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Introduction to Volume 17, Issue 2
David Joiner, Editor

Kean University
djoiner@kean.edu

Issue 17-2 of the Journal of Computational Science Education fea-
tures nine articles, including six papers presented at the SEHET26
Workshop on Strategies for Enhancing HPC Education and Training
at PEARC26 in Minneapolis, MN. A common theme of the SEHET26
papers is building lasting capacity for computational science and
HPC, both by reaching underserved communities and by making
existing training materials easier to find.

Cahill et al. describe the CDS-Exchange, a faculty community of
practice helping lesser-resourced institutions launch computational
and data science offerings. Johnston et al. discuss adapting TACC’s
HPC training for African sites receiving repurposed Stampede2
hardware. Leung et al. present the Sustainable Research Pathways
program as a model for expanding access to the NSF National AI
Research Resource (NAIRR). Purwanto et al. describe how evalua-
tion of the first cohort of T3-CIDERS, a train-the-trainer program
in CI skills for cybersecurity, shaped the redesign of its second co-
hort. Wang et al. present a retrieval-augmented generation chatbot
for searching Cornell Virtual Workshop content, and Vyas et al.
describe the design of the ICICLE AI Training Catalog.

This issue also includes three additional articles. Fong et al. evalu-
ate postgraduate computational science internships at the National
Laboratory of the Rockies, finding the largest gains in technical

rather than non-technical skills. Feltus et al. describe how faculty
across many disciplines at Clemson University integrated the Pal-
metto2 supercomputer into their courses. Finally, JOCSE 17-2 fea-
tures a student paper by Kaakarla, a high school student who built
a low-cost autonomous robot using embedded neural networks and
computer vision on an ESP32 microcontroller.

We encourage you to submit your work to the Journal of Com-
putational Science Education. Computational science is an increas-
ingly important interdisciplinary field, offering insights into com-
plex systems, accelerating discovery, and helping to solve diverse
problems. We welcome high-quality papers describing instructional
materials, successful projects, or research on instructional efficacy.
Whether you are faculty or a student, your contributions are valu-
able to advancing computational science education. Additionally, if
you have expertise in computational science, consider volunteer-
ing as a reviewer to support our peer review process. Together,
we can share successes and inspire others to develop and adopt
computational science in education!

Sincerely, Dave Joiner
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The Computational and Data Science Exchange (CDS-Exchange):
A Model for Building Faculty Capacity in Computational and

Data Science Education

ABSTRACT
Small and lesser-resourced institutions often face challenges launch-
ing or expanding undergraduate Computational and Data Science 
(CDS) course offerings. CDS-Exchange addresses this challenge by 
building a faculty community of practice across institutions. Core 
components of the project include: webinar series, regional work-
shops, fellows program, and annual symposium. Diverse activities 
result in broad outcomes, such as multi-institution participation, 
strong repeat engagement, and positive self-reported gains in un-
derstanding and teaching relevance.

KEYWORDS
Computational and Data Science Education, Faculty Community of 
Practice, Collective Impact, Capacity Building

1 INTRODUCTION
The demand for workforce expertise in Computational and Data 
Sciences (CDS) continues to grow rapidly [2, 3, 5, 6]. However, in-
stitutions with limited local capacity often struggle to develop and 
implement related curricula, such as new minors or certificates. 
Because CDS inherently requires the integration of mathematics, 
computer science, and domain-specific science and engineering, 
creating comprehensive academic programs poses significant lo-
gistical challenges. Universities are traditionally organized into 
discipline-oriented departments with siloed budget models, creat-
ing a structural obstacle to rapid interdisciplinary implementation. 
Furthermore, existing curriculum structures exacerbate this issue: 
upper-level courses are typically tailored for discipline majors and 
restricted by numerous prerequisites, while introductory courses 
frequently lack computational modules and remain slow to adapt. 

Permission to make digital or hard copies of all or part of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for profit or commercial advantage and that copies bear this notice and the full citation 
on the first page, along with the DOI information below. To copy otherwise, republish, 
post on servers or redistribute to lists requires prior specific permission from the first 
author.
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Consequently,   newly established CDS  programs  face substantial 
hurdles in recruiting students due to rigid schedule constraints and 
complex prerequisite pathways.

To address these pervasive challenges, the CDS-Exchange was 
established as a National Science Foundation (NSF)-supported ini-
tiative aimed at expanding access to CDS education through shared 
instructional resources and collaborative faculty development. Led 
by the New Jersey Institute of Technology (NJIT) in partnership 
with the Texas Advanced Computing Center (TACC), the 
Univer-sity of Puerto Rico at Mayagüez (UPRM), Clark Atlanta 
Univer-sity (CAU), Morgan State University, and Southern 
University, the project leverages inter-institutional cooperation to 
build capacity where local resources are constrained. This paper 
provides a con-cise overview of the CDS-Exchange model and 
details its major activities during the first two project years. By 
highlighting emerg-ing evidence of the project’s early impact, 
this work emphasizes practical lessons and effective strategies 
that are highly relevant to the broader high-performance 
computing (HPC) and computational education communities.

2 PROJECT MODEL
CDS-Exchange is a faculty-focused project that uses several modes 
of engagement to connect faculty to a broader community of CDS 
educators. By encouraging development and sharing of the CDS 
curriculum to add to existing courses, we intend to have a greater 
impact on students’ exposure to these topics. Rather than relying 
solely on the creation of entirely new, resource-intensive academic 
programs, the model encourages the collaborative development 
and sharing of CDS curriculum modules that can be integrated into 
existing courses, thereby maximizing student exposure to these 
topics. This approach evolved from the initial C2Exchange pilot 
project (2018–2022), where a foundational group of project members 
successfully collaborated to share materials and expertise [1].

A critical insight gained from the pilot program is the diverse 
utility of shared resources and the importance of professional com-
munity support. Exchange materials proved highly adaptable, suc-
cessfully utilized as independent study projects, integrated as spe-
cific modules within existing classes, or adopted entirely as new 
courses in department catalogs. Furthermore, the pilot highlighted
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Figure 1: Structure and goals of the CDS-Exchange Project based on the Collective Impact model

Table 1: List of Regional Workshops

Institution Date Topic
UPRM December 2024 Modeling & Simulation
UPRM May 2025 Statistical Techniques
UPRM December 2025 Chemistry & Biology
SUBR June 2025 Modeling & Simulation

Morgan State May 2026 Modules for Pre-Calculus

that isolated faculty members–who are often the sole computation-
ally focused instructors in their departments–greatly benefit from
the professional development and peer network that the exchange
provides. Ultimately, this cross-institutional sharing model acceler-
ates the implementation of CDS curricula, strengthens university
partnerships, and ensures faculty are well-supported in preparing
a larger cohort of students for a workforce where these specialized
skills are in high demand.

2.1 Goals
Goals of CDS-Exchange:

• Share existing courses and modules with a larger faculty
community

• Create new materials that fill gaps in CDS curriculum and
are relevant to this community

• Facilitate course or module development by the community
• Provide opportunities for professional development and net-
working for faculty in CDS

• Encourage faculty research collaboration
The goals of the CDS-Exchange project were designed in accord

with the National Science Foundation’s (NSF) model of collective
impact, which focuses on building “collaborative infrastructure” to
achieve systemic change [4]. These goals work collectively to en-
hance Computational and Data Sciences (CDS) education through
shared vision, partnerships, leadership, and scalability. Specifically,

the goals of sharing existing courses and creating new materials
to fill curriculum gaps provide a platform for collaborative action,
effectively engaging a larger faculty community in a shared vision
for CDS education. Furthermore, providing continuous opportuni-
ties for professional development and networking naturally fosters
distributed leadership and increases communication among CDS
educators. Ultimately, our focus on facilitating ongoing, community-
driven course and module development establishes the necessary
capacity for the expansion, sustainability, and scale of CDS curricula
across participating institutions.

2.2 Activities
These are the project’s four core mechanisms:

• Webinars: Building Bridges in CDS Curriculum Webinar
series 2024 & 2025 recurring online sessions on topics such
as computational thinking, data visualization, modeling and
simulation, computational chemistry, computational biology
and bioinformatics, and data storytelling.

• Regional workshops: in-person, hands-on events tailored to
local communities such as Puerto Rico and Southern Univer-
sity campuses.

• Community Development Fellows: a cohort model support-
ing faculty curriculum development, with the first cohort
focused on data visualization integration. The second cohort
is focused on scientific computing tools.

• Annual symposium: a national convening that connects we-
binar participants, fellows, and regional workshop attendees
around curriculum development, educational tools, and in-
stitutional implementation.

