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Abstract

Reproducibility is often discussed but rarely practiced in under-
graduate computer science education. In this paper, we present
the design, implementation, and evaluation of a 24-hour hands-on
course entirely dedicated to reproducibility and variability in com-
putational experiments. Taught to fourth- and fifth-year students at
INSA Rennes in Fall 2024, the course combines scientific thinking,
software engineering practices, and variability analysis. Students
first explored the non-associativity of floating-point arithmetic as
a reproducibility "Hello World" using Docker, GitHub Actions, and
templated experimentation to analyze sources of variability across
programming languages, compiler flags, and numerical precision.
The second half of the course focused on reproducing and repli-
cating actual research papers, including studies on large language
models playing chess, home advantage in football during COVID-
19, and energy efficiency across programming languages. Students
successfully reproduced key results, identified subtle reproducibility
issues such as changes in library defaults, and designed replica-
tions that extended or challenged original findings. We describe the
course structure, pedagogical strategies, and lessons learned, includ-
ing when students found reproducibility flaws in the instructor’s
own prior work. Our experience suggests that reproducibility and
variability deserve a central place in computer science education
and can be taught in a way that is both technically rigorous and
scientifically engaging.
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1 Introduction

Reproducibility is a fundamental aspect of scientific and engineer-
ing integrity. In scientific disciplines, it ensures that findings are
independently verifiable and generalize; in engineering, it guaran-
tees that systems behave predictably across deployments. Repro-
ducibility and replicability are also ways to innovate and explore
different hypotheses or ideas. Another related observation is that
software increasingly underpins scientific discovery and industrial
innovation — from climate modeling to autonomous systems — and
is key to mastering reproducibility. Modern research and industry
are actually relying on intricate software systems to derive insights
from data, simulate phenomena, and automate decision-making.
For example, climate science combines mathematical models, large-
scale simulations, and data mining pipelines, all built on top of
layers of software infrastructure [8, 14]. These systems are not
merely tools, but artifacts of engineering—subject to design choices,
dependencies, and environmental conditions that introduce variabil-
ity. Whether in scientific experiments or production deployments,
seemingly minor differences in software versions, configurations,
or runtime environments can lead to divergent results [7, 16, 23].

This challenge extends beyond pure scientific discovery. In indus-
try, non-reproducible builds or unreliably trained machine learning
models incur costly technical debt [11]. Even when code and data
are available, studies in neuroimaging, machine learning, and soft-
ware engineering reveal that "re-running" an analysis often fails
to reproduce the original results [4, 10, 18]. Such inconsistencies
undermine the the trust in computational findings and obscure
the root causes of discrepancies, whether they arise from algorith-
mic assumptions, software layers, or inherent uncertainty in the
problem domain.

Reproducibility, then, is not just a scientific ideal, but a lens for
critical inquiry. It demands that engineers scrutinize their tools,
document their environments, and interrogate why systems behave
differently under varying conditions. For computer science students,
mastering these skills is essential - not only to validate results but
to navigate the complexities of real-world software systems and
domains, where variability is the rule rather than the exception.

Although reproducibility is at the heart of computer science,
covering as diverse areas as systems design and statistical analysis,
it is rarely the primary focus of courses. Its adoption in computer
science education is still in its early stages, and reproducibility is
rarely taught as a unified discipline. Instead, its principles can be
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often scattered across courses: a mention in a research methods lec-
ture, a tool demo in a software engineering lab, or an afterthought in
a data science project. In 2024, we took the opportunity to fill in the
gaps in the curriculum and built a course entirely dedicated to re-
producibility. This paper presents a hands-on, self-contained course
in reproducibility and variability, taught in Fall 2024 to fourth- and
fifth-year students in computer science at INSA Rennes. The course
was motivated by three key objectives. First, reproducibility is a
fundamental property of software systems that connects directly to
modern software engineering practices. Students must master tools
and techniques from continuous integration, DevOps, automated
testing, and benchmarking to ensure reproducible results. Second,
even for students who do not pursue research careers, understand-
ing and applying scientific method is crucial. This includes reading
and analyzing research papers, formulating research questions,
designing experiments, and effectively communicating findings.
Third, students must understand and practice managing (software)
variability, from identifying variation points and threats to valid-
ity to conducting systematic ablation studies at the software level.
Hence, variability management is essential for both reproducibility
(finding the right computational environment) and replicability
(testing results under controlled variations).

The course structure emphasizes these objectives through practi-
cal exercises and real-world case studies. Students gain experience
with reproducibility tools while developing a deeper understand-
ing of how variability affects computational results. This approach
bridges the gap between software engineering practices and scien-
tific methodology, preparing students for careers where computa-
tional reproducibility is increasingly important.

The contributions of this paper are as follows:

e We present a reproducibility course structure that empha-
sizes the role of software engineering, variability and exper-
imental design, based on two complementary parts;

o We demonstrate how a simple numerical question—associativity

of floating-point addition—can become a rich case study for
exploring software tooling and variability;

o We describe a methodology for teaching reproduction and
replication of research papers;

e We reflect on lessons learned, including unexpected out-
comes of student-led discoveries of variability sources and
the robustness (or brittleness) of published results.

2 Design of a Reproducibility Course
2.1 Reproducibility Deserves Its Own Course

Despite its importance in scientific research, software engineering,
or data analysis, reproducibility is rarely taught as a central, stan-
dalone topic in computer science curricula. Instead, reproducibility
tends to appear in fragmented forms, either briefly mentioned in
research methods classes, practiced informally in software engi-
neering labs, or touched upon during project-based work. This
fragmented exposure is not ideal for developing the deep and criti-
cal understanding needed to handle reproducibility in real world
settings.

