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ABSTRACT
With increasing recognition of the importance of reproducibility
in computer science research, a wide range of efforts to promote
reproducible research have been implemented across various sub-
disciplines of computer science. These include artifact review and
badging processes, and dedicated reproducibility tracks at con-
ferences. However, these initiatives primarily engage active re-
searchers and students already involved in research in their respec-
tive areas. In this paper, we present an argument for expanding the
scope of these efforts to include a much larger audience, by intro-
ducing more reproducibility content into computer science courses.
We describe various ways to integrate reproducibility content into
the curriculum, drawing on our own experiences, as well as pub-
lished experience reports from several sub-disciplines of computer
science and computational science.

CCS CONCEPTS
• Social and professional topics → Computing education; •
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1 INTRODUCTION
A wide range of initiatives to promote reproducibility have been
proposed and implemented across various sub-disciplines of com-
puter science and computational science. Many publication venues
now include a process for submitting, reviewing, and badging re-
producibility artifacts alongside papers that present novel research
results. Similarly, flagship conferences in a variety of computer
science fields now include dedicated tracks for papers that replicate
or reproduce a previously published work.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
ACM REP ’23, June 27–29, 2023, Santa Cruz, CA, USA
© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0176-4/23/06. . . $15.00
https://doi.org/10.1145/3589806.3600033

However, the aforementioned initiatives primarily target a nar-
row audience of individuals that are already part of a research
community. This paper argues that there are substantial benefits
associated with educating a much wider audience of computer sci-
ence students about reproducibility, and actively engaging them in
advancing reproducibility in computer science and computational
science. These include benefits to the students, as well as potential
for positive impact on the broader research community.

In this paper, we describe some benefits of teaching about, with,
and for reproducibility; different ways to include reproducibility
content in the computer science curriculum at various levels; and
challenges and considerations that educators may take into account
when adding reproducibility content to their courses. We draw
on published reports describing courses at the undergraduate and
graduate level that have successfully included reproducibility in-
struction and experiences. These include courses across several
sub-disciplines including machine learning and data science [9, 17],
computer networks [16], and software engineering [10], as well as
computational biology [6], neuroimaging [11], and economics [15].
We also draw on our own experience teaching with reproducibility
content. The author has taught or co-taught several courses involv-
ing reproducibility content at NYU Tandon School of Engineering,
including (since 2017) a course on communication network mod-
eling and analysis for PhD students and advanced MS students,
and (since 2020) an introductory course in machine learning for
graduate students in electrical and computer engineering.

2 WHY TEACH REPRODUCIBILITY?
Although reproducibility as a core value in computer science re-
search is not in any doubt, it is not necessarily obvious that includ-
ing reproducibility content and experiences in computer science
coursework (especially at the introductory level) is worth the in-
vestment of student and instructor effort, or limited classroom time.
However, we argue that this investment can yield substantial ben-
efits. In this section, we discuss the benefits of coursework-based
reproducibility experience for students who are not and will not go
on to engage in research; students who eventually go on to engage
in research; students who are actively engaged in research; as well
as educators and the broader research community.

2.1 Students not engaged in research
Themajority of students in computer science classrooms go on to in-
dustry careers that do not involve research. However, as suggested
in [10], practical skills related to reproducibility can be considered
preparation for industry careers where students will be asked to
produce work with consideration to long-term sustainability and
maintenance. Similarly, in [15], the authors argue that students who
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participate in reproducibility experiences gain expertise in key di-
mensions including “data acumen,” “datamanagement and curation,”
and “workflow and reproducibility,” that will be of value in future
careers. In [12], which describes reproducibility content addressed
toward students enrolled in a professional graduate degree program,
the authors even motivate the reproducibility content with case
studies of consequential real-world failures due to irreproducibility.

Furthermore, for many students, the first exposure to research in
the fields in which they will make their future careers is in the class-
room. For students who do not go on to engage in research them-
selves, it is nevertheless useful to demystify the research process
and help students understand how research is conducted in their
area of computer science. Several of the approaches in Section 3
offer the experience of “peeking behind the curtain,” identifying
the nuts and bolts of a research experiment, and critically thinking
about a research experiment and its conclusions - all of which are
valuable skills for professionals who are not active researchers.