Table 1 provides an overview of the regional workshops offered
so far. We have completed one full year of the fellows program,
and are in the middle of the second fellows year with a new cohort.
We’ve hosted two symposia held at Clark Atlanta University, the
1st symposium in May 2025 had 25 registered participants, and the
2nd symposium in April 2026 had 53 registered participants.
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2.3 Infrastructure and Community Building
To ensure long-term sustainability and foster continuous collabora-
tion, the CDS-Exchange project relies on a robust project infrastruc-
ture designed to transform individual activities into a cohesive, on-
going community. This infrastructure integrates a centralized web-
site, active mailing lists, and shared repositories that allow faculty
to seamlessly access, utilize, and contribute curriculum materials.
Additionally, archived webinar recordings provide asynchronous
professional development, while regional information networks
facilitate localized support and peer engagement. By maintaining
these interconnected communication and resource platforms, the
project successfully moves away from a model of isolated events,
instead providing a persistent digital and professional ecosystem
that supports CDS educators year-round.

3 EMERGING OUTCOMES
3.1 Reach
ar series included 75 participants from 41 institutions, including
HBCUs, high-Hispanic-enrollment institutions, a Tribal university,
a community college, and a non-U.S. institution. In the second
reporting year, webinar participation remained strong, with 57
attendees across the year, 18 non-R1 institutions represented, 16 R1
institutions represented, and continued engagement from nonprofit
academic organizations and industry.

3.2 Engagement
The evaluation data demonstrates that the CDS-Exchange project
model operates effectively as a community-building strategy by
fostering repeat participation and cross-event movement among fac-
ulty. Between October 2024 and May 2025, a series of five targeted
webinars accumulated a total of 91 participants while maintaining
a steady 44% average evaluation survey response rate. Highlight-
ing this community traction, 62 percent of webinar participants
in the first year attended more than one session, a trend of repeat
engagement that persisted into the second year alongside notable
cross-event progression as several workshop participants subse-
quently attended the annual symposium. These patterns reinforce
a key project insight: truly sustained faculty development requires
multiple, interconnected modes of engagement rather than frag-
mented, one-off events.

This multi-layered engagement strategy has successfully cul-
tivated deep cohort dedication and a robust pipeline for future
participation. Within the program, fellowship cohort members
demonstrated high ongoing involvement, with 91% of respondents
agreeing or strongly agreeing (36% agree, 55% strongly agree) that
they actively engaged in most of the project’s scheduled activities
throughout the year. Simultaneously, the project’s regional train-
ing workshops generated a strong demand pipeline for the formal
Fellows program, capturing the interest of 100% of Winter UPRM
attendees, 82% of Spring UPRM attendees, and 100% of Summer
SUBR attendees. This strong "community of practice pull" is fur-
ther evidenced by a widespread desire to remain embedded in the
project’s broader ecosystem, with 100% of all regional workshop
participants and 88% of webinar respondents expressing explicit
interest in active, long-term participation within the wider CDS-
Exchange network.

3.3 Perceived Value
Webinar respondents (88%) expressed interest in joining a com-
munity of practice, and two-thirds or more across five webinars
reported increased understanding of the content. Regional work-
shop respondents also reported high gains in knowledge and skills
for using CDS-Exchange materials, and all respondents to the 2025
fellows program and annual symposium surveys rated those experi-
ences as valuable and/or useful. The fellows program was reported
to be highly impactful among participating faculty. Every surveyed
fellow reported overall satisfaction with their experience, while all
concurrently affirmed that their personal investment of time and
resources into the program was entirely worthwhile. This excep-
tional level of satisfaction is deeply rooted in the program’s suc-
cess in driving instructional empowerment and capacity building.
Specifically, 100% of participants noted that the provided resources
offered significant, direct support to their teaching (80% strongly
agree, 20% agree). Furthermore, the program effectively fostered
long-term educational growth by ensuring that 100% of the fellows
agreed that the initiative successfully strengthened their individual
instructional capacity while simultaneously elevating their home
institution’s core capability to deliver high-quality Computational
and Data Sciences (CDS) education (70% strongly agree, 30% agree).

4 LESSONS LEARNED
Based on the first two years of survey data, we have identified
several lessons learned.

• Multiple entry points matter. Webinars create a low-barrier
first contact, while workshops, fellows activities, and the
symposium create progressively deeper engagement.

• Regional adaptation matters. UPRM workshops show how
the same project model can be tailored to local disciplinary in-
terests and regional institutional networks, including Puerto
Rico and the Caribbean context.

• Community infrastructure matters. Mailing lists, archived
recordings, websites, and shared curriculum materials help
convert short-term events into an ongoing educator network.

• Cross-disciplinary framing matters. Participation from math-
ematics, biology, chemistry, engineering, statistics, business,
and public administration suggests that CDS/HPC education
grows when framed as broadly applicable rather than limited
to computer science alone.

5 REPRODUCIBILITY AND NEXT STEPS
The CDS-Exchange model demonstrates high reproducibility and
transferability due to the exceptional clarity of its operational pro-
cesses and structural design. Because its core elements are clearly
defined, the framework can be systematically adapted by other
academic communities or disciplines seeking to build collaborative
educational networks. These structured components include recur-
ring webinars for broad outreach, local workshop partnerships for
localized faculty training, cohort-based faculty support to foster
continuous mentorship, an annual national convening for commu-
nity alignment, and shared online resources to ensure open access
to curriculum materials. This clear, modular blueprint demystifies
the complexities of cross-institutional collaboration, making it a
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highly transferable strategy for expanding specialized educational
capacities in resource-constrained environments.

Looking ahead, the project’s next steps will focus on sustaining
and expanding this structured process through continued webi-
nars, additional regional workshops, and the recruitment of a third
fellows cohort. Furthermore, the initiative plans the continued
strengthening of the curriculum repository and project partnerships
to deepen inter-institutional cooperation and secure long-term re-
source sustainability. Ultimately, the CDS-Exchange experience
suggests that a layered model combining online engagement, re-
gional faculty development, cohort-based support, and national
convening can broaden participation in CDS and HPC education
while building a sustainable community of practice.
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ABSTRACT
Successful High-Performance Computing (HPC) adoption in re-
source constrained environments requires more than hardware
deployment; it requires training models that are explicitly designed
for local realities rather than transplanted from well-resourced
contexts. This position paper argues that leadership-class HPC cur-
ricula must be re-engineered into pragmatic, context-aware training
pathways if emerging HPC communities - particularly in Africa -
are to achieve sustainable operational capability. Drawing on the
adaptation of the Texas Advanced Computing Center’s (TACC)1
leadership-class training into an onboarding program for African
HPC sites, we illustrate how global best practices can be reframed
into actionable modules aligned with infrastructural, staffing, and
operational constraints. We contend that such contextualisation
is not optional but foundational for long-term HPC sustainability,
and we outline principles for designing training that empowers
institutions to deploy and operate HPC systems sustainably and
effectively within resource-limited environments.

KEYWORDS
HPC training, Resource-Constrained Environments, Leadership-Class
Expertise, African HPC, Workforce Development

1 INTRODUCTION
High-Performance Computing (HPC) adoption in emerging or
resource-constrained environments (RCEs) cannot rely on hard-
ware redistribution alone. Sustainable operation requires training
models that translate leadership-class best practices into locally
applicable skills. Yet, most global HPC training materials are de-
signed for mature, well-resourced centres and assume the presence
of stable infrastructure, adequate staffing, and access to established
communities of practice. When transplanted directly into RCEs,
these models fail to address the operational realities that shape
1https://tacc.utexas.edu/
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sustainability and effective implementation of advanced research
computing.

The Texas Advanced Computing Center (TACC) has long ex-
tended the life and impact of flagship HPC systems through its
Legacy Computing Program2, which loans retired hardware to
broaden access to advanced computing. TheHPCEcosystems Project
in Africa complements this hardware pipeline by focusing on repur-
posing the hardware, training the workforce, capacity building, and
long-term operational support for emerging HPC sites [5]. Together,
these initiatives highlight a central challenge: access to hardware
does not automatically translate into operational capability.

This paper argues that leadership-class HPC training must be
re-engineered for RCEs through pragmatic, context-aware onboard-
ing frameworks. Preparing African recipients of Stampede23 hard-
ware required a substantial redesign of TACC’s existing curriculum,
originally developed for experienced administrators in mature US-
centric environments. The adapted program addressed operational
challenges such as limited staffing, intermittent connectivity, and
isolated technical communities, while also providing practical guid-
ance for deploying and operating the Xeon Phi Knights Landing
(KNL)4 architecture within modern software stacks [3].

Position Statement
We contend that contextualised training is foundational - not op-
tional - formeaningful HPC adoption in RCEs. By reframing leadership-
class concepts into practical modules aligned with local constraints,
we outline principles for designing training that supports both
immediate onboarding and long-term institutional growth.

