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Abstract

Undergraduate research experiences are often limited to
small-scale apprenticeship models, leaving many students
without accessible entry points into research practice. This
paper presents the design and evaluation of a semester-long
course for undergraduates to gain research experience in
Machine Learning. The course, led by one faculty instruc-
tor, enables nearly a hundred students to engage in struc-
tured research through a scaffolded replication-and-extension
project, where students first replicate a published research
project and then implement novel additions. The course in-
tegrates instructional modules (e.g., guided paper reading,
proposal writing, public presentation) with project milestones
(e.g., replication, extension, poster) to support research learn-
ing for students with diverse backgrounds. Every component
of research is visited several times, with each iteration hav-
ing progressively increased autonomy coupled with simulta-
neously decreased scaffolding. We find that the scaffolding
modules help students develop foundational conceptual and
procedural understanding of doing research, and the project
milestones on replication and extension help them gain ex-
ecution skills gradually. Students also report developing a
researcher mindset and feeling like they understand the re-
search process better. We discuss the principles used to de-
sign a scalable research-based course: balancing scaffolding
to provide foundational understanding with autonomy for stu-
dents to “feel like real researchers”.

Introduction

Undergraduate research experiences (UREs) foster critical
thinking, technical skills, and the development of a scientific
identity (Linn et al. 2015; Stephens, Brenner, and Gentile
2017; Bangera and Brownell 2014). However, UREs are tra-
ditionally structured around one-on-one faculty mentorship,
making them difficult to scale within large computer science
departments. Course-Based Undergraduate Research Expe-
riences (CUREs) emerged as a scalable alternative, offer-
ing inclusive and structured pathways into research through
the classroom (Linn et al. 2015). While CUREs have gained
traction in disciplines like biology and chemistry, their up-
take in Computer Science (CS) remains limited (Fernan-
dez 2025; Alvarado, Villazon, and Tamer 2019). This is
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especially concerning given the rapid growth of CS pro-
grams— our own department enrolls over 3,000 undergrad-
uates — and the corresponding strain on instructional re-
sources. Moreover, CS is a field well-suited to research-
based learning, where hands-on experimentation and itera-
tive design mirror authentic practice.

To address this gap, we have designed Machine Learn-
ing Research Experience (MLRE), a semester-long course
at a large public R1 university that guides students through
the full research process—from literature review and idea
inception to implementation and evaluation. The course en-
rolls over 90 undergraduates across four CS-related pro-
grams, all supported by a single faculty instructor. MLRE
uses a scaffolded replication-and-extension model: students
begin by reproducing results from a published ML paper,
then propose and implement novel extensions grounded in
literature analysis. The course structure is modular and it-
erative, with students engaging in cycles of paper reading,
technical writing, replication, and presentation, each revis-
ited with decreasing scaffolding and increasing autonomy.
Students work in teams and move through a coordinated set
of instructional modules: guided paper reading, structured
proposal writing, project replication and extension, peer-
reviewed presentation rounds, and a final mock conference
including paper submission, review, rebuttal, and poster pre-
sentation. Scalability is achieved through built-in support
rather than additional mentors. These support structures in-
clude assignment templates and structured peer feedback.
Check-in points with the instructional faculty member are
strategically aligned with key milestones.

In order to understand how effectively the course sup-
ported research learning, we conducted post-course focus
groups with 26 students who opted into attending the focus
groups. Students described how lectures and research tasks,
structured paper reading, and summaries built their founda-
tional understanding of research framing. The replication-
extension model provided a gentler entry, helping students
to transition from understanding prior work to contributing
novel ideas. Students also identified areas where scaffolds
were misaligned or insufficient. Some students noted their
discomfort during the less scaffolded parts of the course, for
instance, indicating a preference for a stronger connection
between early readings and their ultimate choice of project,
and struggling with the open-ended nature of the extension



phase. These reflections suggest opportunities for future re-
finement, such as supplementary targeted reading and more
check-ins during the extension phase. Despite these ten-
sions, students widely valued the autonomy-with-structure
model. Even with limited instructional staff, the layered
scaffolding enabled students to engage meaningfully and de-
velop confidence as novice researchers. These findings af-
firm the MLRE course design as a scalable approach to eq-
uitable undergraduate research in CS and offer design impli-
cations for future CURE models that better align structure,
autonomy, and support for diverse learners.

