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One of the challenges in machine learning research is to ensure that the presented and
published results are sound and reliable. Reproducibility, which is obtaining similar
results as presented in a paper or talk, using the same code and data (when available),
is a necessary step to verify the reliability of research findings. Reproducibility is also
an important step to promote open and accessible research, thereby allowing the scientific community to quickly integrate new findings and convert ideas to practice. Reproducibility also promotes the use of robust experimental workflows, which potentially
reduce unintentional errors. In 2019, the Neural Information Processing Systems conference, the premier international conference for research in machine learning, introduced a reproducibility program [1], designed to improve the standards across the community for how we conduct, communicate, and evaluate machine learning research.
One of the components in the program consisted of a community-wide reproducibility challenge on the accepted papers. In this special issue of the ReScience C Journal,
we present the top peer-reviewed submissions of the challenge, namely 2019 NeurIPS
Reproducibility Challenge.

1 The Challenge
The goal of this challenge was to investigate the reproducibility of empirical results submitted to the 2019 edition of Neural Information Processing Systems (NeurIPS) conference. Unlike our previous editions (2018 ICLR, 2019 ICLR), in this challenge, we only
focused on accepted papers at the conference. The primary target audience of the challenge was early career researchers from universities, however, we received participation
from the industry as well. The main objective of this challenge was to provide independent verification of the empirical claims in accepted NeurIPS papers and to leave
a public trace of the findings from this secondary analysis. We provide a comparative
analysis of participation of this challenge as compared to the previous editions in Table
1. A total of 173 papers were claimed for reproduction, which is a 92% increase since the
last edition. We had participants from 73 institutions (63 universities and 10 industries)
from around the world. Institutions with the most participants came from 3 continents
and include McGill University, Canada, KTH in Sweden, Brown University in the US and
IIT Roorkee in India. In those cases (and several others), a high participation rate occurred when a professor at the university used this challenge as a final course project.
In this special issue, we present the top 10 peer-reviewed reports, selected from 84 submissions.
Copyright © 2020 K. Sinha et al., released under a Creative Commons Attribution 4.0 International license.
Correspondence should be addressed to Koustuv Sinha (koustuv.sinha@mail.mcgill.ca)
The authors have declared that no competing interests exist.

ReScience C 6.2 (#11) – Sinha et al. 2020

1

NeurIPS 2019 Reproducibility Challenge

Conference
ICLR 2018
ICLR 2019
NeurIPS 2019

# papers submitted
981
1591
6743

Acceptance rate
32.0
31.4
21.1

# papers claimed
123
90
173

# participating institutions
31
35
73

# reports reviewed
n/a
26
84

Table 1. Participation in the Reproducibility Challenge. Source for number of papers accepted and
acceptance rates: https://github.com/lixin4ever/Conference-Acceptance-Rate

2 Baselines, Ablations and Replications
Replication of a computational study typically means running the same code, using the
same input data, and then checking if the results are the same or at least “close enough”
by some degree of numerical approximations 1 . This is most easily achieved when the
exact code and data to replicate the experiments are provided. To this end, the organizers of the 2019 NeurIPS conference instated a code submission policy for the accepted
papers this year. While it wasnʼt mandatory, the policy was to encourage authors to
submit their code by providing enough flexibility on the timing of submission. This resulted in 74.4% of papers being associated with their code, which was less than 50% in
the 2018 NeurIPS conference. From the very beginning of the challenge, we made these
codebases available to participants and offered three tracks to choose from.
1. Baselines Track - Sometimes it is not feasible to reproduce all the experiments in
a paper: factors such as private datasets, extensive training time, the requirement
of non-standard compute infrastructure can all limit reproducibility. It is also
sometimes the case that baseline methods reported in the papers are not properly
implemented, or hyper-parameter search is not done with sufficient care, leading to a poor comparison of alternative methods. Thus we provided an option to
the challenge participants to perform a rigorous analysis on the baselines by reimplementing them wherever necessary. Reproducing the baselines can further
add to the technical contributions of a paper, and therefore was encouraged in
this challenge.
2. Ablations Track - Since we had almost 75% of accepted papers accompanied with
their code, we provided a track which only focuses on the released code. Participants are encouraged to use the authorsʼ code and perform rigorous ablation experiments by modifying the model and hyperparameter choices, to gain extra insights from the reported methods of the paper and add value to their understanding.
3. Replications Track - A higher bar of reproducibility is to replicate the experiments
explained in the paper from scratch without having to refer to the original codebase. This is helpful in detecting anomalies in the presentation of the ideas in a
paper, and it sheds light on the aspects of the implementation that could affect
the final results. This is far by the most difficult track, and the implementation results directly add the most value to the understanding of the original paper, often
leading to continued discussions with the authors.