Defining Leadership-Class Training
Leadership-class, in the context of this position paper, refers to
training, operational practices, and architectural expertise devel-
oped by an experienced large-scale, production-grade HPC centre in
a mature computing environment. This denotes a depth of expertise
and operational maturity. Leadership-class training, therefore, en-
compasses advanced system design principles, policy frameworks,
and operational strategies used by established HPC centres with
long-standing experience, stable infrastructure, and well-developed
user communities.
2TACC - https://tacc.utexas.edu/partnerships/legacy-computing-program/
3Stampede2 (Top500.org) – https://www.top500.org/system/179045/
4Intel Product Finder - https://www.intel.com/content/www/us/en/ark.html
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2 AN OVERVIEW OF TRAINING RESOURCES
GAPS

Although extensive documentation and training materials exist
globally for HPC system deployment5, they overwhelmingly reflect
the assumptions of established centres in the Global North. These
resources presume reliable power supply, deep layers of staffing,
mature user communities, and ready access to peer support - condi-
tions that rarely exist in resource-constrained environments. As a
result, the materials do not address the realities faced by emerging
HPC sites, where both technical staff and users may be encounter-
ing HPC for the first time.

The OpenHPC Virtual Lab is an example of hands-on training
that accounts for resource constraints [4]. It provides scalable, ac-
cessible system administrator training without requiring advanced
infrastructure. However, its focus remains primarily technical and
does not address higher-level concerns such as governance, policy
design, or sustainability planning. Most global training materials
share this limitation: they emphasise operations but overlook the
broader institutional ecosystem required for long-term success.

TACC’s leadership-class curriculum illustrates this gap. It was
developed for administrators already embedded in established HPC
environments, whereas implementers of legacy hardware in RCEs
often operate in isolation, with limited staffing, limited expertise,
and no established user community. Effective training for these sites
must therefore extend beyond technical instruction to include lead-
ership principles, policy frameworks, and strategies for cultivating
a sustainable HPC culture.

To address these gaps, we combined TACC’s leadership-class
training expertise with more than a decade of on-the-ground expe-
rience from the HPC Ecosystems Project in deploying HPC systems
to RCEs in Africa. This integration enabled the development of
training materials that retain the strategic depth of leadership-class
instruction while grounding it in the operational realities of emerg-
ing African HPC sites. The resulting framework, described in the
next section, re-engineers leadership-class concepts into pragmatic,
locally tuned onboarding for RCEs.

3 TRAINING DESIGN
Early lessons from the HPC Ecosystems Project revealed a struc-
tural challenge: distributing decommissioned hardware does not
automatically create operational capability. This is particularly true
for architectures such as Intel’s deprecated Xeon Phi Knights Land-
ing (KNL), whose memory modes, NUMA behaviour, and perfor-
mance characteristics require nuanced operational knowledge that
is no longer widely documented. Without targeted onboarding,
sites receiving such systems face a steep learning curve. This can
undermine the intended impact of hardware distribution.

TACC’s long history of delivering leadership-class training -
through programs such as the Summer Institute6 and advanced op-
erations workshops - provides a strong foundation of strategic and
architectural expertise [1, 2]. However, these curricula assume con-
ditions typical of established HPC ecosystems. These assumptions

5Example 1: sighpceducation.hosting.acm.org/resources/hpcresources/;
Example 2: sighpceducation.hosting.acm.org/resources/systems/
6Summer Institute - https://www.rdworldonline.com/a-new-paradigm-for-training-in-
advanced-computing/

do not hold in most RCEs, where administrators may be operating
an HPC system for the first time, and often in isolation.

To bridge this gap, we adapted TACC’s leadership-class curricu-
lum into a practical onboarding program tailored specifically for
RCEs. The goal was not to simplify the material, but to translate
high-level system design principles into usable guidance aligned
with local constraints. This required re-engineering the training
around three core principles:

• Contextualisation over transplantation— leadership-class
concepts must be reframed for environments with intermit-
tent power, constrained staffing, and limited access to vendor
or community support.

• Operational pragmatism over architectural idealism —
training must prioritise reliability, reproducibility, and sus-
tainability within resource-constrained environments rather
than cutting-edge optimisation.

• Capacity building over instruction—administratorsmust
be empowered not only to operate the system, but to teach
users, enforce policy, and cultivate a local HPC culture.

The resulting program retained the strategic depth of the original
TACC 5-day workshop ("Designing and Administering Large-scale
Systems")7 while restructuring it around the needs of RCEs:

• Original Curriculum: An advanced 5-day workshop for
leadership-class HPC operations.

• Adaptation Goal: Translate high-level design principles
into practical, context-aware guidance.

• Audience: System administrators with Linux and network-
ing experience but limited exposure to operational HPC en-
vironments.

• Outcome: Participants gained the ability to design, deploy,
and operate Stampede2 KNL systems with production-grade
reliability while embedding strategic operational policies
to ensure the integration of sustainability and user-support
principles into daily operations.

4 PRINCIPLES FOR CONTEXT-AWARE HPC
TRAINING

The adaptations described above reveal a set of recurring design
considerations that extend beyond this specific training program.
These patterns form a generalisable framework for developing
HPC training that is operationally realistic, contextually-aware,
and aligned with the constraints of RCEs. The following principles
distill the lessons learned from adapting leadership-class training
for RCEs and provides a foundation for designing future training
models that support sustainable adoption:

• Design for operational reality, not idealised assumptions.
• Embed policy into onboarding to reduce support burden.
• Prioritise reproducibility and documentation over optimisa-
tion.

• Translate architectural concepts into actionable heuristics.
• Build local capacity by training administrators to train users.
• Plan for sustainability from the outset, even when growth is
uncertain.

7Archived advert from 2020 - https://web.archive.org/web/20200925225118/
https:/www.tacc.utexas.edu/education/institutes/large-scale-systems
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Table 1: Training Program Overview

Day Content

Day 1 Foundations of scientific system architecture: capability vs. capacity computing, workload bottle-
necks, and understanding how policy functions as an architectural mechanism.

Day 2 User education, policy, and HPC user experience: onboarding as policy enforcement, effective
help-request practices, and reducing support load through structured user education.

Day 3 Slurm, KNL, and hardware-aware scheduling: configuring NUMA, MCDRAM, and scheduler
policies for real-world KNL workloads.

Day 4 Designing cluster policy: fairshare, quotas, and policy-encoded scheduling rules to ensure equitable
access and reduce long-term administrative overhead.

Days 5–7 Containers, data lifecycle, security, and sustainability: reproducible science, data-lifecycle policies,
security practices, and sustainable workflows to reduce administrator burnout.

Day 8 Capstone hackathon: integrating architecture, policy, storage, and monitoring into a demonstrable
HPC environment, reinforcing capacity building through hands-on synthesis.

5 AGENDA OVERVIEW (ADAPTED FOR RCES)
The adapted curriculum preserved the strategic depth of the original
leadership-class workshop while restructuring each day around the
operational realities of RCEs. The agenda emphasised actionable
skills, policy-driven operations, and reproducible practices. The
agenda reflected in Table 1 operationalises the principles of con-
textualisation, pragmatism, and capacity building: demonstrating
how leadership-class concepts can be reframed for emerging HPC
communities.

6 KEY ADAPTATIONS
Adapting a leadership-class curriculum for resource-constrained
environments required more than simplifying technical content; it
demanded a fundamental reframing of what effective HPC training
looks like outside mature ecosystems. The adapted program shifted
emphasis from architectural design toward pragmatic operational
strategies that reflect the realities of African HPC sites. User expe-
rience was treated as a system-design problem, embedding policy
directly into onboarding so that administrators could reduce sup-
port load and enforce good practices from the outset. Advanced
hardware topics (such as KNL memory modes, NUMA behaviour,
andMCDRAM configuration) were distilled into actionable schedul-
ing heuristics that complemented the KNL architectural theory. The
training prioritised community documentation and reproducibil-
ity over cutting-edge optimisation, recognising that sustainability
in RCEs depends on clarity, consistency, and shared operational
knowledge. Finally, capacity building was embedded as a core objec-
tive: administrators were trained not only to operate the system but
to teach users, cultivate local expertise, and seed a self-sustaining
HPC culture.

Summary of Key Adaptations
• Shifted emphasis from leadership-class design to practicali-
ties for resource-constrained environments.

• Reframed user experience as a system design problem, em-
bedding policy into onboarding.

• Simplified advanced hardware topics (KNL, NUMA, MC-
DRAM) into practical scheduling practices.

• Prioritised community documentation and reproducibility
over optimisation.

• Embedded capacity-building goals: empowering admins to
teach users, not just operate systems.

These adaptations reflect the principles outlined in Section 3
and demonstrate how leadership-class training can be effectively
re-engineered to meet the realities of RCEs.

7 OUTCOMES
The adapted training model produced outcomes that reinforce the
central argument of this position paper: context-aware training
is essential for sustainable HPC adoption in resource-constrained
environments. Participants reported increased confidence in deploy-
ing and managing Stampede2 systems, particularly in navigating
KNL-specific operational challenges that are poorly documented in
global training materials nowadays. By formalising troubleshooting
paradigms and reframing user onboarding as a policy mechanism,
the program reduced friction between administrators and users
- a critically important factor in environments where staffing is
limited and support burdens can quickly become overwhelming.
Perhaps most significantly, the training seeded a community of
practice rooted in the long-standing experience of the HPC Ecosys-
tems Project, enabling sites to share operational knowledge, doc-
umentation, and lived experience despite limited vendor support.
These preliminary outcomes suggest that leadership-class training,
when re-engineered for local realities, has the potential to empower
emerging HPC centres to operate legacy systems sustainably and
contribute meaningfully to regional HPC growth.