Related Work and Context

Course-Based Undergraduate Research
Experiences (CURESs) and Their Application in
Computer Science

Course-Based Undergraduate Research  Experiences
(CURES) offer a scalable and inclusive alternative to tradi-
tional mentored research opportunities (UREs), which —
while impactful for student learning and identity develop-
ment— remain resource-intensive and limited in availability
(Bangera and Brownell 2014; Granger et al. 2006). By
embedding inquiry-driven, collaborative research into the
curriculum, CURE:S seek to democratize access and broaden
participation in undergraduate research (Bekkering 2025).
In disciplines such as biology and chemistry, CUREs have
become well-established and supported by infrastructure
like CUREnet (Connors et al. 2021). However, in computer
science (CS), CUREs remain rare, often limited to small-
scale projects within existing courses (Bekkering 2025).
While some CS pedagogy includes open-ended components
like design projects or capstones, they often lack the am-
biguity and iteration of authentic research. Recently, a few
courses offer sustained training in core research practices
(Fernandez 2025; Dougherty 2024). Those explorations
found that without sufficient scaffolding, students often
struggle with scoping and navigating the uncertainty of
inquiry (Bekkering 2025), exposing a deeper epistemic
gap between traditional CS coursework and real research
(Bekkering 2025). Meanwhile, sub-fields like machine
learning (ML) offer unique opportunities for integrating
research into undergraduate education: open-source code,
public datasets, and standardized benchmarks make repli-
cation and extension feasible entry points (Werner et al.
2024). Embedding these practices into the curriculum can
provide a scalable and timely response to growing student
interest in Al and research more broadly.

Scaffolding as a Pedagogical Bridge from
Instruction to Autonomy

Scaffolding provides structured support early in complex
tasks, using tools like templates and checklists to help stu-
dents navigate unfamiliar challenges (Belland and Belland
2017). In CS research-oriented courses, scaffolding often
takes the form of staged project components with time-
lines, rubrics, and feedback. For example, one CS research
course initially saw low student progress due to minimal

40573

structure, but later improved outcomes by introducing mile-
stone deadlines and planning templates (Dougherty 2024).
As students gain competence, fading scaffolds gradually re-
duce support, intentionally shifting cognitive responsibility
to the learner (McNeill et al. 2006). When teaching research
skills, carefully sequenced and faded scaffolds can help en-
sure that students acquire key research skills in a structured
way, while still fostering the autonomy needed for authen-
tic, open-ended research (Vygotsky and Cole 1978; Russell,
Hancock, and McCullough 2007). We deliberately applied
this strategy in our course to balance structured support with
increasing student ownership.

Institutional Context and Motivation

Our course was implemented in a large public R1 univer-
sity, where the Division of Computer Science enrolls over
3,000 undergraduate students across multiple degree tracks
in both the Engineering and Literature, Science and Arts
colleges. With the low faculty-to-student ratio, traditional
pathways, like faculty-mentored projects, or university-wide
programs UROP, are highly competitive and limited in ca-
pacity (Goodlad 1998).

To address this gap, we first piloted a small summer re-
search program where a single faculty member mentored 20
undergraduates on machine learning research projects. De-
spite limited instructional resources, the pilot showed that
with appropriate structure, undergraduates could engage in
research at scale (Kutty and Guzdial 2020). Building on
this model, we created a semester-long course — Machine
Learning Research Experience (MLRE)—taught by a single
faculty instructor and enrolling more than 90 students. The
course integrates instructional modules with project mile-
stones. The design and implementation of MLRE demon-
strates that structured, authentic research experiences can be
equitably and scalably delivered to undergraduates, even in
resource-constrained settings.

Course Structure and Implementation

To support students through the entire life-cycle of machine
learning research projects at scale, the course introduces
and integrates two parallel components: 1) Carefully de-
signed general-purpose modules on foundational research
skills, e.g., guided paper reading, technical writing, and pub-
lic presentation. Each of these modules is visited several
times throughout the semester. 2) A scaffolded replication-
and-extension project where students gain hands-on experi-
ence replicating a published ML paper of their choice, and
then propose and evaluate an extension to the original work.
Students are expected to gain authentic research experience
in the sub-area of their choosing. The open-ended projects
and the foundational modules are tightly coupled in pacing
and focus. A detailed course module timeline and assign-
ment samples can be shared as needed.