2.2 Future and current research students
For students who are already enrolled in a research-focused pro-
gram of study, or who will go on to such study in the future, there is
even more obvious value in instruction that helps them understand
how research is conducted in their field and develop a critical eye
for evaluating research results. For example, in [9], which describes
the use of a reproducibility assignment in a course that is part of a
research-focused MSc program, feedback from students indicated
that it was “eye-opening” to see how research was performed by
reproducing a result, that students had come to “appreciate the
critical view” of research that they gained as part of the course, and
that the experience “gave good insights into the trustworthiness of
research papers.” Similarly, in [17], students reported that “doing a
reproduction changed how I view the scientific process” and “made
me more critical of results in scientific papers”

Students who have had instruction and experience with repro-
ducibility as part of their coursework, who later engage in research,
may also become “reproducibility ambassadors” (as illustrated in
Fig. 1). These students can use best practices for reproducibility in
their own research, and also promote them to their future colleagues
and advisors, multiplying the impact of the original instruction.

Finally, in our own experience, as well as in reports from other
educators [16], a coursework-based reproducibility experience can
help launch a student’s own research efforts. Most students in our
network modeling and analysis course at NYU select papers to re-
produce that are aligned with existing research interests. A number
of these students then build on their reproductions in meaningful,
creative, ways, eventually publishing them as novel research. Anec-
dotally, our students report that the experience of reproducing a
research result teaches necessary skills and makes them feel more
confident in their ability to engage in original research.

2.3 Broader research community
Besides the benefit to direct participants, we believe that students
who engage in reproducibility experiences as part of their course-
work impact their entire research community, as illustrated in Fig. 1.

Students who produce and publish new reproducibility artifacts
as part of their coursework provide an obvious service to the field.

Instructor Students

Student-created artifacts

Authors

Reproducibility artifactsStudents' future 
colleagues

Research 
community

Graduate students using 
reproducibility artifacts

Figure 1: Incorporating reproducibility content in the class-
room has the potential for big impact. Student contribute
artifacts and insights back to original authors and the broader
research community. Students can also directly impact their
future colleagues as “reproducibility ambassadors.”

For example, in our networking course and in [16], students publish
their reproduction and associated artifacts as a blog post, and are
occasionally contacted later by researchers who use these artifacts.
In [9], where many students submitted reports to the Machine
Learning Reproducibility Challenge, the work was well received
by the outside reviewers. In [17], where students were asked to
contribute their reproducibility artifacts to an online repository,
researchers in the field who were surveyed about this effort said
that “an online reproduction attempt adds value to the original
paper,” and that “I would want others to reproduce my own work.”

Students can also benefit the research community by playing a
formal role in the artifact review process. In [15], undergraduate
students carry out systematic computational reproducibility checks
as part of the publication workflow of major economics journals.

More broadly, we believe that to incentivize the effort associ-
ated with producing reproducibility artifacts and improve their
perceived value, they should be part of an ecosystem that includes
many producers and consumers of reproducibility artifacts, who
engage with these artifacts on an ongoing basis. With badging and
reproducibility checks as part of the pre-publication workflow, a
static reproducibility artifact is produced once by the authors, then
consumed once by an artifact evaluation committee or equivalent.
After this, the conversation around the reproducibility of the re-
sult ends in most cases (except for rare cases in which someone
publishes a subsequent reproduction or replication).

However, reproducibility is neither as absolute nor as static as
this process suggests. Reproducing a result in slightly different
settings, using different implementations, or at different times can
yield new insight about the result and the conditions under which
the main claims remain valid. When students are tasked with either
producing or consuming reproducibility artifacts as part of their
coursework, they extend the conversation around the reproducibil-
ity of the result, both in time and in scope. This creates opportunities
to uncover new insights and share them with the research commu-
nity by having students publish a blog post, communicate with the
original authors, and/or submit new reproducibility artifacts to a
discipline-specific or infrastructure-connected repository.

3 HOW TO TEACH REPRODUCIBILITY?
Reproducibility content and experiences can be incorporated into
undergraduate and graduate coursework in a variety of ways, sepa-
rately or in combination. In this section, we describe some of these
on a spectrum from “most accessible to beginners in the field” to
“requires most discipline-specific expertise and capabilities.”
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3.1 Include explicit instruction about
reproducibility practices

Perhaps the most obvious way to include reproducibility content in
the curriculum is to add explicit content about reproducibility, either
as a standalone course on reproducibility, in a course on a closely re-
lated topic (e.g. scientific computation), or by describing discipline-
specific standards for reproducibility in a discipline-specific course.
For example, in [10], the authors suggest that reproducibility engi-
neering be included as a part of the regular undergraduate software
engineering curriculum. They propose a syllabus for such a course,
which they implement in an undergraduate course offered at two
universities. Similarly, in [12], the authors share their experiences
teaching courses at the University of British Columbia that include
explicit instruction on reproducible data science tools and work-
flows. As an extension of the approach described above, the authors
of [11] include explicit instruction about reproducibility in a course
on neuroimaging at UC Berkeley, and then asked students to com-
plete a substantial open-ended project related to neuroimaging in
which they apply these best practices for reproducibility.

