Additionally, private data limits the reproducibility of results and prevents others from
evaluating algorithms on the same datasets. Trained models are often proprietary, especially
in industrial settings, further limiting comparisons. Finally, the cost of running large-scale ex-
periments, particularly in terms of compute power, becomes restricting for many researchers and
prevent replication.

These issues can be answered by promoting open science initiatives, such as open code and
data repositories, and by crowdsourcing benchmarks. Public model zoos and public benchmarking
systems, such as Hugging Face or Codabench, where data remains local but models are compared
globally, could help reduce costs while maintaining reproducibility. Benchmarking platforms are
critical in maintaining standards and ensuring the longevity of benchmarks. These platforms must
not only provide reliable tools for comparing algorithms, but also ensure that the data, code,
models, and computing environments remain accessible over time. Without proper information
dissemination, retrieval, and maintenance, the utility of a benchmark is greatly lowered. Ensuring
the perennity of benchmarking results is crucial for the long-term development of the field. Refer
to Chapter 10 for a deeper dive into the role of platforms, and Chapter 13 for a detailed discussion
on the importance of information retrieval and maintenance.

Developing widely accepted standards for benchmarks, including format, metrics, and proto-
cols, can enhance interoperability across platforms. Creating centralized repositories for datasets,
models, and code with persistent identifiers (e.g., DOIs) can improve long-term accessibility and
reproducibility.

4.2 Avoiding bias

Benchmarking is susceptible to various forms of bias. Datasets used in evaluations may not be rep-
resentative of the problem space, leading to biased results. In addition, the choice of tasks, metrics,
and evaluation protocols can introduce unintentional biases. For example, choosing specific met-
rics might favor certain types of models over others. A significant issue is leaderboard overfitting,
where models are specifically tuned to outperform on a public benchmark, but generalize poorly in
real-world applications. Moreover, the tendency to report only positive results, a form of survival
bias, overlooks failures, skews the perceived performance of algorithms.

Encouraging the use of diverse, representative datasets and metrics can reduce bias. This is
discussed in Chapter 2 and Chapter 4. Benchmark platforms should promote a balanced evaluation
with multiple tasks and objectives. Additionally, reporting negative results can reduce selective
reporting.

A distinct form of contamination is benchmark poisoning, where benchmark examples appear in
the pre-training corpus of a model, inflating its apparent performance. Large models trained on web-
scale data are particularly susceptible, since benchmark questions and solutions are often published
online. This form of contamination is difficult to detect after the fact and argues for maintaining
private or regularly rotated test sets.
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While benchmarks present themselves as impartial measures of progress, they are not free from
bias, especially the bias introduced by their own creators. The creation of the NeurIPS Dataset and
Benchmark track in 2021 introduced a peer-reviewed design of benchmarks, essential to limit bias,
fostering fairer comparisons and leading to more robust, generalizable advancements.

One of the most pervasive forms of bias in science is the “inventor-as-evaluator" bias, where the
organizers of a benchmark influence the outcomes by favoring certain methods or frameworks with
which they are familiar. Historically, in early in the development of machine learning competitions
and benchmarks, certain methods like Support Vector Machines (SVMs) or Random Forest (RF)
were often favored. This happened not only because they were considered state-of-the-art but also
because many competition organizers had a personal stake in promoting these techniques. This cre-
ates a skewed environment where newer, potentially better methods may not receive the attention
or validation they deserve. It can be argued that the ImageNet benchmark, where neural networks
(previously underutilized) gained prominence, was designed in a fair way. Had the organizers im-
posed constraints based on their own preferences or expertise, this monumental shift might never
have occurred.

Organizers often select datasets that are easy to access or align with their own research, inadver-
tently giving some participants an advantage. This “selection bias" is compounded by issues such
as “data leakage,” where certain features in the data inadvertently reveal information that should
remain hidden during the training process. This underscores the need for competition organizers to
carefully curate datasets and design their benchmarks with peer input to avoid inadvertently reward-
ing trivial shortcuts rather than true scientific advancement.

To address these biases, it is crucial that benchmarks be subjected to peer review. Just as sci-
entific papers are reviewed by multiple experts to ensure accuracy, rigor, and fairness, benchmarks
should undergo a similar process. Peer review can help identify potential sources of bias in task
design, dataset selection, and evaluation criteria before the competition begins, ensuring that the
challenge is structured in a way that promotes unbiased and meaningful progress. Moreover, peer-
reviewed benchmarks ensure that no single organization, research group, or sponsor dominates the
competition’s direction. Many competitions are sponsored by private companies or government
agencies with their own research agendas. This financial support can influence the themes and
objectives of challenges, potentially skewing them toward commercial interests rather than pure
scientific discovery. Involving a broader community in the design of benchmarks, through a trans-
parent, peer-reviewed process, can help to mitigate these external pressures and keep the focus on
scientific rigor and innovation.