Course Structure and Module Overview

Foundational Modules on General Research Skills (Lec-
tures and Guided Activities) The lecture sequence is de-
signed to equip students with the necessary research mind-
set and skills in sync with project milestones. Early lectures
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Figure 1: Layered Scaffolds for Different Research Skills. Each row represents a major research skill (e.g., paper reading,
research methodology, oral presentation), and the colored bars reflect the extent and duration of instructor-provided scaffolds
for that skill. Darker shades on each bar indicate intensive scaffolding with structured guidance (e.g., templates, instructor
modeling), while lighter shades represent faded support as student autonomy increases. Student deliverables (marked in red
diamonds) align with these shifts, requiring the timely application of evolving competencies. The course thus supports a gradual

transition from supported practice to independent execution.

focus on research framing—how to identify research ques- anchored in a prior paper of their choice.

tions, reason about contributions, understand methodologi- L o

cal choices, and evaluate results. This is achieved through * A replication phase, supported by an initial warm-up
a broad literature survey that includes a mix of classical task and biweekly instructor check-ins.

and recent papers. The paper reading component is scaf-
folded via a paper reading template (provided as supple-

. . R variations or additions to the replicated work.
mentary material) that students fill in — first individually P

and then as a group. Mid-semester sessions shift to mod- + A communication phase, involving a research-style pa-
eling proposal writing, reading papers within the area of per (submitted on the Easy Chair conference manage-
students’ choosing, and surfacing design tradeoffs. In this ment system), a lightning talk, and a public poster pre-
phase, students are required to meet in groups and record sentation (assignments provided as supplementary mate-
their meeting minutes in a template provided (see supple- rials).

mental material). Later sessions address how to interpret

replication results, propose extensions, and communicate Each phase is scaffolded by lecture content, assignment tem-
work effectively. Throughout, students are exposed to di- plates, and feedback from instructors and peers.

verse ML domains through curated papers, group presenta-

tions, and guest talks. Rather than being standalone lectures, Exposure and Reflection Opportunities To broaden stu-
these sessions combine live demos, guided analysis, and in- dents’ understanding of research practice and pathways, the
class synthesis. course includes multiple guest lectures from ML researchers

A Semester-Long Replication-and-Extension Project
Students work in groups to complete a semester-long project
that mirrors a typical ML research pipeline. This includes:

* A proposal stage, where students scope a feasible project submit these reflections as an assignment.
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* An extension phase, where students design and test novel

and a PhD student panel. These sessions give students in-
sight into real-world challenges, workflows, and career con-
siderations, reinforcing the authenticity of their own work.
Students are required to reflect on each of these sessions and



Manifested Instructional Design Principles and
Learning Sciences Theories in MLRE

These three strands—foundational skills instruction, scaf-
folded project execution, and authentic exposure—are not
delivered in isolation. Instead, they are interleaved across
the semester to provide timely support and reinforce core
competencies through repeated, varied practice.

Their educational value comes from a coherent scaffold-
ing design that integrates the strands: each module is un-
derpinned by instructor-led, material-based, and peer-based
scaffolds that align with course milestones and fade from
hands-on to hands-off as students gain competence. Fig-
ure 1 depicts the course timeline and the planned fading
of support, while Table 1 details how scaffolds are orga-
nized—categorizing them (instructor/material/peer), speci-
fying their targeted functions and moments of use, and sum-
marizing evidence of effect as well as student-identified fric-
tions and adjustments.

We explained some instructional choices that draw from
theory-driven principles below.

Blending Direct Instruction with Project-Based Learn-
ing. Prior research has shown that direct instruction helps
students acquire knowledge and skills on defined objec-
tives(Klahr and Nigam 2004), whereas project-based learn-
ing helps increase student motivation, engagement, and de-
velop identity (Carrabba and Farmer 2018). The course de-
sign aims to amplify the benefits of both worlds.

Deliberate and Repeated Practice. Moreover, in the
foundational research skill modules, we also introduce re-
peated practice opportunities(Anders Ericsson 2008). Core
research skills are revisited across multiple formats and con-
texts throughout the course. For example, writing and com-
munication are reinforced through early summaries, peer
presentations, and a final full-length paper. These repeated,
feedback-rich opportunities embody the principles of de-
liberate practice (Anders Ericsson 2008)—offering struc-
tured repetition with increasing complexity, which can build
knowledge fluency and transfer.