In fact, many courses in computer science already incorporate
instruction and expectations that are related to reproducible re-
search practices (for example: use of version control, or careful
documentation of experiment environments and results). Explicitly
identifying these as best practices for research can potentially shape
students’ expectations and attitudes about reproducible research,
with minimal additional effort required on the instructor’s part.

3.2 Ask students to replay an already- packaged
reproducibility artifact

For more experiential learning, students may be tasked with exe-
cuting an already-packaged reproducibility artifact of a published
result. This is an approach described in [5], for a networking course.
For introductory courses, students may be asked to reproduce a
foundational result that motivates the concepts emphasized in the
course; for advanced courses, students may be asked to reproduce
a recent impactful result that exposes students to state-of-the-art
work in the field. This is especially relevant to courses that already
engage students in hands-on lab exercises, where students may
then engage with research artifacts in the same familiar settings.

This type of assignment may also show students how a field has
advanced over time, by extending a foundational result. For example,
in our introductory machine learning class, we ask students to
replay an artifact [7] that reproduces a classic result from 1989,
and then improves its performance by incrementally incorporating
modern techniques that were discussed in our lectures.

Engaging with an already-packaged artifact can also help stu-
dents learn about research methodology in their field. For example,
in our course on network modeling and analysis at NYU, we ask
students to execute a reproducibility artifact for a classic analytical
result in queuing theory, as a simulation and as a testbed experiment.
Through this assignment, students learn to recognize common pit-
falls associated with these experimental methodologies.

As an addition to the above, students may be invited to extend a
packaged result (for example: evaluate it under new experiment set-
tings, add experiments to validate the proposed mechanism behind
the result, or develop a novel extension of the result). An extension

that is especially valuable or insightful may be packaged by the
student (potentially with the assistance of course staff) and shared
as a new artifact that is descended from the original.

3.3 Ask students to create a new reproduction
of a published result

For more advanced students, a course project may require students
to create a new reproduction or replication of a published work. Ex-
perienceswith this have been reported in a variety of sub-disciplines
in computer science and computational science, including: an ad-
vanced networking course at Stanford University [16], a deep learn-
ing course at Delft University of Technology (TU Delft) [17], a
course in fairness, accountability, confidentiality, and transparency
in artificial intelligence (FACT-AI) at the University of Amster-
dam [9], and an introductory R programming course for computa-
tional biology at Thomas Jefferson University [6]. We have similarly
used this approach in graduate level networking and machine learn-
ing courses at NYU. Students may also be asked to review other
students’ work in a process similar to artifact evaluation.

While this type of course project may seem intimidating for
anything but the most advanced courses, we have used this type of
assignment in an introductory machine learning class by permitting
students to participate at the level they are comfortable with. For
example, students may choose to validate one claim on a small
dataset, using author-provided code or even a pre-trained model.
In [17], the authors similarly report that they chose to permit “light-
weight reproduction” work alongside more extensive efforts .

4 KEY CONSIDERATIONS AND CHALLENGES
By building on the experiences of educators who have already
experimented with teaching reproducibility, we can more easily re-
produce their success. In this section, we summarize and highlight
some “lessons learned” from the literature and our own experi-
ences, and identify challenges and important considerations for
introducing reproducibility in the classroom.

4.1 Scaffolding the learning process
In our own experiences and in the literature, a key enabler of success
in reproducibility assignments was the materials used to scaffold
the learning process. The instructors of the computational biology
course at Thomas Jefferson University [6] highlighted the conven-
tional homework assignments used throughout their course as
equipping students with the skills to engage with and reproduce
research results. Similarly, the neuroimaging course at UC Berke-
ley [11] used homework and lab sessions to prepare students for a
more challenging project involving best practices for reproducibil-
ity. The FACT-AI course at University of Amsterdam [9] included
several weeks of subject-specific instruction and also discipline-
specific instruction about research methods and critically reading
papers in the field. We follow a similar approach in our network
modeling and analysis course, where students first learn about re-
search methodologies and experiment design in this field before
they are tasked with reproducing a published result. Unfortunately,
developing these materials can require a substantial amount of ef-
fort on the part of the instructor. We hope that as more instructors
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begin to use reproducibility in the classroom, they will create and
share materials and other resources, easing this burden for others.