Another trend is that the increasing complexity of computational
science calls for mastering software and its engineering. From cli-
mate simulations and bioinformatics pipelines to machine learning
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experiments and data-driven social science, the reliability of results
depends on the ability to reproduce and understand numerous vari-
ability factors within software artifacts. Students entering these
fields need structured training to deal with configuration manage-
ment, tool versioning, stochastic behavior of software systems, etc.

At INSA Rennes, we identified an opportunity to fill this curricu-
lum gap by designing a reproducibility course from the ground up.
The aim was to develop student competencies not just in tools, but
in thinking reproducibly: questioning results, managing experimen-
tal variability, and practicing science. We observed that students
might not have experience in reading and understanding scientific
papers or thinking about research questions and how experiments
are designed. By dedicating a full course to these goals, we could
build a coherent progression from intuition to software automation,
from simple examples to real-world replications, and from tool
usage to scientific discovery or reflection.

2.2 Pedagogical Objectives

The course was designed around three main pedagogical pillars.
Scientific method practice: Students learn to think like researchers
(reading and analyzing articles, formulating hypotheses, design-
ing experiments and interpreting results, etc.). Even students not
pursuing research careers benefit from this analytical rigor.
Software engineering: Reproducibility is directly related to mod-
ern software practices, including version control, continuous inte-
gration, containerization, and infrastructure automation. Students
apply these tools in lab sessions to develop reproducible pipelines.
Variability awareness/management: Students explore the multi-
ple dimensions of variability in software systems and computational
experiments (input data, implementation details, environment, ran-
domness, etc.) and learn to reason about them systematically.

2.3 Course Structure and Organization

The course was offered in Fall 2024 to students in the fourth and
fifth year of their computer science engineering program at INSA
Rennes. The cohort of 20 students had solid foundations in pro-
gramming and software tools but limited exposure to the scientific
method or reproducibility as a formal discipline. The course con-
sisted of six 4-hour sessions and a 2-hour session (26 hours total),
alternating between mini-lectures, guided labs, and open-ended
experimentation. The curriculum included:

e Introduction to Reproducibility (2h): Definitions and dis-
tinctions between reproducibility, repeatability, and replica-
bility; historical context; importance in science and industry;
overview of reproducibility initiatives and crises.

¢ Exploratory Experiment (2h): A hands-on dive into floating-
point associativity, prompting students to explore the non-
associativity of x + y + z in practice and uncover variability
across inputs, languages, and environments.

¢ Tooling for Reproducibility (4h): Introduction to Git,
Docker, and CI (GitHub Actions); Students containerize ex-
periments and reproduce each other’s work in shared repos-
itories.
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e Modeling and Analyzing Variability (4h): Students iden-
tify, implement, and analyze variability factors using tem-
plates, CLI flags, and parameter sweeps. Jupyter and pandas
are used to structure and analyze the experimental data.

¢ Reproducing a Research Paper (4h): Teams reproduce
the results of a published study using the original code and
data, ensuring automation and documentation.

¢ Replicating and Extending Research (10h): Controlled
experiments to replicate the study under variation. Students
explore generalizability and reflect on the robustness of sci-
entific claims.

2.4 Teaching Approach and Philosophy

The course emphasized hands-on inquiry, peer collaboration, and
scientific reasoning. Rather than present reproducibility as a check-
list of tools or guidelines, we approach it as a mindset and method-
ology. Key features of the pedagogy included the following.
Learning by doing: Students explore variability through experi-
ments, not lectures. A "Hello World" problem becomes the gateway
to modeling complex systems.

Collaboration and peer reproduction: Students used to work in
pairs (forming "groups") to encourage discussions, collaborations
and sharing of the work. The students also reproduced each other’s
results (across groups), revealing the hidden assumptions or the
absence of an established truth in experimental design.

Tooling as infrastructure, not Goal: While students learned Git,
Docker, and CI/CD pipelines, these were framed as enablers of
reproducible thinking, not ends in themselves.

Critical engagement with scientific work: By reproducing and
replicating real research papers, students learned to navigate incom-
plete documentation, shifting libraries, and implicit assumptions,
thus gaining insight into the realities of research reproducibility.

2.5 Related Work

Fund argued that reproducibility should be emphasized through-
out the computer science curriculum to promote better research
practices from the outset [9]. Our context is unique in that it al-
lows for the development of a dedicated course on reproducibility.
This opportunity may not be feasible in many other curricula. This
enables us to give the topic focused attention while also connect-
ing it to key areas such as software engineering and data science.
Techniques introduced in the reproducibility course (such as con-
tinuous integration) can be further explored in these specialized
domains. Importantly, reproducibility is also addressed in other
advanced courses at INSA Rennes, such as compilers and the design
of domain-specific languages, where students run benchmarks and
engage with issues of experimental rigor and repeatability. From
this perspective, material from the reproducibility course can stand
alone and be adapted to enrich other parts of the curriculum.
There are initiatives to challenge practitioners and students in
reproducing papers. For example, ReproducedPapers.org structures
machine learning reproducibility as an open and accessible edu-
cational resource [24]. Reprohackathons provide a collaborative
training format to promote reproducibility in bioinformatics [6].
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Reproducibility-focused training in neuroimaging supports the de-
velopment of open and robust computational workflows [19]. Large-
scale reproducibility verification can be integrated into statistics
education to teach robust scientific inquiry [22]. The risk is that
some instructors may not be familiar with the considered papers. A
major lesson learned (see below) is that deeply knowing papers to
reproduce (e.g., being involved in the original paper) is important
to foster collaborations and exchanges.

Reproducibility tasks can effectively introduce core Al ethics
principles such as fairness and accountability [15]. Although men-
tioned, we do not integrate such important topics in this course.