Fading Scaffolds to Support Progressive Autonomy A
central instructional principle in MLRE is the strategic fad-
ing of scaffolds to support students’ transition from guided
practice to independent research (Martin et al. 2019; Am-
brose et al. 2010; Vygotsky and Cole 1978). The course is
designed so that students initially receive structured support
(e.g., templates, and prompts), which is gradually removed
as they gain competence (McNeill et al. 2006).

For example, there are three rounds of guided paper read-
ing in the course, with faded support. Students begin with
a shared paper selected by the instructor, accompanied by
a structured template that guides them through identifying
research motivation, methodology, and key contributions.
The template facilitates active learning rather than passive
reading (Chi and Wylie 2014; Lu et al. 2023), which can
be applied to paper reading beyond this course. In the sec-
ond round, students select papers from a curated list, write
individual summaries, and collaborate on a group presen-
tation—scaffolding their ability to synthesize and commu-
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nicate literature. In the final round, scaffolding is further
reduced: students choose relevant papers for their project
area and are expected to identify critical points of discus-
sion independently. A similar progression occurs in project
execution. Students first complete a scaffolded replication
of a shared ML paper to learn the basic replication skills,
then design and implement a replication-extension project
among the group with less scaffolds. For a detailed view of
how scaffolds evolve across different research skills, see in
supplementary material.

Reproducibility as an Epistemic Entry Point in ML
The course structure is also informed by disciplinary norms
in machine learning, where reproducibility is central to cred-
ible research (Pineau 2020; Hutson 2018). Recent work in
CS and ML education has similarly adopted reproducibil-
ity as a structured learning method—using replication-and-
extension assignments to help students practice rigorous,
transparent inquiry and understand research as a collective
process (Fund 2023; Lucic et al. 2022; Yildiz et al. 2021).
Building on this pedagogical framing, our course adopts re-
producibility as the entry point for research learning. Stu-
dents begin the project sequence by replicating a published
ML paper using publicly available code and data. This de-
sign lowers the barrier to entry and immerses students in au-
thentic artifacts. Replication also serves as a cognitive bridge
to indipendent work on extension: by grounding their under-
standing in existing work, students are better equipped to
scope feasible, well-justified extensions.

Design for Scale

The course design also emphasizes scalable instructional
strategies that enable 90+ students to engage in research
without relying on intensive one-on-one mentorship.

Embedded scaffolds reduce one-on-one load: Much
of the support is built into the course structure it-
self—through templates, rubrics, peer review, and staged
deliverables, minimizing the need for continuous individ-
ual attention.

Strategic use of feedback cycles: Instructor check-ins
are limited but high-leverage, occurring at key decision
points (proposal, replication, extension). Peer feedback
supplements instructor time, especially during the read-
ing and presentation phases.

Clear role division across staff: The faculty instruc-
tor focuses on concept framing and milestone pacing.
The faculty instructor also meets with students in small
groups at the start of the semester, before each group
presentation and provides intermittent check-ins during
the proposal and replication phase of the project. The TA
manages grading and replication support. The IA handles
logistics, communication, and student coordination.

Low-cost structures for monitoring progress: Re-
quired group notes and milestone submissions make
progress visible without requiring intensive oversight.
This allows timely intervention only when necessary.

Flexibility for heterogeneous teams: The project struc-
ture allows different groups to specialize based on



strengths - some push on experimental novelty, others on
replication depth or communication clarity. The grading
rubric is designed to reward thoughtful execution across
these dimensions.

Study on Student Experience in MLRE

The Machine Learning Research Experience (MLRE)
course ran in Fall 2024 with over 90 students, primarily se-
nior Computer Science majors, alongside Data Science ma-
jors and CS minors from other departments.

To understand students’ experiences, we conducted a
post-course qualitative study during Winter 2025 (after the
conclusion of the course), holding 6 IRB-approved focus
groups with 26 students from the course, each group with
4-6 students. Using a shared discussion protocol, we investi-
gated students’ perceptions of research learning, the scaf-
folding of research, their autonomy, and the course’s ca-
reer influence. Thematic analysis of transcripts revealed how
course components supported research skill development,
surfaced key challenges, enabled scalable mentorship, and
shaped students’ research identities and future goals.

Findings
How Does the Design of Course Modules Scaffold
Students’ Learning of the Research Process?

We found that the course design effectively scaffolded stu-
dents’ understanding of core research practices through
structured modules and iterative support.