3 Platform and Medium
In this edition of the Reproducibility Challenge, we were fortunate enough to have big
support from OpenReview 2 and the Program Chairs of NeurIPS 2019. All NeurIPS 2019
1 We have used the definition of “Replication” in the NeurIPS 2019 Reproducibility Challenge following the
old definition adopted by ACM [2]. Recent changes to this definition has been proposed by [3] and [4], which
states the above definition is suitable for the term “Reproduction” instead.
2 https://openreview.net/group?id=NeurIPS.cc/2019/Reproducibility_Challenge
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accepted papers were hosted by OpenReview, which facilitated online discussions for
the larger research community who were unable to be present physically at the conference in Vancouver in December 2019. OpenReview built a unique platform for the
Reproducibility Challenge, which featured the accepted papers as well as allowed challenge participants to claim a paper to work on, and later submit their reports based on
their claim. Once submitted, all reproducibility reports underwent an extensive review
cycle by a large set of reviewers of the NeurIPS 2019 conference. Due to the transparent review process of OpenReview, many reproducibility reports attracted comments
from the original authors, which in turn helped the overall reviewing pipeline. Finally,
we selected 10 high-quality reports from 84 submissions to be published in this journal, ReScience C, which is a perfect platform for publication of reproducibility efforts
of various computational fields of science.

4 Relationship with Authors
Authors of research papers have much to gain from this challenge as the participants.
Using OpenReview, we encouraged participants to clarify various nuances of the implementation of the paper with the original authors. Due to the dual nature of our OpenReview platform, challenge participants could easily communicate with the authors who
themselves received notifications from the comments arising in the forum associated
with their papers. During the review of the Reproducibility reports (in preparation for
this special issue), these communications were also taken into consideration by the reviewers in judging the quality of the report.

5 Computing Resources
In this challenge, we partnered with CodeOcean 3 for providing free cloud computing
credits to select teams. CodeOcean is an online web-based platform for reproducible
computational science, which is a shareable Docker container living in the cloud. Participants were able to leverage the free compute resources from CodeOcean to run their
experiments. CodeOcean provided prompt and necessary support enabling participants
to resolve implementation issues to request additional resources to support their experiments.

6 Content
In this special issue, we present the top 10 peer-reviewed reports of the 2019 Reproducibility Challenge. These reports were selected after critical reviews from our reviewers, and consist of reproducibility efforts over broad coverage of topics in Machine
Learning, including optimization, initialization, generative modeling, transfer learning,
and reinforcement learning. We are hosting all of the accepted reports in OpenReview
for the community to read and add to their understanding of the original NeurIPS 2019
paper.

7 Conclusion
Reproducibility in machine learning has recently garnered a considerable amount of
attention and momentum thanks to key efforts by top researchers. Conferences such
as ICLR, AAAI, ICML have organized dedicated workshops on the topic. The premier
3 https://codeocean.com/

ReScience C 6.2 (#11) – Sinha et al. 2020

3

NeurIPS 2019 Reproducibility Challenge

conference in the field, NeurIPS, has undertaken a reproducibility program this year
which consisted of three components: a code submission policy, the inclusion of the
Machine Learning Reproducibility checklist as part of the paper submission process,
and this challenge. We hope our endeavor will similarly spur more efforts in reproducing existing ideas and papers, and in turn promote open, accessible and sound machine
learning research.
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