Kiar el at. [13] call to embrace experimental variation in neu-
roimaging. We follow a similar attitude through variability manage-
ment and replication. Reproducibility engineering can be consid-
ered a critical lifelong skill in software engineering education [17].
We concur and connect as much as possible software engineering
tools and methods to reproducibility.

3 A Hello World for Reproducibility: (x + y) + z

We introduce the associativity of floating-point addition as a decep-
tively simple problem that invites deep exploration. The question
"How often is (x + y) + z = x + (y + z)?" prompted discussion of
numerical precision, implementation details, variability, and repro-
ductibility. It is also a way of practicing basic software tools that
have proved to be useful in the context of reproducibility.

3.1 Challenging Students with a
Simple-Looking Problem

To kick off the practical component of the course, we deliberately
chose a task that looks trivial on the surface but hides a rich set of
challenges. The students were given the task of evaluating whether
floating-point addition is associative with random values: that is,
checking whether x+(y+z) = (x+y)+z holds or not. Although many
expected this identity to be satisfied by default, students quickly
discovered that numerous counterexamples exist and that it fails
for a significant fraction of inputs. The original yes/no question
then becomes a quantitative question, and we can find how often
the associative property holds.

This task served as an excuse to investigate deeper the possible
sources of the discrepancy. Students explored how this proportion
changed significantly based on seed values (input data variability),
how results varied between programming languages and libraries
(language and library variability), and how compiling the same pro-
gram on different platforms or processors affected results (platform
and processor variability).

Rather than immediately explaining these behaviors, we chal-
lenged students to discover, model, and explain them through struc-
tured experimentation. This inquiry-based process helped students
connect seemingly minor implementation choices to broader repro-
ducibility issues.

We used this example to transition from intuition-driven explo-
ration to rigorous, automated experimentation. The students im-
plemented reproducible workflows using Git, Docker, and GitHub
Actions. They then shared and reproduced each other’s findings,
exposing them to the challenges of aligning results in the presence
of environmental and implementation variability. It also calls for
partly automating the analysis of data — including the gathering
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Figure 1: Live results and discussions about variability factors

and structuring of data as well as statistical analysis (e.g., based on
machine learning) to extract some patterns — and the interpretabil-
ity of results. The associativity task became a central pedagogical
anchor for the course. It allowed students to practice reproducibil-
ity tooling and confront the nuanced ways in which variability
manifests itself in computational settings.

3.2 From Intuition to Automation

Specifically, we started with the provocative question: Is x+(y+z) =
(x +y) + z? The semantics of equality, the "type" of x, y, and z, and
the semantics of "+" can be part of the discussion, but students
quickly engage with the question. It has limited interest in the case
of integer values, and quickly the focus is on floating-point values.
Some students can be surprised by the non-associativity of floating-
point computation, and try to laboriously find a counterexample.
Some students have heard about the issue and try to rediscover
an example (e.g., with 0.1+0.2+0.3). In any case, we let students
conduct exploratory experiments in their chosen languages (e.g.,
Python, Java). We then move on to quantify how often the associa-
tive property holds.

After some time, the instructor collects lively results on a white-
board. Figure 1 shows an excerpt with the languages used associated
with a percentage on the left-hand side. Clearly, the results are not
consistent. The students are not to blame here, since we are scratch-
ing the surface. However, it is a starting point to investigate the
possible root causes in a more detailed and rigorous way. The first
hypothesis is that it comes from the programming language itself.
Then other hypotheses can be formulated: effect of randomness,
effect of types (e.g., float vs long in Java), effect of repetitions, etc.

3.3 Variability Exploration

The students modeled, implemented, and analyzed variability fac-
tors such as language, compiler flags, system architecture, and
floating-point precision. Each can subtly or significantly influence
the outcome of a computation (here a percentage), particularly
when evaluating properties such as associativity in floating-point
arithmetic.

To explore the impact of variability factors on numerical repro-
ducibility, students could take advantage of three main approaches
presented in the lab session: a template-based code generation
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1 import random

2 import math

3 import numpy as np

4

5

6 def check_property(repetitions):

7 correct_count = @

8 for _ in range(repetitions):

9 x = {{ op_creation }}

16 y = {{ op_creation }}

1 z = {{ op_creation }}

12

13 # Check if the associative property holds
14 resultl = ((x +y) + z)

15 result2 = (x + (y + z))

16

b if {{ op_compare }}:

18 correct_count += 1

19

26 print(f"{correct_count / repetitions * 100:.2f}%")
21

22

23 # Define the number of repetitions

24 check_property(int(math.pow(18, 6)))

Figure 2: Template-based approach and parameterization

1 from jinja2 import Template
2

3 template_content = open('property_template.py.jinja').read()
4 template = Template(template_content)

5

6 v factors = {

7 "op_creation’:

8 andon. randon( )",

9 randon.uniform(®, 1)",

10 random.uniform(e, 16)",

11 "uniform108": "randem.uniform(8, 108)",

12 “numpy”: "np.random.rand(}"

13 i

14 "op_compare': {

15 "tolerancel5": "resultl - result2 < le-15",
16 "tolerancelf esultl - result2 < le-16",
17 "tolerancel8": "resultl - result2 < le-18",
18 “"equal”: "resultl == result2",

19 ]

% 3

21

22 all_factors = {}

23 for ki, vi in factors[op_creation'].items():

24 for k2, v2 in factors['op_compare'].items():
25 all_factors(kl + '_' + k2] = {

2% ‘op_ereation': i,

27 *op_compare': v2

28 3

29

30 print("experiments;op_creation;op_compare;result®)
31 for key, factor in all facters.items():

32 generated_code = template.render(factor)