Building Conceptual and Procedural Foundations of Re-
search through Lectures and Guided Reading In the
early weeks of the course, students often found themselves
grappling with a basic but fundamental question: “What is
machine learning research?” Through lectures, guided pa-
per readings, and structured summaries, they began to build
a shared conceptual map of the field. “Early on... a good
part of the class is getting like a breadth. .. formalizing like
a map of the domains.” (P06)

Students began by reading and summarizing research pa-
pers using a structured format, which helped them under-
stand research organization and key focus areas. “ It’s pretty
easy to read a paper I haven’t seen before. .. and also deter-
mine if it’s like a good or bad paper.” (P03)

Students contrasted MLRE with prior implementation-
focused courses, noting a shift toward understanding the in-
tent behind experimental design, not just outputs: “I started
to think about why someone would design an experiment this
way, or whether it actually proves the point.” (P10)

By the proposal stage, students had built confidence and
were able to leverage paper structures and contribution types
taught in the course to frame their ideas. “We had to fig-
ure out what counts as a good idea. .. it made us commit to
something concrete.” (PO1)

Supporting Research Execution through Project Mile-
stones, Team Collaboration, and Feedback Cycles Stu-
dents often began with vague or overly ambitious ideas. The
structured proposal milestone prompted them to define ob-
jectives, methods, and roles, pushing for clarity: “If really
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made us get like a concrete idea of how the project was go-
ing to go, what everyone’s part in that was.” (P06) Weekly
check-ins and feedback cycles helped refine feasibility: “She
gave really detailed feedback. .. helped us identify areas we
had to flesh out or reel back.” (P09)

Students consistently described the replication phase as
a critical turning point in understanding how research works.
“Having the replication part is like the groundwork for un-
derstanding what’s actually going on after reading the pa-
pers.” (P12) Replication offered a structured entry point as
students were given a concrete system to unpack, under-
stand, and rebuild. “If we had to just come up with a com-
pletely new idea, it’s like out of the air,. But since we already
had a paper and a setup, we know what to do” (P5)

The extension phase emerged naturally from this pro-
cess, with students proposing local changes and reasoning
about their impact: “We were already deep in the code, so
thinking of what to change wasn’t like coming up with an
idea from scratch—it was more like seeing something and
thinking, could we try this differently?” (P13) The progres-
sive autonomy allowed students to navigate real research
tradeoffs. “We just changed one part of the evaluation, but
we had to defend why.” (PO1)

Students were also developing collaborative coordination
skills critical to executing shared work. They emphasized
the importance of staying connected with the team to the
full research logic, “You have to work on different portions.
You can’t just be assigned one part.” (P03)

Building Researcher Mindset through Presentation and
Research Encounters Beyond project work, presentation
activities, like paper talks, pitches, poster sessions, and mock
conferences, helped students clarify ideas, justify design
choices, and see themselves as researchers. For many, ex-
plaining their work aloud deepened their own understanding.
These public moments shifted their mindset from “student”
to “researcher.” “The poster session made it feel real. I had
to explain our design choices to actual people.” (POT)

Alongside these in-class events, guest lectures and PhD
panels exposed students to an authentic research culture and
diverse career trajectories. Some drew project ideas from
guest talks; others found inspiration in hearing early-stage
researchers describe their struggles and decisions. “Guest
lectures. .. such a good insight into what cutting edge re-
search looks like.” (P02) These exposure events helped stu-
dents see that research was not an abstract goal or a myste-
rious domain, but a concrete activity done by real people at
different stages, “Before this class, I thought research was
Just for grad students or TAs. I didn’t know it was something
I could understand or even do.” (P10)

Together, these communication and exposure activities
helped students develop not only research skills but a sense
of identity, audience, and belonging in the research commu-
nity.

What Challenges Did Students Encounter, and

Where Did the Scaffolding Fall Short?

While students overall reported strong gains, they identified
a key challenge: balancing structure and autonomy to sup-



Scaffold |

Targeted Function | Use Moment

| How it operates

Student Challenges & Suggestions

Instructor-led

Guided
in-class activ-
ities

Provide conceptual
and methodological
foundations of ML
research

Early course foun-
dational modules

Instructor-guided paper read-
ing, method walk-throughs,
and other in-class activities

Technical content inaccessible for some
with less technical background; Pro-
vide self-assessment modules for back-
ground appropriate project definitions..