Summary of Outcomes
• Participants gained confidence in deploying and managing
repurposed Stampede2 and GPU systems.

• Training reduced friction between users and administrators
through structured troubleshooting paradigms.

• The adapted curriculum seeded a community of practice
inspired by the HPC Ecosystems Project, ensuring sustain-
ability despite limited vendor documentation.

Volume 17, Issue 2 Journal of Computational Science Education

8 November 2026



These outcomes suggest that the principles guiding the adapted
training model hold promise for similar contexts.

8 FUTURE WORK
Building on this preliminary wireframe, we intend to run a larger
cohort to gather more definitive quantitative and qualitative feed-
back. This will allow us to assess whether the adapted training
model demonstrates promise beyond its preliminary pilot, and to
strengthen our understanding of the model’s efficacy and further
refine the curriculum based on evidence from a broader and more
diverse participant group.

9 CONCLUSION
Adapting leadership-class HPC training for resource-constrained
environments suggests that sustainable capacity building requires
both technical and cultural transformation. By embedding pol-
icy into user education and reframing operations around prag-
matic, context-aware practices, the adapted program enabled new
adopters to operate legacy KNL systems with confidence and au-
tonomy. More importantly, it highlighted the potential value in
re-engineering global HPC training models to reflect the realities
of emerging centres rather than the assumptions of mature ones.
Future work will expand shared documentation, deepen regional
collaboration, and evaluate the long-term impact of this training
framework across multiple African HPC sites. We encourage the
broader HPC community to consider adopting these principles as a
framework for designing trainingmodels that meaningfully support
emerging and resource-constrained centres.

ACKNOWLEDGMENTS
The authors would like to thank the many individuals whose ex-
pertise, support, and operational efforts contributed to the success
of the Building Machines for Science workshop.

We gratefully acknowledge Mitchell Collins, Joe Allen, Erik Fer-
lanti, Lena Duplechin Seymour, and Bob Garza for their contribu-
tions in teaching, mentoring participants, and supporting workshop
activities throughout the program.

We also thank Nathaniel Mendoza and Nic Lewis for design-
ing, configuring, and maintaining the training infrastructure used
during the workshop.

This workshop was heavily inspired by the original Designing
and Administering Large Scale Systems Institute. We would like to
recognize Nick Thorne, Cyrus Proctor, and Je’aime Powell for their
foundational work in developing the original institute model and
curriculum that informed this training effort.

Finally, we would like to acknowledge Dan Stanzione for his con-
tinued leadership and support of workforce development, research
computing education, and scientific cyberinfrastructure initiatives
at Texas Advanced Computing Center.

Some editing of grammar and phrasing was performed using
Microsoft CoPilot. NIH Grant G11TW013072.

REFERENCES
[1] William J. Allen, Kelsey M. Beavers, Erik Ferlanti, Lorenzo Concia, Joshua Urrutia,

Ernesto A. B. F. Lima, John M. Fonner, Felix Zuo, H. E. Duplechin Seymour, Ari B.
Kahn, Joe Stubbs, Anagha Jamthe, Stephanie N. Baker, Tabish Khan, and James P.
Carson. 2025. A Model for Teaching Machine Learning, Deep Learning, and
Research Computing to Domain Scientists on HPC Resources. In Proceedings of the
SC ’25 Workshops of the International Conference for High Performance Computing,
Networking, Storage and Analysis (SC Workshops ’25). Association for Computing
Machinery, New York, NY, USA, 401–408. https://doi.org/10.1145/3731599.3767380

[2] Erik Ferlanti, William J. Allen, Ernesto A. B. F. Lima, Yinzhi Wang, and John M.
Fonner. 2023. Perspectives and Experiences Supporting Containers for Research
Computing at the Texas Advanced Computing Center. In Proceedings of the SC
’23 Workshops of the International Conference on High Performance Computing,
Network, Storage, and Analysis (SC-W ’23). Association for Computing Machinery,
New York, NY, USA, 155–164. https://doi.org/10.1145/3624062.3624587

[3] Bryan Johnston, Charles Crosby, Quinn G. Reynolds, Jennifer M. Schopf, and
Christopher J. Whalen. 2025. Sticking (with) the Landing A modern case for
Knights Landing in Resource-Constrained Environments. PEARC 2025 - Practice
and Experience in Advanced Research Computing 2025: The Power of Collabora-
tion (7 2025). https://doi.org/10.1145/3708035.3736075;PAGE:STRING:ARTICLE/
CHAPTER

[4] Bryan Johnston, Lara Timm, Eugene de Beste, and Mabatho Hashatsi. 2024. Let’s
Get Our Heads Out of the Clouds: A scalable and sustainable approach to HPC
Training Labs for Resource Constrained Environments and anyone else stuck in
the Clouds. Journal of Computational Science Education 15, 1 (March 2024), 64–71.
https://doi.org/10.22369/issn.2153-4136/15/1/13 Presented at Supercomputing
SC23.

[5] Bryan Johnston, Lara Timm, David Macleod, and John Poole. 2024. Ten Years of
the HPC Ecosystems Project: Transforming HPC in Africa for the Past Decade. In
Practice and Experience in Advanced Research Computing (PEARC ’24). ACM, 1–11.
https://doi.org/10.1145/3626203.3670537

Journal of Computational Science Education Volume 17, Issue 2

November 2026 9

https://doi.org/10.1145/3731599.3767380
https://doi.org/10.1145/3624062.3624587
https://doi.org/10.1145/3708035.3736075;PAGE:STRING:ARTICLE/CHAPTER
https://doi.org/10.1145/3708035.3736075;PAGE:STRING:ARTICLE/CHAPTER
https://doi.org/10.22369/issn.2153-4136/15/1/13
https://doi.org/10.1145/3626203.3670537


Introducing HPC-Enabled Computational Research Training in
Africa: A Pilot Study

James Afful
Iowa State University

Titus Nyarko Nde
Boise State University

Onyeka Onyenemezu
Iowa State University

Brian Kyanjo
Georgia Institute of Technology

Benjamin Atribawuni Asaaga
Kwame Nkrumah University of

Science and Technology

Joseph Oppong Akowuah
Kwame Nkrumah University of

Science and Technology

ABSTRACT
Access to computational training and research-computing mentor-
ship remains uneven across global scientific communities. This pa-
per reports a pilot study of the Center for Computational Research
and Education (CCRE), a training initiative designed to introduce
students and early-career researchers in Africa to computational
research through a staged model of open recruitment, structured
preparation, mentored project work, and reflective evaluation. The
pilot was advertised through LinkedIn, WhatsApp, and Instagram
for more than two months, and 24 applicants registered. Twelve
applicants were selected for a mandatory four-module Google Class-
room preparatory course; six completed all required modules and
advanced to the mentored group-project phase. Evaluation used
pre- and post-program survey summaries from the final cohort.
The pre-program survey had six responses, and the post-program
survey had five responses. Baseline results showed strong motiva-
tion to build practical high-performance-computing (HPC) skills,
connect with a research-computing community, learn collaborative
software practices, and explore computational approaches in partic-
ipants’ domains. They also showed substantial structural barriers:
most respondents reported no prior HPC access and no or limited
formal training in HPC, parallel computing, or research computing.
Post-program respondents gave an average overall rating of 4.20
out of 5, and all five indicated that they would definitely recom-
mend the program. Respondents nevertheless continued to report
barriers related to HPC access, local mentorship, and computing
cost. The CCRE pilot is presented as an educational-practice model
whose principal contribution is a documented and critically eval-
uated pathway for introducing computational research training
under constrained infrastructure and mentorship conditions.

KEYWORDS
Computational Training, HPC Education, Africa, Research Com-
puting, Pilot Study, Project-based Learning, Mentorship, Cyberin-
frastructure Workforce Development
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1 INTRODUCTION
Computational methods are now central to research in engineering,
the physical sciences, the life sciences, climate science, public health,
data science, and artificial intelligence. Modern scientific work in-
creasingly requires the ability to use command-line environments,
version control, remote computing systems, batch schedulers, par-
allel workflows, data pipelines, and reproducible computational
practices. In many research domains, these skills shape the scale of
questions that can be asked and the kinds of evidence that can be
produced. Access to computational training, however, remains un-
even. High-performance-computing (HPC) and research-computing
education require more than hardware. Students need structured
learning pathways, mentors, examples of domain-specific com-
putational research, access to computing environments, and peer
communities that make computational research feel attainable. Ex-
isting work on HPC education identifies persistent challenges in
curriculum design, educator preparation, student access, and the
integration of HPC with contemporary areas such as artificial intel-
ligence and data science [20]. Reviews of scientific-computing, HPC,
and data-science education similarly show growing demand for
research-computing instruction and the need for more systematic
training pathways [19, 24]. These challenges are intensified where
local HPC infrastructure, formal courses, and trained instructors
are limited.