3z print(f"{key}; {factor['op_creation']};{factor[ op_compare']};", end="")
34 exec(generated_code)

Figure 3: Template-based approach (calling)

inport randon
inport argparse

v def check_property(operationl, operation2, repetitions)
correct_count = 0
for _ in range(repetitions):
x = random. randon()
y = random. randon()
2 = random. randon()

# Dynanically evaluate operations
result1 = eval(operationl)
result2 = eval(operation2)

1 resultl == result2
correct_count += 1

print(f"0ut of {repetitions} trials, the property held {correct_count} times.")

if _name_ == "_main_"
# Parse arguments at runtine
parser = argparse.ArgunentParser (description="Check arithmetic property.")
parser.add_argunent('--operationl’, typesstr, required=True, help="First operation to compare (e.g., '(x +y) +z').")
parser.add_argunent (' --operation2’, type=str, required=True, he cond operation to compare (e.g., 'x + (y +2)').")
parser.add_argunent (' --repetitions’, type=int, required=True, help="Number of repetitions for the check.”)

args = parser.parse_args()

# Run the property check with runtime arguments
check_property(args.operation1, args.operation2, args.repetitions)

Figure 4: CLI-based approach
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EROM python:3.9-slim

Set working directorys
WORKDIR /app

Python source files

COPY generate_property_checks.py
COPY property_template.py.jinja .

10 # Install Jinja
1 RUN pip install Jinja2

12 RUN pip install numpy

14 # Command to run Python script
15 €MD ["sh", "-c", "python generate_property checks.py"]

(a) Docker Python

FROM docker .io/gnuoctave/octave:9.2.0

3 WORKDIR /app
COPY . /app

6 RUN octave --eval 'pkg install "https://downloads.sourceforge.net/proje
CMD ["/bin/bash”, "-c", "octave main.m;cat answer_associativity.txt"]

(b) Docker Matlab

Figure 5: Docker environments

technique, a command-line interface (CLI)-based control mecha-
nism, and a runtime parameterization strategy. Each method offers
trade-offs in terms of automation, flexibility, and scalability.

Template-Based Code Generation. This approach relies on the
generation of programmatic code through templates, which allows
the systematic exploration of variability factors at the source code
level. Using the Jinja2 templating engine in Python, students devel-
oped templates that abstract arithmetic expressions, control struc-
tures, and experimental parameters (e.g., number of repetitions).
These templates were instantiated with different configurations,
producing customized program variants for each combination of
factor values. Figure 2 illustrates the architecture of this approach,
highlighting the parameterization points within the template. The
actual invocation of template instantiation is shown in Figure 3,
where a Python script dynamically generates code based on the
desired factor values. This technique is especially suitable for fine-
grained control and systematic testing, but requires regeneration
and recompilation for each new configuration.

CLI-Based Exploration. As shown in Figure 4, the CLI-based ap-
proach exposes variability factors as runtime arguments to a fixed
codebase. This method allows users to execute experiments by
supplying different values directly via the command line (e.g., arith-
metic operation, repetition count), enabling rapid testing without
modifying the code structure.

Runtime Parameter Sweeps. The runtime parameterization tech-
nique integrates the exploration of multiple variability factors into
a single execution. Rather than executing the program repeatedly
with distinct arguments, all combinations of parameter values are
evaluated internally using loops or Cartesian product iterations.
This method, partially combined within the logic of the template-
based approach in Figure 2, supports high-throughput experimenta-
tion and reduces the overhead associated with repeated compilation
or launch.

It should be noted that some variability techniques are not suit-
able for some types of artifacts. For instance, parameterization is
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not ideal for changing the version of a library - a template-based
approach over a Dockerfile or requirements.txt is more suited.

Containerization and environment control. To ensure reproducibil-
ity across environments and isolate system-level variability factors,
students containerized their experiments using Docker. As shown in
Figures 5(a) and 5(b), both Python and MATLAB-based workflows
were encapsulated within Docker containers, enabling consistent
execution regardless of host architecture or operating system. Con-
tainerization was further integrated with continuous integration
pipelines (e.g., GitHub Actions), ensuring that the experiments were
reproducible and verifiable across multiple runs and contributors.

3.4 Results’ Analysis

To support a reproducible and interpretable analysis of the experi-
mental results, the students documented their results using Jupyter
notebooks. These notebooks served as the central artifact for data
loading, visualization, and interpretation. After executing their ex-
periments (through templated code, CLI invocations, or parameter
sweeps), the students serialized the results into tabular formats such
as CSV, with each row representing a configuration of variability
factors and the corresponding computed outcome. The notebook
environment allowed them to apply exploratory data analysis tech-
niques and interpretable machine learning models, such as decision
trees, to assess which variability factors (or combinations thereof)
had the greatest influence on numerical divergence. By integrating
code, plots, and textual discussion, the notebooks also functioned
as reproducible reports, facilitating peer review and collaborative
debugging.

Alongside the notebooks, students were provided with instruc-
tions that guided them through the experimental workflow, from
factor modeling to result interpretation. These instructions em-
phasized methodological rigor, including how to isolate individual
factors, explore interaction effects, and ensure consistency between
execution environments. The instructions also scaffolded repro-
ducibility practices, such as documenting configuration choices,
automating executions (through CI pipelines, and encapsulating
environments with Docker), to practice software engineering prin-
ciples and scientific inquiry.