Milestone Provide timely feed- | Proposal; mid- | 20-minute project check-ins | Some check-ins too brief; unclear
check-ins back and scope cali- | replication; early | with the instructor to assess | “what counts” as a valid extension;
bration on projects extension progress More structured check-ins; provide
early assessment on proposed exten-
sions.
Material-based
Reading, Guide independent | After assigned | Individual summaries — | Early readings felt disconnected from
writing, meet- | research activities | readings and | group synthesis; meeting | later project; Align readings with
ing templates | with structured | weekly group | minutes; conference-style | project areas and pull project scoping
artifacts meetings template + mock submission earlier.
Reproducibility| Lower barrier by | Replication warm- | Provide stepwise checklist to | Buggy repos caused delayed progress
checklist, structuring replica- | up help students setup replica- | or topic changes; Incentivize using a de-

setup guides tion workflow

tions

tailed reproducibility checklist.

Peer-based
Peer feedback | Develop critical | After reading | Solicit both positive and con- | Variable feedback quality; Assessments
rounds thinking skills and | presentations, in- | structive feedback; mock-up | on peer-feedback.
provide peer support | group reviews, and | conference to build research
final project papers | identities

and presentations

Table 1: Scaffolding Strategies: What Each Support Does, When It is Used, How It Operates, and What are Students’ Feedback.
The final column color-codes students’ proposed issues and adjustments.

port diverse learners.

Insufficient Support for Technical Challenges Students
with less technical course prerequisites struggled with tech-
nical depth, particularly in understanding ML models: “/
wasn’t sure I actually understood what the model did.”
(PO8) While project phases like replication and extension
fostered authentic engagement through increased autonomy,
students noted the need for more targeted support in open-
ended tasks. For example, technical issues in the replication
phase—such as broken or undocumented code—could pose
a problem: “We ended up switching because the original
setup was too hard to work with.” (P04)

Module Integration Challenges While students recog-
nized the value of structured paper summary formats in
building research reading skills, some found them discon-
nected from their later project work: “Now you're going to
do a lit review for the project that you’ve chosen... I feel like
that would be a little bit more valuable.” (P04)

In contrast to the majority sentiment (see below), some
of the students found the instructor check-ins too brief and
suggested structured check-in prompts, that could help with
pacing the meetings. Some students described moments
where they had promising ideas for extension but ran out
of time to implement them. This was not a lack of ideas, but
a breakdown in milestone pacing: a reality of exploratory
research. This points to the need for additional scaffolds for
managing scope, ambition, and the time-bounded nature of
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a semester-long experience.

These reflections point to a broader insight: scaffolded ac-
tivities must be well-designed individually, and integrated
across time and task boundaries, and this integration must be
explicitly communicated to students potentially through ad-
ditional assignments. Table 1 further summarizes the chal-
lenges students faced with different scaffolds, as well as
their suggested improvements.

How Do Course Support Structures Enable
Scalable Research Learning Across Diverse
Backgrounds?

In a large-scale classroom environment where one-on-one
mentorship is infeasible, the MLRE course implemented a
scaffold composed of instructor check-ins, targeted TA sup-
port, and peer feedback mechanisms. While these supports
did not eliminate all challenges, they provided anchoring
points that helped students stay on track and made it pos-
sible for a single instructor to support a large and diverse
student population.

Instructor Feedback In the MLRE course, instructor
feedback was primarily delivered through periodic group
check-ins. Across interviews, students repeatedly empha-
sized that instructor check-ins played a significant motiva-
tional and organizational role: “She hears all your specific
questions that you have, tries to help you like, like frame
it, and we keep going. Those check-ins were like the best



part of the course.” (P06) These check-ins provided effec-
tive and pacing support—acting as lightweight scaffolds that
helped students feel seen and guided in a large, distributed
classroom environment. “We really just planned around the
check-ins.” (P03)

Peer Feedback One of the course’s most scalable support
mechanisms came through student-to-student learning, par-
ticularly within team-based projects and during public pre-
sentation moments. Many students appreciated the opportu-
nity to divide labor, engage in shared ownership, and learn
from peers’ complementary strengths: “We’ve got to work
on different parts, some of our group members are good at
technical implementation, and I can learn from them.