The African context requires particular attention. A systematic
review of computing-education research in Africa found that the re-
gion remains underrepresented in the literature and that published
work is unevenly distributed across countries and topics, with pro-
gramming being the most common topic (43% of 68 studies) [22].
At the same time, African and Africa-oriented HPC initiatives have
demonstrated that capacity building is possible when infrastruc-
ture, training, mentorship, and community formation are treated
together rather than separately [1, 14, 15].Work on sustainable HPC
infrastructure in resource-limited settings further emphasizes that
durable computational capacity depends on governance, mainte-
nance, training, local ownership, and long-term support, not simply
on acquiring computing resources [12].

This paper reports a pilot study of the Center for Computational
Research and Education (CCRE), an initiative designed to introduce
students and early-career researchers in African contexts to com-
putational research. The program was intentionally small and was
not designed to produce large-scale statistical evidence of learning
gains. It was designed to test a practical model for introducing com-
putational training, identify barriers faced by learners, and generate
lessons for future cohorts.
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The central research and practice questions were:

(1) What kinds of learners were reached by an open, social-
media-based recruitment strategy for an Africa-oriented
computational training program?

(2) What baseline barriers to HPC and research-computing par-
ticipation were reported by the final pilot cohort?

(3) How did participants evaluate the program after completing
the mentored-project phase?

(4) Which barriers appeared to remain after the pilot?
(5) What design lessons can be drawn for future computational-

training programs in African contexts?

The primary contribution of this paper is the documentation and
preliminary evaluation of an implementable educational-practice
model for introducing African students and early-career researchers
to computational research.

Specifically, the study contributes: (i) a staged training path-
way connecting open recruitment, application review, structured
preparation, and mentored computational projects; (ii) descriptive
evidence concerning participant motivations, access barriers, sat-
isfaction, and perceived instructional value; and (iii) practical im-
plementation lessons for future computational training initiatives
operating under infrastructure, connectivity, and mentorship con-
straints.

The study does not claim that the structural barriers identified are
newly discovered, nor does it establish that the training intervention
producedmeasurable technical proficiency gains. Rather, it provides
an early feasibility and educational-practice account that can inform
the design and systematic evaluation of larger future cohorts.

2 RELATEDWORK
2.1 HPC and Research-Computing Education
HPC education lies at the intersection of computer science, domain
science, systems knowledge, and practical workflow training. Raj
et al. describe HPC education as a field facing curricular, institu-
tional, and pedagogical challenges, including the need to define
competencies, support educators, and connect HPC learning to
artificial intelligence, data science, and contemporary computing
education [20]. Ponce et al. review scientific-computing, HPC, and
data-science training programs and argue that demand for advanced
research-computing instruction has grown substantially, with learn-
ers increasingly seeking data-oriented and interdisciplinary compu-
tational skills [19]. Van Zon et al. similarly document growth and
diversification in scientific-computing training delivered through a
supercomputing center, including participation from nontraditional
computing disciplines [24].

These studies support the premise that computational training
should not be restricted to computer-science majors. Scientists and
engineers increasingly need practical research-computing fluency.
Reviews of HPC foundations for scientists emphasize that domain
researchers often require practical HPC knowledge even when
their formal training is outside computer science [13]. The CCRE
pilot follows this broader direction by targeting learners across
engineering, the physical sciences, computational biology, data-
oriented fields, and related areas.

2.2 Cyberinfrastructure Workforce
Development and Modular Training

Research-computing education is also part of cyberinfrastructure
workforce development. The National Science Foundation’s cyber-
infrastructure learning and workforce-development efforts frame
training as essential to broad use of advanced computational re-
sources across the research community [17]. Landscape studies of
research computing emphasize that access varies widely across
institutions and that less-resourced communities need support to
participate in advanced computational work [5]. Microcredential
and modular training approaches have been proposed as one mech-
anism for widening access to computing education, especially for
learners who need targeted competencies rather than complete
degree programs [6].

The CCRE pilot used a mandatory four-module Google Class-
room sequence before the mentored-project phase. In this pilot, the
module sequence functioned as both a readiness-building mecha-
nism and a participation filter. This design is consistent with broader
movements toward modular, accessible, and scaffolded computa-
tional training. Unlike formal microcredential programs, however,
the pilot did not issue standardized credentials or conduct exter-
nally validated skill assessments. That distinction is important when
interpreting the results.

2.3 African Computing Education and HPC
Capacity Building

The literature on computing education in Africa is growing but
remains uneven. Sanusi and Deriba systematically review general
computing education research, rather than HPC-specific instruc-
tion, and describe an uneven geographical and topical distribu-
tion, including substantial emphasis on programming [22]. Their
review is therefore used here to characterize the broader education-
research landscape, not as direct evidence of HPC training out-
comes or as proof that research-computing education is absent.
More directly relevant African examples include HPC ecosystem-
development and student-cluster training initiatives [14, 15]. Recent
regional work also examines practical ICT-training design and deliv-
ery barriers in universities in South Africa, Cameroon, and Nigeria
[4]. Although that work is not HPC-specific, it provides relevant ev-
idence about instructional implementation in resource-constrained
environments.

Africa-oriented HPC capacity-building efforts provide important
precedents. Abiona et al. discuss the ICTP experience in HPC in-
frastructure setup and training in Africa, emphasizing that capacity
building involves developing people and instructor communities,
not only deploying machines [1]. The HPC Ecosystems Project
provides another model by combining infrastructure deployment,
formal training workshops, and community development across
multiple countries [15]. The South African Student Cluster Com-
petition further demonstrates how selection, training, mentorship,
and authentic technical challenges can support high-level student
participation in HPC [14].

These efforts indicate that African HPC capacity building should
be understood as an ecosystem problem. CCRE contributes to this
literature by documenting a small, project-based, Africa-oriented
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pilot that began with open recruitment and proceeded through
structured preparation into mentored computational project work.

Recent African research-training initiatives provide additional
points of comparison for the CCRE model. BioStruct-Africa de-
scribes a community-driven framework integrating computational
structural biology, AlphaFold-enabled research, sustained mentor-
ship, and long-term workforce development [2]. Its proposed train-
ing targets represent program ambitions rather than independently
demonstrated educational outcomes.

A capacity-strengthening initiative involving six East African
Community partner states similarly describes practical technical
instruction, including introductory HPC exposure, together with
training-of-trainers and follow-up support [18].

Although these initiatives address different scientific domains
and institutional settings, they illustrate complementary approaches
to computational capacity building. Their emphasis on practical
research engagement, local instructor development, and sustained
institutional support reinforces the need to connect short-term
training with longer-term research capacity.

The CCRE pilot adds an implementation-level account of an open-
recruitment, staged-preparation, and mentored-project pathway.
Its contribution is therefore the documentation of a potentially
adaptable educational practice rather than evidence of superior
learning outcomes or large-scale program effectiveness.

2.4 Project-Based Learning, Active Learning,
and Mentorship

The CCRE pilot included foundational HPC training sessions and a
final phase centered on mentored group projects. This design aligns
with evidence that active learning improves outcomes in science,
technology, engineering, and mathematics compared with lecture-
only approaches [11]. Project-based and hands-on computational
training are especially important in HPC education because many
key competencies are procedural and contextual: learners must
understand concepts and learn how to work in real computational
environments.

Mentorship is also central. Studies of STEM mentorship show
that high-quality mentoring and research experiences can support
science identity, efficacy, values, and integration into scientific com-
munities, especially for students from underrepresented groups
[3, 9, 21]. For CCRE, mentorship should therefore be interpreted
not only as technical troubleshooting but also as a mechanism for
supporting research identity, belonging, and persistence in compu-
tational research.

2.5 Training Evaluation and Pilot-Study
Reporting

Training programs are often evaluated using models that distin-
guish satisfaction from learning, behavior, and longer-term results.
The Kirkpatrick model, for example, separates evaluation into reac-
tion, learning, behavior, and results [16]. This distinction is impor-
tant for the present pilot. The available CCRE data support claims
about reaction, perceived value, baseline barriers, and intended
future use.

Pilot studies are best used to examine feasibility, acceptabil-
ity, process, implementation, and measurement procedures before

larger-scale evaluation [8, 23]. The CCRE pilot should therefore be
interpreted as an early program evaluation and educational-practice
report. Its value lies in documenting the model, identifying barriers,
and refining future implementation rather than proving definitive
effectiveness.

3 PROGRAM CONTEXT
The Center for Computational Research and Education was devel-
oped to provide structured exposure to computational research,
HPC, artificial-intelligence-enabled workflows, and collaborative
scientific computing. The pilot focused on learners motivated to
engage with computational research but who often lacked local
access to HPC systems, formal training, mentors, or peers working
in the area.