3.5 Students’ Variability Exploration

Based on reports and discussions, the set of variability factors iden-
tified is as follows:

(1) Random number generation

e Range of generated numbers (e.g., min, max)
Type of generated numbers (e.g., integer, floating-point)
Number of decimal digits / floating-point precision
Number of repetitions (e.g., number of samples drawn)
Random seed (initialization of the random number gener-
ator)
Method of generation (e.g., uniform distribution, Gaussian,
specific algorithm for float generation)
(2) Computation environment

e Compiler used (e.g., gcc, clang, version)

e Processor / hardware architecture

e Operating System

e Programming language (e.g., C, Python, Julia)
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(3) Numerical representation and operations
o Type of variables (e.g., float, double, long double)
e Number of iterations (e.g., loop count)
o Values used during computation (e.g., fixed or random
operands)
Precision of arithmetic operations (e.g., single vs. double)
Nature of operations performed (e.g., addition, multiplica-
tion)
Arithmetic property tested (e.g., associativity, distributiv-
ity, idempotence)
(4) Experimental setup
e Type of experiment conducted (e.g., testing associativity)
e Would results vary with another property? (e.g., commu-
tativity, inverse)

Not all variability factors were explored by the students during the
project. This can be attributed to several reasons. First, some factors
were technically difficult to implement or instrument, such as mod-
ifying the compiler toolchain or capturing low-level floating-point
behavior. Second, in some cases, students made deliberate choices
to focus only on factors they found interesting or relevant to their
hypothesis. Finally, the sheer number of possible variability factors
made it impossible to explore all of them within the limited time
and scope of the assignment. As a result, students often prioritized
a subset of factors that best aligned with their experimental goals.

During the exploratory phase, a wide range of programming lan-
guages was considered, including Java, Python (in multiple versions
and with or without numpy), C, Scratch, Matlab, Sage, JavaScript,
and C++. For the actual experiments, the majority of groups (six)
used Python, while one group each used Java, Matlab, JavaScript,
and C. The choice of language influenced the variability factors
that could be easily explored.

However, not all groups selected the same set of variability fac-
tors. The most frequently investigated were the number of repeti-
tions and the range of generated values (min, max). Interestingly,
several groups also explored the type of operation beyond associa-
tivity (e.g., testing commutativity or distributivity). This extension
can be seen as a form of replication, as it diverges from the original
study’s focus and explores how variability behaves under different
mathematical properties.

Overall, the students’ work was solid, well-argued, and demon-
strated thoughtful experimentation. Many projects offered interest-
ing insights and supported their arguments with evidence drawn
from systematic testing and analysis. A possible frustration is that
there is no single "final truth" or universal conclusion—results can
vary depending on the chosen parameters, environment, and design
choices. However, it is worth noting that results tended to converge
toward more consistent patterns across groups as experiments be-
came more refined and controlled.

This kind of exploration necessarily comes with some ambi-
guity: part of the challenge lies not just in observing variability,
but in explaining it. In many cases, offering a solid explanation
would require stepping outside the scope of the course or acquiring
deeper domain expertise (e.g., in compiler internals, floating-point
standards, or numerical analysis). These limitations are not short-
comings, but rather reflect the complexity and richness of studying
variability in computational experiments.

Acher et al.

4 Reproducing and Replicating Research Papers
4.1 Methodological Setup

Students selected one of three instructor-curated papers. The three
proposed studies were:

e Debunking the Chessboard: Confronting GPTs Against
Chess Engines to Estimate Elo Ratings and Assess Le-
gal Move Abilities [3] explored the capabilities of large
language models (LLMs) in playing chess. Students could ex-
amine sensitivity to model versions (e.g., GPT-40 vs Claude
or LLaMA), prompt engineering, sampling parameters (e.g.,
temperature), and the effect of using different chess engines
for evaluation. We call the study "chess" for short hereafter.

e COVID and Home Advantage in Football: An Analysis
of Results and xG Data in European Leagues [2] focused
on the impact of COVID-era matches played without crowds
on home advantage. Students could consider extensions to
newer seasons (e.g., 2023/2024), alternative sources of xG (ex-
pected goals) data, inclusion of different leagues (including
amateur or youth), and even cross-domain replications in
other sports. We call the study "football" for short hereafter.

e Programming Languages and Energy Efficiency [21]
ranked popular programming languages according to energy
consumption in tasks. Students could investigate how the re-
sults varied with different programs/workloads, interpreters,
compiler flags, containerization, or hardware platforms, of-
fering rich ground for controlled replication and sensitivity
analysis. We call the study "energy" for short hereafter.

These papers were chosen for their diversity in domain (LLMs,
sports analytics, and energy), their reproducibility potential (open
data/code), and the instructor’s in-depth familiarity with the mate-
rials, enabling close guidance and nuanced discussions throughout
the process. The two papers [2, 3] on chess and football were written
by the instructor through technical blog posts.

The activity followed a two-phase methodology. First, each group
(two students) was asked to faithfully reproduce a core subset of
the original results using the provided data, tools, and methodology.
This phase required setting up reproducible environments (e.g.,
using Docker and CI pipelines) and documenting the steps required
to obtain results similar to those in the original work. Second, the
students were tasked with designing and executing a replication
by identifying and systematically varying factors that could af-
fect the results, such as software versions, input data, modeling
assumptions, or experimental parameters.

This setup emphasized the distinction between reproduction
(same setup, same data, same environment) and replication (con-
trolled variation of specific factors). The students were required to
document the variability factors considered, justify their choice of
replication strategies, and report the robustness or brittleness of
the original claims in light of their findings.

4.2 Reproduction Protocol

The reproduction phase began with a thorough reading of the se-
lected paper, emphasizing the abstract, methodology, and results
sections, as well as any supplemental material or linked reposi-
tory. This close analysis was essential to identify the components
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required for reproduction (datasets, code, parameter settings, eval-
uation metrics, etc.). It can also serve to spot potential ambiguities
or assumptions left implicit in the original documentation.