Meanwhile, public presentations—such as the poster ses-
sion, which served not just as communication milestones,
but also as scaffolds for reflection: “Hearing how other
people described their problems gave us ideas for how to
explain ours.” (POI) And presenting to external audiences
gave students a stronger sense of ownership and authentic-
ity: “The poster session made it feel real. I had to explain
our design choices to actual people.” (P07)

How Did Students Experience Growth Through
the Course?

Students also demonstrated growth in research identity, con-
fidence, and transferable skills, extending beyond the class-
room.

From Learners to Researchers: Identity Through Par-
ticipation MLRE supported students’ transition from
passive learners to emerging researchers. Scaffolded
experiences—replicating papers and proposing exten-
sions—allowed students to see themselves as capable con-
tributors: “I started asking not just what the model does, but
why it does this way, and what else could be tried.” (P10)

Poster sessions, check-ins, and writing assignments be-
came occasions for identity affirmation: “The poster session
made it feel real. I had to explain our design choices to ac-
tual people.” (P07)

A Research Onramp for Students from Diverse Back-
grounds The course created access points for students
with limited or unrelated prior research experience: “Before
this class, I thought research was just for grad students or
TAs. I didn’t know it was something I could understand or
even do. .. now I feel more confident...” (P10)

Some used the course to pivot fields or explore long-term
goals: “The course inspired me to do more research... . I took
it to get prepared to be a good PhD applicant.” (P04)

Research Capacities as Broadly Transferable Literacy
Even students not pursuing research careers found last-
ing value in the practices taught—reading papers, explain-
ing ideas, and justifying design decisions. These capaci-
ties aligned with goals in industry, internships, and techni-
cal communication: “Reading papers is useful for industry
too... you can see what others are doingt.” (P06)

The emphasis on technical explanation and public presen-
tation also resonated with students preparing for job inter-
views: “It taught me how to speak about technical things to
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a broader audience... how to explain what we did, why it
matters, and what’s next. I think that’s helpful even in a job
interview.” (P08)

Taken together, these findings affirm the value of struc-
tured undergraduate research courses. Even in large-scale
classrooms, well-designed scaffolds can support students’
identity development, broaden access to research pathways,
and equip learners with durable literacy that extends beyond
academia.

Discussion and Conclusion

MLRE demonstrates that structured, course-based under-
graduate research can be both feasible and impactful
at scale. By supporting over 90 CS students through a
semester-long scaffolded curriculum without individualized
mentorship, MLRE offers a scalable alternative that aligns
with the goals of broadening participation and epistemic en-
gagement commonly emphasized in URE and CURE:s liter-
ature (Auchincloss et al. 2014; Russell, Hancock, and Mc-
Cullough 2007; Linn et al. 2015).

Students reported increased research self-efficacy, appre-
ciation for computational inquiry, and a growing sense of
identity as researchers—echoing findings from prior CUREs
work (Russell, Hancock, and McCullough 2007; Bangera
and Brownell 2014). Notably, MLRE achieved similar de-
velopmental outcomes at scale, suggesting that key mecha-
nisms—scaffolded autonomy, modular design, and iterative
practice—can effectively support CS research education in
large-enrollment settings. Building on these observations,
we propose four replicable design principles and areas for
future refinement:

1. Modular Curriculum and Project Alignment. MLRE
structured both lectures and assignments around dis-
tinct research phases—literature review, replication, and
extension—creating a coherent project workflow. Such
modularity reflects characteristics of effective CUREs:
iteration, discovery-oriented tasks, and relevance to ex-

ternal communities (Auchincloss et al. 2014).

Scaffolded Progression from Replication to Au-
tonomy. By framing tasks to move gradually from
well-defined replication to student-designed extensions,
MLRE operationalized the principle of scaffold fading
(Wood, Bruner, and Ross 1976). This progression low-
ered entry barriers while fostering genuine inquiry.

. Differentiated Support for Diverse Learners. To ac-
commodate heterogeneous backgrounds, the course in-
cluded milestone check-ins, rubrics tuned to task com-
plexity, and both TA and peer feedback. Future iterations
will explore more adaptive supports—peer mentoring
lanes, early diagnostics, and automated checkpoints—to
sustain engagement across readiness levels.

Altogether, these strategies instantiate a transferable
model for embedding research into the undergraduate CS
curriculum.We hope this work contributes to ongoing ef-
forts to make undergraduate research a routine, equitable
part of the CS curriculum—and invites broader experimen-
tation with research-based pedagogies at scale.
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