4.2 Selecting results to reproduce
For courses that ask students to create a new reproduction or repli-
cation of a published work, identifying suitable publications can
be a major challenge. Students typically lack the expertise required
to find papers that are feasible to reproduce within the scope of a
course project, therefore the burden typically falls on course staff
to prepare lists of papers for students to choose from. For exam-
ple, in the FACT-AI course at the University of Amsterdam [9],
the course staff selected 10-15 on-topic papers in advance where
the dataset in the paper is available, the experiments can run on a
single GPU, and the scope is appropriate for a group of 3-4 gradu-
ate students to re-implement the work in one month of full time
work. The deep learning course at TU Delft [17] prepared a list of
papers for which data is available, there is a clear computational re-
sult (table or figure) to reproduce, and the computational demands
were reasonable. Students were also allowed to propose a paper
not on the list provided by course staff. In the networking course at
Stanford [16], course staff provided a list of suggested conferences
and papers. The computational biology course at Thomas Jefferson
University [6] took a slightly different approach, asking students
to propose 6 papers with available data whose figures they would
like to reproduce, and the course staff selected one of the 6 after
evaluating the difficulty and reproducibility of the article’s figures.

Instructors in some sub-disciplines of computer science may find
it much easier to curate lists of reproducible results than in other
sub-disciplines. We follow a similar approach in our own courses,
where we provide a list of papers and students may propose others
that we then evaluate for suitability. We found that in machine
learning, which has a strong culture of reproducibility, we were
able to identify many papers which had either code or pre-trained
models available. In networking, this was much more difficult.

ACM badges have the potential to help with identification of
suitable papers. However, “available artifacts” does not necessarily
mean “useful for a replication assignment” - for example, an artifact
may be data from which a figure is drawn, which would not help
a student replicate the computational experiment that generated
the data. Similarly, “artifacts evaluated – functional” at publication
time does not always mean that artifacts are useful at the present
time. In machine learning replication assignments especially, we
have found that underlying frameworks and libraries change so
quickly that even a few years later, replicating a result using author
code can involve a substantial amount of effort to either establish
the “old” environment or port code to a modern environment.

4.3 Providing support from course staff
Depending on the scope of the assignment, reproducibility experi-
ences in the classroom can require a lot of support from course staff.
For example, in the FACT-AI course at the University of Amster-
dam [9], teams had either a one-hour tutorial including other teams
or a private 30 minute team meeting with a teaching assistant every
week. The networking course at Stanford [16] similarly had teach-
ing assistant meet with student teams every week. Both of these
courses also required students to submit an intermediate report

partway through the project, and provided feedback on this report.
We have supported students engaged in reproducibility experiences
with an asynchronous model (question-and-answer forum), which
can be much less burdensome for course staff.

4.4 Providing access to infrastructure
For students to engage in meaningful reproducibility experiences,
they will in many cases need access to research infrastructure on
which to carry out experiments. Educators should consider the
computational resources or infrastructure necessary to reproduce
research in their field, and how they will make the necessary re-
sources available to students. For example, the FACT-AI course at
the University of Amsterdam [9] limited the scope of their repro-
ducibility assignment to papers with experiments that can run on
a single GPU, and provided this compute resource to students. The
networking course at Stanford [16] provided students with compute
resources on Amazon Web Service (AWS) Elastic Compute Cloud
(EC2) for network emulation and simulation experiments.

In our own experience, dedicated research infrastructure includ-
ing cloud computing testbeds like CloudLab [4] and Chameleon [8],
testbeds for networking and distributed systems like GENI [2] and
FABRIC [1], andwireless testbeds such asORBIT [13]/COSMOS [14]
and POWDER [3], have been invaluable for teaching reproducibility
- we have used all of these in our own teaching. Experience with re-
search platforms is helpful to students who may engage in research
in the future. Also, for students who will package new reproducibil-
ity artifacts, making them available on an open research platform
increases their reach. Some of these platforms have features explic-
itly tailored for reproducibility, such as the idea of a shared profile
on CloudLab [4] or the Trovi portal on Chameleon [8].

4.5 Creating opportunities to contribute
Especially for courses where students produce new reproducibility
artifacts, students were highly motivated to contribute their work
back to the broader research community. Many educators chose
to capitalize on this by deliberately providing opportunities for
students to share their work as a blog post [16], by contributing
to a curated repository of reproducibility artifacts [9], or both [17].
The authors of [9], for example, express a belief that students were
highly motivated by the opportunity to create concrete resources
and share them with the research community. Our experience has
been similar; we highlight excellent student work from our repro-
ducibility assignments on our research blog, and also help students
find opportunities to share their replication or reproduction in
subject-specific conferences and workshops.

5 CONCLUSIONS
This paper aims to encourage discussion around the inclusion of
more reproducibility-related instruction and content in computer
science classrooms. We hope this will spark new ideas, promote the
creation of shared pedagogical resources, and encourage further
activity and discussion around this topic.
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