With this understanding, the students worked to recreate the
original experimental setup as faithfully as possible. This involved
acquiring the same data, reusing or adapting the original code when
available, and reconstructing the computational environment using
Docker. Students were encouraged to go beyond manual repro-
duction by automating analysis pipelines and, where appropriate,
using Jupyter notebooks and tools like nbconvert to formalize the
process. Some groups also integrated CI pipelines to automatically
verify that their setups produced consistent results on all runs.

To support structured documentation and reflection, a detailed
README . md template was provided and required for submission.
This template guided students through the steps of reporting soft-
ware dependencies, setting up instructions, automating scripts, and
executing analyzes. It also prompted them to explicitly describe any
deviations from the original study, report encountered challenges,
and reflect on whether the original results could be reproduced.
Rather than treating reproduction as a purely technical task, the
combination of critical reading, hands-on execution, and structured
documentation helped students internalize the conceptual under-
pinnings of reproducibility in existing research.

4.3 Replication Protocol

Where reproduction sought to re-establish the original results un-
der identical conditions, the replication phase aimed to assess the
robustness and generalizability of those results by introducing well-
motivated variations. This involved modeling potential sources
of variability in the original setup, ranging from input data, hard-
ware configurations, software versions, model hyperparameters,
and evaluation strategies.

Each group selected one or more variability factors to explore
and justify their choices based on the assumptions or potential
sensitivities of the original study. These factors were formally doc-
umented in README . md, using a structured table to describe their
possible values and relevance. The modeling of constraints across
factors (e.g., hardware-specific limitations or library versions) was
also requested.

The students implemented their controlled variations and per-
formed replication experiments, comparing the results to those
obtained during the reproduction phase. Where possible, they used
scripts or custom command-line interfaces (CLIs) to systematically
explore different combinations of variability factors. The results
were analyzed both quantitatively and interpretively, with a focus
on whether the original findings remained consistent or showed
signs of fragility under new conditions.

The README template again played a key role here, helping
students organize and communicate their replication strategy, the
experimental protocol, and the conclusions. It prompted them to
provide execution instructions, analyze the results, and clearly state
whether their replications supported or contradicted the original
study’s conclusions. This structure fostered both rigor and compara-
bility across projects and allowed the instructor to evaluate not just
technical correctness, but also scientific reasoning and reflection.
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4.4 Insights and Student Contributions

The 10 groups worked on the following selections: 5 groups ana-
lyzed the football study, 3 groups examined the chess study, and 2
groups explored the energy efficiency paper.

The football study yielded the most immediate actionable in-
sights, as detailed in the next section. The other two studies also
produced relevant and high-quality work, though their nature led
to more open-ended or exploratory findings.

4.4.1 Chess. For the chess study, students’ work demonstrated a
strong understanding of the methodological requirements of repro-
ducible research, particularly in managing dependencies, setting up
Dockerized environments, and automating analysis workflows. All
groups successfully reproduced key metrics from the original study,
such as Elo ratings and the frequency of illegal moves for differ-
ent GPT models. Despite the reproducibility of the original results,
students encountered recurring challenges that highlight broader
issues in reproducible machine learning experiments. Among these
were compatibility issues stemming from outdated or deprecated
library methods (notably in pandas), the lack of a fully specified
environment in the original study, and inconsistencies in random
output due to the stochastic nature of LLMs. These challenges re-
quired thoughtful decision-making, such as pinning library versions
or rewriting parts of the source code, and offered students valuable
hands-on experience in debugging reproducibility problems in a
real-world research context.

The replication phase provided an opportunity to explore a wide
range of variability factors, including temperature, model family,
prompt structure, and even chess variants such as Chess960. All
groups reported that GPT-3.5-turbo-instruct was uniquely capa-
ble of playing legal and reasonably strong chess, outperforming
both chat-based models and alternative architectures like LLaMA.
However, attempts to generalize the study to Chess960 revealed
clear limitations: models often ignored variant-specific headers and
produced illegal or non-sensical moves, suggesting a strong bias
toward standard chess in training data and prompting strategies.
These replications confirmed the robustness of the original findings,
while introducing valuable extensions and critical perspectives. Stu-
dents also contributed new tools, such as parameterizable CLI-based
infrastructures and refined Elo computation techniques, and pro-
vided empirical insights into LLM behavior under more diverse
conditions. The work highlights both the promise and the present
limitations of applying LLMs to chess, a game whose immense
combinatorial complexity makes mere memorization insufficient.

A limitation acknowledged by all groups is the inherent com-
plexity of the variability space. Each factor (such as temperature,
prompt formulation, or opponent strength) can significantly im-
pact results and requires careful, isolated manipulation to yield
interpretable conclusions. The combinatorial explosion of possible
configurations makes it difficult to cover the full space in a sys-
tematic way. Moreover, experimenting with LLMs often requires
substantial computational resources or paid access to proprietary
APIs, adding another layer of complexity and cost. Instrument-
ing controlled experiments can therefore be both technically and
financially demanding, limiting the extent to which students or
researchers can explore large portions of the variability space in
practice. In this context, careful scoping of the replication effort is
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essential, and the student groups demonstrated good judgment in
selecting focused, tractable subsets of variability factors.

4.4.2  Energy. Two groups of students participated in the study on
energy efficiency [21]. Although the topic is highly technical, it of-
fered a concrete and reproducible benchmark with which students
could engage, especially in terms of system-level experimentation,
performance trade-offs, and the reproducibility of empirical soft-
ware engineering results.