Recruitment relied on open advertisement through LinkedIn,
WhatsApp, and Instagram over more than two months. Social-
media recruitment was intentional because it allowed the program
to reachmotivated learners beyond a single classroom or institution.
The application review record documented 24 applicants.

The program aimed to select a smaller group for deeper prepara-
tion and mentorship. Selection considered motivation, application
fit, programming experience, prior HPC exposure, teamwork ex-
perience, availability, academic stage, gender representation, and
institutional or external balance. Twelve applicants were selected
for the mandatory Google Classroom preparatory stage. Six com-
pleted all four required modules and advanced to the final pilot
cohort. Figure 1 summarizes the pathway.

Figure 1: Staged pathway used in the CCRE pilot.

4 PROGRAM DESIGN
The CCRE pilot was organized around four design principles:
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(1) Access: widen entry into computational research by recruit-
ing beyond traditional local classroom channels.

(2) Preparation: provide a structured preparatory sequence
before intensive project work.

(3) Mentored practice: move participants from exposure to
application through group projects and mentor support.

(4) Community and identity: help participants see themselves
as part of a research-computing community.

These principles are consistent with literature on HPC education,
cyberinfrastructure workforce development, active learning, and
mentorship [5, 9, 11, 19, 20]. Table 1 maps program components to
intended outcomes and available evidence. This mapping connects
the evaluation items to program objectives rather than treating the
post-program instrument as a generic satisfaction survey.

5 EVALUATION METHODS
The pilot evaluation used pre- and post-program survey summaries.
The pre-program survey was completed by six respondents cor-
responding to the final cohort that advanced into the pilot pro-
gram. The post-program survey was completed by five respondents.
Survey items addressed academic background, disciplinary back-
ground, prior HPC access, prior training, motivations, barriers,
confidence in computational skills, research identity, satisfaction
with program components, perceived impact, internet and connec-
tivity constraints, intended future use of skills, and willingness to
recommend the program.

The evaluation was descriptive. Because the sample was small
and the available summaries did not confirm paired individual-level
responses, inferential statistical tests were not conducted. Counts
and percentages are reported where the survey summaries provide
sufficient information. Results are interpreted as evidence about
feasibility, acceptability, perceived value, and remaining barriers
rather than definitive evidence of technical mastery.

The analysis drew on three program documents: a pre-program
survey summary with six responses, a post-program survey sum-
mary with five responses, and an internal application-evaluation
document describing review criteria and potential participants. The
internal document contained personally identifiable applicant infor-
mation. This paper therefore reports only aggregate or procedural
information. Applicant names, personal motivations, and identifi-
able background details are not reported.

The evaluation drew on four complementary sources of evidence,
summarized below.

• Pre-program survey (𝑛 = 6): The survey documented par-
ticipants’ academic and disciplinary backgrounds, prior ac-
cess to HPC resources, previous formal training, motiva-
tions for participation, and perceived barriers to computa-
tional research. Self-reported technical confidence covered
Linux command-line navigation, remote HPC login, batch-
job scripting, job scheduling, parallel or distributed comput-
ing, and Git version control. Research identity and partici-
pants’ expectations were also assessed.

• Post-program survey (𝑛 = 5): The survey examined overall
satisfaction, perceived usefulness of training components,
internet connectivity challenges, technical confidence, re-
search identity, intended future use of computational skills,

remaining barriers, overall program rating, and willingness
to recommend the program. These responses reflect partici-
pants’ perceptions and intentions rather than independently
verified learning outcomes.

• Application-evaluation records: Internal program docu-
mentation recorded application-review criteria, participant
selection, and progression through the preparatory phase.
These records supported description of the recruitment and
completion pathway but did not establish the reasons indi-
vidual applicants failed to complete the required modules.

• Mentored group-project descriptions: The program doc-
umented two interdisciplinary computational projects: a
machine-learning surrogate for reactor thermal-hydraulic
analysis and a brain-tumorMRI classificationworkflow. These
descriptions illustrate the nature of project-based computa-
tional activities but do not provide independently audited
evidence of individual technical proficiency.

The evaluation was descriptive. Because the final cohort com-
prised only six participants, with five post-program respondents,
the findings should not be generalized to the broader population of
African students or early-career researchers. Furthermore, individual-
level pre- and post-program survey responses were not confirmed
as paired. Consequently, differences between the two survey sum-
maries cannot be interpreted as measured within-person learning
gains. No inferential statistical tests or causal-effect estimates were
performed.

6 RESULTS
6.1 Recruitment and Participation Funnel
The program advertised through LinkedIn, WhatsApp, and Insta-
gram over more than two months. The application-review record
documented 24 applicants. Twelve were selected for the Google
Classroom preparatory stage, and six completed all four required
modules and formed the final pilot cohort.

Figure 2: Recruitment, preparation, and participation funnel.
Percentages are relative to the 24 documented applicants.

The program generated broader interest than it could intensively
support, and progression into the final cohort required completion
of preparatory work. As shown in Figure 2, 24 applicants were
recorded, 12 were selected for the mandatory preparatory stage,
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Table 1: CCRE training components, intended outcomes, and available evidence.

Component Intended outcome Available evidence

Social-media recruitment Reach motivated learners beyond a single institution or formal
course

Recruitment record; pre-survey source-of-
awareness item

Application review Select applicants with strong motivation, availability, and
readiness for project-based training

Internal selection document

Google Classroom modules Establish baseline preparation and identify participants able
to complete required asynchronous work

Module completion; final cohort size

Foundational technical sessions Build confidence in Linux, remote computing, job scheduling,
scripting, and version control

Pre- and post-program confidence items

Mentored group projects Move from passive exposure to applied computational work Post-survey impact item; reactor-safety Streamlit
tool; MRI classification and Grad-CAM tool

Office hours and troubleshooting Reduce technical barriers and support persistence Post-survey satisfaction item
Guest research sessions Expose participants to computational-research pathways and

community
Post-survey satisfaction item

Final presentation and closeout Develop research communication and accountability Post-survey satisfaction item; project presentations

and six completed all four modules and advanced to the mentored-
project phase. Thus, one quarter of documented applicants entered
the final pilot cohort.

The available records do not establish why some selected ap-
plicants did not complete the required modules. Future cohorts
should track module-level completion, time burden, connectivity
constraints, and reasons for withdrawal to distinguish barriers to
participation from other causes of attrition.

6.2 Application Review and Baseline
Characteristics

Table 2 summarizes the dimensions considered during the application-
review process. The internal evaluation document indicates that
review criteria included motivation, application fit, programming
experience, prior HPC exposure, teamwork experience, availability,
gender representation, and academic or career stage. These crite-
ria highlight a design tension for future computational capacity-
building programs. Intensive mentorship requires selecting par-
ticipants with the readiness and availability to persist, whereas
the broader capacity-building objective also requires expanding
opportunities for learners with limited prior exposure to HPC.

Table 3 summarizes academic level, disciplinary background,
prior HPC access, and prior formal training among the six pre-
program respondents.

The final cohort was interdisciplinary and mostly lacked prior
access to HPC systems. Five of six respondents reported no previ-
ous access to an HPC cluster or supercomputing resource, while
one reported access through an external program or grant. Three
reported no formal training, two reported partial exposure, and one
reported an online course or workshop. No respondent reported
completing a full university course in HPC, parallel computing, or
research computing.

Participants reported strong motivation across technical, com-
munity, and professional dimensions. Table 4 summarizes their
selected goals.

These motivations show that participants sought technical in-
struction, community, collaborative software practice, and path-
ways into computational research. This supports the decision to

design CCRE as amentored cohort rather than a one-timeworkshop.
Figure 3 summarizes the barriers reported by respondents before
and after the program. The pre-program survey showed substantial
barriers to HPC learning. All six respondents reported a lack of
local instructors or mentors with HPC expertise. Five reported lack
of access to HPC systems and the cost of cloud or commercial com-
puting resources. Four reported a lack of a structured curriculum
and a lack of nearby peers working in the area.

These findings are consistent with literature emphasizing that
computational capacity requires training, infrastructure, mentor-
ship, and communities of practice [1, 5, 12]. Because the pre-program
survey included six respondents and the post-program survey in-
cluded five respondents, the two distributions should be interpreted
as separate descriptive summaries rather than paired measurements
of individual change.

6.3 Post-Program Satisfaction and Perceived
Value

The post-program survey received five responses. As summarized
in Table 5, respondents gave the program an average overall rating
of 4.20 out of 5. Four respondents assigned a rating of 4, while
one assigned a rating of 5. All five respondents indicated that they
would definitely recommend the program to a colleague or peer.

These findings suggest favorable participant reactions within
the small responding cohort. However, satisfaction and recommen-
dation responses should not be interpreted as objective evidence of
technical skill acquisition or long-term research capacity develop-
ment.