5 Conclusion
5.1 Summary of key points

This chapter reviewed the role of benchmarks as a foundation of reproducible machine learning.
From their historical roots to their modern forms, benchmarks have evolved from simple datasets
into structured scientific instruments. They serve not only to measure progress but also to frame
questions, reveal limitations, and align the community around shared standards. The following
points summarize the main insights discussed in this chapter.

Benchmarks are most valuable when they help answer concrete scientific questions rather than
simply improving a leaderboard position. Useful benchmarks make their purpose explicit: the target
capability, the assumptions being tested, and the failure modes they aim to expose (e.g., data effi-
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ciency, robustness under shift, or compositional generalization). They thereby support cumulative
knowledge rather than one-off records.

Responsible Al is part of the objective, not an afterthought. Beyond headline accuracy, mean-
ingful reporting includes fairness, safety, privacy, robustness, security, and environmental impact.
Provenance, demographic coverage, licensing, and compute/energy disclosure should be standard.
Trade-offs must be visible: for instance, accuracy versus robustness, or latency versus energy.

Good practice keeps results trustworthy and durable. Clarity in task and metric definitions, mul-
tiple datasets or splits, strong baselines, and statistically principled aggregation with uncertainty are
essential. Code submission under controlled, comparable environments improves reproducibility.
Community review, explicit limitations, versioning, and deprecation policies deter gaming and help
maintain relevance over time.

At the same time, the field must navigate persistent tensions: benchmarks that last long enough
to be meaningful yet evolve fast enough to stay relevant; open data that ensures transparency but
risks leakage; resource-intensive evaluations that advance science yet may exclude smaller insti-
tutions; and the need to build communities willing to maintain shared infrastructure over time.
Addressing these tensions is as much a matter of social organization as of technical design.

5.2 Future directions for benchmarking in ML

Future benchmarks will need to balance stability with adaptability, precision with inclusivity, and
automation with human judgment. They will evolve from static datasets into living ecosystems that
adapt to progress while preserving comparability. The next decade of benchmarking will likely
emphasize sustainability, transparency, and collective stewardship.

Registered experiments can reduce metric shopping and retrofitted narratives. By preregistering
hypotheses, metrics, ablations, budgets, and stopping rules, authors make evaluations auditable and
negative results publishable, which in turn enables stronger meta-analyses.

Evaluation should be holistic. Next-generation scorecards will report capability and respon-
sibility side by side: calibration, robustness (corruptions, shifts, red teaming), efficiency (latency,
memory, energy), fairness (group and individual), interpretability evidence, privacy leakage tests,
and security against jailbreak and extraction. Aggregation rules and uncertainty should be explicit.

Humans remain necessary for open-ended judgments. Dynamic arenas and calibrated panels
help evaluate helpfulness, harmlessness, and aesthetics, but they introduce cost, drift, and repro-
ducibility challenges. A practical compromise is to maintain a stable, versioned core with docu-
mented rater guidelines and inter-annotator agreement, and to use model-based proxies only when
regularly re-anchored to human judgments.

As models become agents, system-level evaluation will gain importance. Benchmarks should
measure task completion under constraints—tools, time, budget, and risk—while tracking planning
errors, tool misuse, long-horizon reliability, and recovery from failure. Sandboxed, auditable envi-
ronments with event logs and reproducible agent configurations (prompts, tools, rules) enable fair
comparison.

Automation will also play a growing role. Evaluator “swarms” and synthetic data can extend
coverage and accelerate regression testing, but they must remain accountable and periodically re-
grounded to curated human judgments. Their role is to assist, not replace, human oversight.

Benchmarks themselves must evolve without breaking comparability. A versioned core (for
year-over-year tracking) alongside rotating extensions (new threats, tasks, or domains) can preserve
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historical continuity. Transparent changelogs and governance processes should document each re-
vision.

Finally, benchmarking will increasingly depend on collective investment and responsible infras-
tructure. Sustainable funding, shared repositories, and recognition for maintenance work are needed
to avoid overreliance on a few institutions. Compute-aware and carbon-aware protocols, standard-
ized energy reporting, and equitable execution environments will make benchmarking both fairer
and greener.

In short, strong benchmarks make capabilities and consequences equally measurable, reward
generalization over leaderboard luck, and are designed from the outset to be reviewed, versioned,
and trusted by the community.
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