Both groups successfully reproduced the main results of the
study, including the relative efficiency of the compiled versus in-
terpreted languages and the broad trends observed in the language
rankings. The students used Docker to ensure a controlled bench-
marking environment and relied on RAPL-based energy measure-
ment tools, as suggested by the original methodology. However,
a common point of confusion stemmed from the multiple repos-
itories and variants of the benchmarking code available online.
Although the study’s core contributions remain clear, the presence
of forks and alternative implementations required students to care-
fully align their setup with the precise version of the benchmark
suite used in the published results. This step, though nontrivial, of-
fered an instructive experience in navigating research artifacts and
understanding the importance of versioned and curated releases.

During the replication phase, students identified well-motivated
variations, such as changing compiler flags, comparing runs on dif-
ferent CPU architectures, and substituting alternative implementa-
tions of the same benchmark task (e.g., different versions of a matrix
multiplication algorithm). These replications generally confirmed
the robustness of the original language ranking trends, but also
demonstrated that fine-grained performance metrics (particularly
energy consumption) could vary based on hardware configuration
or implementation subtleties. Such results do not contradict the
original study, but rather reinforce the need to interpret perfor-
mance claims within specific environmental contexts.

The student reports also included useful contributions, such as
automated CLI tools to run multiple benchmarks in batch mode,
and well-structured documentation based on the provided template.
In general, their work confirmed the reproducibility of the original
study and provided practical extensions that highlight the nuanced
nature of empirical performance evaluation. An important area
identified for future work concerns the choice and coverage of the
benchmark tasks themselves. Although selected programs provide
a standardized and comparable testbed, the students noted that
these tasks may not reflect the diversity of real-world workloads
or typical language use cases. Expanding the benchmark suite to
include more application-oriented or domain-specific tasks, such as
data processing, machine learning, or web services, could further
enrich the interpretability and generalizability of language effi-
ciency comparisons. This insight underscores the evolving nature
of benchmarking research and the value of student-led replica-
tions in questioning and extending the experimental foundations
of published studies.

4.5 When students found reproducibility issues
in your own work

4.5.1 Case study: Home Advantage in Football. Five groups exam-
ined a data-driven blog post written in 2021 about whether there
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was a measurable home-field advantage in professional football, and
whether this advantage changed during the pandemic period. The
analysis was motivated by the hypothesis that, due to the absence of
spectators during lockdowns, the traditional home advantage would
be significantly reduced. The original study collected match data
from various European leagues, such as Ligue 1, La Liga, and the
Premier League, and used multiple metrics to assess performance.
These included both actual match results (points earned) and more
refined metrics such as expected goals and expected points, which
provide a probabilistic evaluation of team performance based on
scoring opportunities. The data suggested that in 2020, the home-
field advantage indeed diminished in certain leagues: for example,
the Premier League saw 27 more points won away than at home,
and in Ligue 1, there was a visible drop compared to pre-COVID
seasons. In contrast, the effect was less pronounced in La Liga,
raising interesting comparative questions. To evaluate significance,
non-parametric statistical tests such as the Wilcoxon signed-rank
test and the Mann-Whitney U test were applied, both on raw results
and on expected points. Although this work was never formally
published, it served as a rich foundation for a pedagogical exercise
on reproducibility.

Importantly, note that the code to reproduce the results was
not available, including the code to gather data and to analyze
data (e.g. visualization, statistical tests). Public release of the code
and data was delayed due to a gray zone about data and xPoints.
Despite student requests, the nonsharing of the source code was
eventually decided on-purpose and for pedagogical reasons. In fact,
the instructor found that the original explanations were sufficient.
Thus, it was an opportunity to technically challenge the students
in the groups to re-implement the original pipeline. In a sense, it is
a different form of reproducibility than chess and energy studies
where code and data were available.

4.5.2  Reproducing results and discrepancies. The students were
asked to reproduce the findings of the blog post. This led to a fasci-
nating hands-on experience. Although most of the results aligned
with the original observations, the students found that the p-values
in the statistical tests were systematically twice as high as those
reported in 2021. This discrepancy raised questions. Figure 6 specifi-
cally depicts the results of the original study for the Premier League,
as well as the results of a reproduction by one of the groups. We
can observe that some results are no longer statistically significant.

The first interactions with some groups lead to interesting dis-
cussions: Is it a bug on their side when applying the statistical tests?
Or a wrong choice? Is it due to the extracted data? Or is it a bug in
the original study? Upon investigation, the issue was traced to a
change in the default behavior of the SciPy library between versions
1.6.0 (used in 2021) and 2024. The default hypothesis for statistical
tests had changed from two-sided to one-sided, introducing silent
variation in output without generating any errors or warnings. This
underscored the fragility of computational pipelines when faced
with versioning issues in scientific software.

The students also went beyond simple reproduction by engaging
in replication, using alternative datasets and extending the tempo-
ral scope of the analysis. They applied the same methodology to
matches from the Champions League, the Turkish Stiper Lig, and
post-COVID seasons (2022-2024)—allowing for new insights and
validating the robustness of the observed trends.
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EPL xPoints change significance with mann

2014 2015 2016 2017 2018 2019 2020

2014

2015 0.061728

2016 0.207185 0.260411

2017 0.408533 0.119547 0.291484

2018 0.104307 0.418444 0.392634 0.208557

2019 0.032631 0.373903 0.193936 0.077736 0.259500

2020 0.000772 0.047791 0.015721 0.003938 0.032873 0.102317

(a) Original

English Premier League xPoints Change Significance with Mann-Whitney U Test

2014 2015 2016 2017 2018 2019 2020

2014 nan nan nan nan nan nan  nan
2015 0.123055 nan nan nan nan nan  nan
2016 0.414370 0519108 nan nan nan nan  nan
2017 0.817066 0.238897 0.582968 nan nan nan  nan
2018 0.208613 0.835856 0.785267 0.417115 nan nan  nan

2019 0.065263 0.748807 0.387872 0.155471 0519001 nan  nan

2020 0001544 0095714 0.031442 0007875 0.065746 0204634 nan
(b) Reproduction

Figure 6: Comparison of results: original vs reproduction

This exercise exemplified both the challenges and the pedagogi-
cal value of reproducibility. It highlighted the importance of trans-
parent workflows, version control, and rigorous documentation
- not only to validate past results, but also to enable meaningful
generalization through replication.