These results support a claim of high acceptability and perceived
value but do not establish technical mastery. In the Kirkpatrick
framework, the data primarily represent reaction and perceived
usefulness, not independently measured learning, behavior change,
or long-term institutional impact [16]. Table 6 presents respondents’
assessments of the program components that contributed most
strongly to their perceived learning experience.

Two of the five respondents selected working on the team project
using real HPC resources as the component with the greatest im-
pact. Foundational technical sessions, peer collaboration and team
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Table 2: Application review criteria used in the CCRE pilot.

Criterion Role in selection

Motivation and fit Primary criterion for identifying applicants aligned with computational-research training
Programming experience Readiness indicator for technical participation
Prior HPC exposure Background indicator; lack of exposure did not automatically exclude applicants
Teamwork experience Indicator of readiness for mentored group projects
Availability Feasibility criterion for participation in a time-bound pilot
Gender representation Broadening-participation consideration during review
Academic or career stage Tie-breaker, with attention to undergraduate and master’s-level applicants
Institutional or external balance Consideration of institution-linked and external applicants

Table 3: Baseline characteristics of pre-program survey respondents (𝑛 = 6).

Domain Category Count

Academic level Undergraduate student 3
Master’s student 1
PhD student 0
Early-career researcher or postdoctoral scholar 2
Other 0

Disciplinary background Engineering 3
Physical sciences 1
Computational biology or bioinformatics 1
Other 1
Computer science or software engineering 0
Mathematics or statistics 0
Data science, artificial intelligence, or machine learning 0

Prior HPC access No prior access 5
External program or grant 1
University-provided access 0
Cloud-platform access 0

Prior formal training No formal training 3
Partial exposure 2
Online course or workshop 1
Full university course 0

Table 4: Goals for joining the CCRE pilot (𝑛 = 6).

Goal Count

Build practical HPC skills for research 6
Connect with a research-computing community 6
Learn collaborative software practices 6
Explore computational approaches in the participant’s
domain

6

Strengthen a CV or graduate-school application 5
Other 0

dynamics, and mentor feedback and guidance were each selected
by one respondent. Guest-researcher talks were not selected as
the single most impactful component by any respondent. These
responses provide preliminary insight into which activities par-
ticipants valued most, but the very small sample prevents robust
comparisons among instructional components.

Table 5: Post-program satisfaction and recommendation re-
sults (𝑛 = 5).

Measure Result

Post-program survey respondents 5
Average overall program rating 4.20/5
Respondents giving a rating of 4 4
Respondents giving a rating of 5 1
Respondents who would definitely recommend the
program

5/5

This result supports one of the pilot’s central design claims: com-
putational training should move beyond passive exposure into men-
tored practice. The finding aligns with active-learning evidence in
STEM education and HPC-education literature emphasizing hands-
on practice [7, 10, 11].

Internet connectivity remained a relevant participation con-
straint. As shown in Table 7, three of the five post-program re-
spondents reported moderate internet issues that caused them to
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Figure 3: Reported barriers to HPC learning in the pre- and post-program surveys. Because the surveys had different denomina-
tors and responses were not confirmed as paired, the values should be interpreted descriptively rather than as individual-level
change.

Table 6: Program aspect reported as having the greatest im-
pact on learning (𝑛 = 5).

Aspect Count

Team project using real HPC resources 2
Foundational technical sessions 1
Peer collaboration and team dynamics 1
Mentor feedback and guidance 1
Guest-researcher talks 0

miss some sessions or content. One respondent reported minor con-
nectivity issues without substantial participation effects, while one
reported no connectivity problems. No respondent reported severe
connectivity difficulties that substantially prevented participation.

This connectivity-impact measure is distinct from the general
barriers checklist reported in Figure 3. The two questions therefore
capture related but different aspects of participants’ experiences.

Connectivity did not prevent completion among the post-survey
respondents, but it affected participation for a majority. Future co-
horts should therefore provide asynchronous backups, download-
able materials, low-bandwidth options, and structured catch-up
mechanisms.

Table 8 summarizes how respondents expected to use what they
learned.

These results indicate strong intended transfer, but they remain
statements of intent. A stronger future evaluation should track

Table 7: Reported effect of internet connectivity on partici-
pation (𝑛 = 5).

Connectivity effect Count

Moderate issues; missed some sessions or content 3
Minor issues; participation not significantly affected 1
No issues 1
Significant issues; participation substantially limited 0

Table 8: Intended future use of CCRE skills (𝑛 = 5).

Intended use Count

Include the experience in graduate-school applications 5
Apply to future HPC programs or internships 5
Apply HPC methods to current research or coursework 4
Share knowledge with peers or teach others 4
Contribute to HPC capacity at the participant’s institu-
tion

2

Pursue a role in research computing or data science 1

whether participants subsequently use HPCmethods in coursework
or research, apply to programs, mentor peers, contribute to local
capacity, or produce computational-research outputs.

Table 9 compares pre- and post-program barrier reports. Because
the pre-survey had six respondents and the post-survey had five,
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both counts and percentages are shown. Because responses were
not confirmed as paired, differences should not be interpreted as
measured individual-level change.

The proportion reporting a lack of structured curriculum was
lower in the post-program summary, while access, mentorship, and
cost remained highly prevalent. These descriptive comparisons
suggest that the program may have helped address the need for
a structured learning path, but the data do not establish causality
or individual-level change. The findings clarify the scale of the
problem: training programs can create exposure and structure, but
durable computational capacity requires sustained infrastructure
access, local mentor development, and affordable computing path-
ways.

6.4 Applied Project Outcomes
The six participants were divided into two groups, each tasked
with executing an end-to-end computational project using HPC
resources and machine-learning workflows.

The first group developed a machine-learning surrogate model
for steady-state thermal-hydraulic safety analysis of a 10 MW Ma-
terial Testing Reactor. Using an HPC-generated database of 1,000
samples from the PLTEMP/ANL v4.3 simulation code, the team eval-
uated Random Forest, Gradient Boosting, and feedforward neural-
network models. The group identified Gradient Boosting as the
most accurate of the evaluated surrogate approaches and deployed
the model through an interactive Streamlit graphical interface in-
tended to support rapid safety assessments without rerunning the
computationally expensive source simulations.

The second group developed an automated brain-tumour clas-
sification tool using magnetic-resonance images. The group used
two-phase transfer learning to fine-tune EfficientNetB3, VGG16,
and DenseNet121 convolutional-neural-network architectures. The
resulting ensemble was deployed through a web application with
Grad-CAM heatmaps that visualized image regions influencing the
model’s classifications.

These group artifacts show that, with mentor support, the co-
hort participated in end-to-end computational work extending from
foundational workflow preparation to model training, comparison,
and web deployment. The evidence does not independently estab-
lish each participant’s technical mastery or individual contribution.

7 DISCUSSION
7.1 A Staged Model for Computational Training
The CCRE pilot provides preliminary evidence of the feasibility and
acceptability of a staged model for introducing computational train-
ing in African contexts. The model begins with open outreach, pro-
ceeds through application review, uses mandatory asynchronous
preparation to establish baseline readiness, and advances partici-
pants who complete the preparation into mentored group projects.
This structure differs from a one-time workshop.

The recruitment funnel may reflect time constraints, module
difficulty, internet access, competing obligations, or other factors,
but the available data do not identify the reasons. Future programs
should collect process data on module engagement, missed sessions,
reasons for noncompletion, and participant time burden.

The post-program survey suggests that applied project work
was an important component of the experience. Working on a team
project using real HPC resources was the most frequently selected
high-impact component, although it was chosen by only two of the
five respondents. This finding is consistent with evidence that ac-
tive learning can improve STEM outcomes and that computational
skills are best learned through practice [11]. In HPC education,
learners need to interact with computing environments, scripts,
errors, queues, dependencies, filesystems, and collaboration tools
that cannot be learned fully through lectures alone.

Future cohorts should preserve and strengthen the group-project
phase. The completed artifacts show that the cohort, with mentor
support, participated in domain-specific computational work in-
volving a thermal-hydraulic surrogate model with Streamlit and
an MRI-classification ensemble with Grad-CAM visualization. Fu-
ture evaluations should assess such artifacts through a structured
rubric and should distinguish team-level products from individual
learning outcomes.

The survey summaries also show that mentorship is not periph-
eral. All six pre-program respondents reported a lack of local in-
structors or mentors with HPC expertise, and all five post-program
respondents identified the same barrier. This finding is consistent
with mentorship literature showing that mentoring can support
research identity, belonging, and integration into scientific commu-
nities [3, 9, 21].

For CCRE, mentorship should be treated as infrastructure. A
program that depends on a small number of expert mentors will be
difficult to scale. Future cohorts could use a tieredmentorshipmodel
in which alumni serve as peer mentors for subsequent cohorts. Over
time, this could help transform CCRE from a training program into
a distributed community of practice.