5 Discussion

Values and limits of "Hello world" The x+(y+z) task illustrated how
simple problems can yield rich insights. Student work revealed
both technical challenges (tooling, versions, etc.) and epistemo-
logical ones (what counts as reproducible?). We believe that the
material (slides, lab session instructions) can be reused in other
teaching contexts, especially to practice software and tools. We
have experimented with similar material in a summer school for
doctoral students and have received positive feedback. Another
related exercise, perhaps more engaging, is as follows:

My banker proposed this investment to me:
You give me e ~ 2.71828...

The following year, I take 1 euro as a fee and multiply by 1.

The next year, I take 1 euro as a fee and multiply by 2.
The next year, I take 1 euro as a fee and multiply by 3.

After n years, I take 1 euro as a fee and multiply by n.
To retrieve my money, there is a 1 euro fee.

In 50 years, for my retirement, how much money will I have?
Write a program that answers this question

This exercise was used as a bonus, but the same methodology ap-
plies. The answer depends on a multiplicity of factors. Interestingly,
there is a known truth through either precise computation (and
control of variability factor) or analytics.
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However, both exercices surfaced the real-world difficulties of
reproduction: incomplete or brittle research artifacts, situations
where documentation is insufficient, code does not behave as ex-
pected across environments, replication requires an unreasonable
amount of effort, etc. Hence, the second part of our teaching course
with real-world papers is complementary (not to say mandatory)
to get the big picture of reproducibility and replicability.

Teaching variability. Looking ahead, we see an opportunity to go
deeper into variability by integrating feature modeling and design-
ing a comprehensive course module around it. This would allow
for a more principled exploration of configuration spaces and inter-
actions between variability factors. There are existing initiatives in
software engineering communities to teach software product line
engineering, configurable systems, and variability engineering [5].
A challenge is to adapt such content for reproducibility.

Dissemination. One open question is how to disseminate and val-
orize high-quality student work. Some replication projects produced
insightful contributions that could be developed into co-authored
publications with students. A notable point of feedback was that
students now want more experience with paper reproduction inte-
grated throughout the curriculum. This highlights the pedagogical
value of engaging directly with real research.

Limits of technologies. Software technologies supporting repro-
ducibility evolve. The choice of Docker was guided by its usage
in other teaching modules, but can be overridden in the future. In
fact, the course was an excuse to show the limits of existing tools.
For instance, Figure 5, page 5 shows Dockerfiles that (1) do not
capture versions of library; (2) rely on an ad hoc source repository
to download a tool.

Instructor. We observed an ongoing tension between providing
detailed instructions and allowing open-ended investigation. Pi-
lot studies suggest that reproducibility projects can be a practical
and effective teaching method [12]. Guidelines for undergraduate
replication projects help scaffold research skills and foster scientific
rigor [20]. Striking the right balance between "here is exactly how
to do it" and "you are free, it is life" remains a key design challenge
for future iterations of the course. Another limitation of our work
is that there was a unique instructor, which eases seamless and
consistent communication.

6 Conclusion

We reported on a self-contained reproducibility course that blends
scientific thinking, software tooling, and variability analysis. We
proposed a "hello world" based on floating point communication
that is both simple and engaging and allows students to explore
and implement variability at different levels of abstraction. Once
students have mastered the basics, they can explore more advanced
topics and realistic scenarios. We then challenged the students
to reproduce a real-world research paper (out of three proposals)
using the tools and techniques they learned and replicate it through
variability analysis. Interestingly, the students were able to pinpoint
potential reproducibility issues (i.e., a library version that used a
different default parameter) and to propose replication (variations)
of the original paper to further explore new hypotheses and test
generality. We believe that part of our material can be reused (e.g.,
the "hello world" example). We also want to emphasize the role of
variability management in the context of reproducibility. We have
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taught some techniques (e.g., modeling of variability, template-
based programming), but a formal, dedicated course component
would allow for a more principled exploration of configuration
spaces and interactions between variability factors. Our course was
a way to practice software engineering and reproducibility, and also
an excuse to experiment with scientific papers and the scientific
methods, something not that easy to integrate into a curriculum
for students not involved in research. The material of the course is
available on Software Heritage [1].

As future work, we plan to repeat our course and adjust some
points. First, the "hello world" example can be revisited. The ex-
ample is a good starting point to introduce students to the topic,
including technical aspects, but does not capture the complexity
of reproducibility scenarios and real-world research artifacts. To
go further, we have developed a repository of possible solutions
in different languages and different variability (e.g., compiler flags)
that can be confronted with students’ implementations. Another di-
rection is to use other related examples, like the "banking problems",
which also involve floating-point computation issues.

Second, the idea of reproducing and then replicating papers is
both engaging and useful. However, the selected papers matter a
lot. An ideal scenario is to have papers that are well mastered by
instructors, in such a way the communication between instructors
and students is efficient and the paper can be reproduced with
high confidence. Another advantage is to know beforehand if the
paper is likely to be replicated or not, avoiding too technical or
heavy works for students. Finally, the replication of the article can
be used as a way to further explore new hypotheses and test the
generality of the original article. It is actually the most exciting
direction, as both instructors and students are deeply engaged with
the paper, and the paper can be replicated with high confidence.
From this regard, we might co-author a paper with students on the
new results obtained during the course — not about reproducibility
per se, but about home advantage in football.
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