The most important structural finding is that barriers related to
HPC access, local mentorship, and computing cost remained highly
prevalent after the program. The pilot created perceived value while
revealing limits that a short training intervention cannot resolve.
Sustainable HPC capacity in resource-limited settings depends on
access, maintenance, governance, training, and local ownership
[12]. Future CCRE work should therefore combine training with
partnerships for compute access, institutional support, and mentor
development.

7.2 A Practical Framework for Future Cohorts
Based on the pilot results, four pillars are proposed for future
computational-training efforts in African contexts:

(1) Access: provide learners with exposure to real computa-
tional environments and workflows.

(2) Preparation: use structured modules to establish baseline
readiness before intensive project work.

(3) Mentored practice: organize learners into projects with
technical and research mentorship.

(4) Sustainability: build alumni mentorship, institutional part-
nerships, and longer-term compute access.

This framework is grounded in both the pilot data and literature
on HPC education, cyberinfrastructure workforce development,
active learning, and mentorship [5, 9, 11, 20].
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Table 9: Reported barriers before and after the CCRE pilot. Percentages use the relevant survey denominator.

Barrier Pre count Pre % Post count Post %

Lack of access to HPC systems 5/6 83.3% 5/5 100.0%
No local instructors or mentors with HPC expertise 6/6 100.0% 5/5 100.0%
Cost of cloud or commercial computing resources 5/6 83.3% 5/5 100.0%
Lack of a structured curriculum or learning path 4/6 66.7% 1/5 20.0%
No peers working in this area nearby 4/6 66.7% 3/5 60.0%
Unreliable internet connection 1/6 16.7% 1/5 20.0%
No significant barriers 0/6 0.0% 0/5 0.0%

8 LIMITATIONS
This pilot has several important limitations.

First, the sample size was small: the pre-program survey had six
responses, and the post-program survey had five. Results should
therefore be interpreted descriptively rather than inferentially.

Second, the available survey summaries do not confirm paired
individual-level responses. Without anonymous identifiers linking
pre- and post-program responses, individual-level change cannot
be measured reliably.

Third, the evaluation relies heavily on self-report. Participants
reported satisfaction, perceived value, confidence, and intended
future use, but the pilot did not include an independent assessment
of technical skill.

Fourth, the survey summaries do not provide raw item-level data
for all Likert-scale constructs. Exact means and changes for each
confidence or identity item should be calculated only from verified
raw survey exports.

Fifth, attrition occurred between registration, selection, module
completion, and final participation. The current data document the
funnel but do not explain why selected participants did or did not
complete the preparatory modules.

Sixth, the final cohort was selected rather than randomly sam-
pled. This was appropriate for a pilot program but limits generaliz-
ability.

Seventh, long-term outcomes are unknown. The post-program
survey captures intended future use, not whether participants sub-
sequently used HPC in research, applied to programs, published
work, mentored peers, or contributed to institutional capacity.

Eighth, the small cohort creates privacy risks. Reporting should
avoid identifiable combinations of country, institution, academic
stage, field, and personal motivation unless explicit consent permits
their disclosure.

9 RECOMMENDATIONS FOR FUTURE
IMPLEMENTATION

The pilot suggests five concrete improvements:

(1) Use anonymous participant identifiers. Link future pre-
and post-program surveys through anonymous identifiers so
that individual-level change can be analyzed without com-
promising privacy.

(2) Trackmodule analytics. Record module starts, completion,
quiz scores, time to completion, and reasons for noncomple-
tion where possible.

(3) Provide low-bandwidth alternatives. Record sessions,
provide downloadable slides and materials, and design as-
signments that can be completed under intermittent connec-
tivity.

(4) Develop alumni pathways. Invite participants who com-
plete the program to mentor future cohorts, lead focused
sessions, or maintain project repositories.

(5) Secure institutional and compute partnerships. Pursue
partnerships with universities, national laboratories, cloud-
credit programs, HPC centers, and research networks.

10 CONCLUSION
This paper presented a pilot study of the Center for Computational
Research and Education, an initiative designed to introduce stu-
dents and early-career researchers in African contexts to computa-
tional research, HPC, artificial-intelligence-enabled workflows, and
collaborative scientific computing. The pilot used a staged model
consisting of open social-media recruitment, application review,
mandatory Google Classroom preparation, selective progression
into a final cohort, mentored group projects, and post-program
evaluation.

Final-cohort respondents were highly motivated but had limited
prior HPC access and formal training. Post-program respondents
rated the program highly and unanimously indicated that they
would recommend it. The team-project component using real HPC
resources was the most frequently selected high-impact aspect. At
the same time, respondents continued to report barriers related to
HPC access, local mentorship, and cost.

The main lesson is that computational training in African con-
texts should be designed as an ecosystem rather than a one-time
workshop. Training can provide structure, exposure, perceived
value, and community, but durable capacity requires sustained
computing access, mentor development, institutional partnerships,
and pathways for alumni to support future learners. The CCRE pilot
is therefore best understood as a practical and critically evaluated
model for developing a future phase of computational-research
training.
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ABSTRACT
Focused on facilitating artificial intelligence (AI) research through
the U.S. National Science Foundation (NSF) National AI Research Re-
source (NAIRR), the Sustainable Research Pathways (SRP) program
provides an effective model for building an innovative, interactive,
and wide-ranging community of research-competent computing
sciences professionals. Aimed at expanding access to NAIRR for
higher education faculty and students, SRP provides networking
opportunities and cultivates collaborations with related researchers
using structured, evidence-based approaches built on over 10 years
of experience. More specifically, SRP incorporates three principal
programmatic and interactive training strategies: 1) broadly recruit
students and faculty/student teams from a wide range of back-
grounds and institutions, 2) establish active collaborative research
relationships through an iterative and successively more intensive
matching process, and 3) catalyze the development of relevant com-
petencies and of systemic and participatory research capacities.
Accordingly, SRP operates to pave the way for further expansion
of NAIRR.

SRP is aimed at developing skilled talent poised to address the
pressing challenges facing the AI workforce. It has the potential to
develop into a new and effective paradigm for expanding access to
NAIRR while making significant progress in AI accessibility and
providing a broader spectrum of perspectives on the development
of AI models and methods. The program builds strong connections
among the existing NAIRR researchers, institutions, and individ-
ual participants across the U.S., especially those who would not
typically engage in NSF-sponsored AI research.

SRP expands NAIRR by democratizing, increasing the variety
of AI talent, and advancing safe, secure, and trustworthy AI. The
program explores changes to the approaches and practices of AI
research through collaborations between NAIRR projects and new
and emerging researchers–a crucial activity for future AI efforts.

KEYWORDS
Workforce Development, AI, Talent Development, U.S. NSF NAIRR,
Trustworthy AI
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1 INTRODUCTION
A critical challenge marking today’s complex artificial intelligence
(AI) ecosystem and landscape has been gaps in access to resources
for conducting research and training the next generation of re-
searchers. In the United States (U.S.), recognizing this issue, the
National Science Foundation (NSF) National Artificial Intelligence
Research Resource (NAIRR) Pilot was launched in January 2024
to provide a shared national research infrastructure designed to
bridge these gaps [10]. The espoused goal of the NAIRR Pilot was
to spur innovation, increase variety of talent, improve capacity,
and advance safe, secure, and trustworthy AI in research and so-
ciety. To that end, as described in this article, an evidence-based
program and approach has been adopted in pursuit of this goal in
keeping with the broader issue of AI access. More specifically, the
Sustainable Research Pathways (SRP) program is examined here
as a model for expanding access to NAIRR by matching existing
NAIRR researchers with faculty and students at accredited U.S. aca-
demic institutions of higher education who are new to NAIRR. Its
principal operative approach is to establish research collaborations
through an experiential practicum along with community build-
ing activities and participation and presentation of research in a
national professional forum.

AI has had a dramatic impact on scientific research with ubiq-
uitous effects. However, with it comes a set of complexities. The
ethical and fair development and engagement of AI is a topic of
much debate as a socio-technological issue, especially since some
algorithms have been found to mimic and exacerbate implicit un-
fairness and inequities in society [2]. Other problems have surfaced
with algorithms due to directive assumptions and lack of data,
resulting in the exclusion of some individuals from employment
recruitment efforts. While the reasons behind such outcomes are
complicated and under some debate, they suggest the importance
of developing an AI research ecosystem comprised of individuals
compelled and versed in the intricacies of related issues to ensure
a broad spectrum of perspectives and considerations—which also
speaks to a more democratized approach to AI disposition and
engagement.

Democratizing, increasing variety of talent, improving capacity,
and advancing safe, secure, and trustworthy AI require including
and meaningfully engaging a broad spectrum of talent in the AI
research enterprise. While a variety of efforts have been and are
underway, the current cyberinfrastructure workforce is largely
stagnant, reflecting a variety of complex socio-historical, political,
cultural, and economic issues [11, 13]. Typically, as in other fields,
AI researchers use their own networks to recruit collaborators just
in time for project awards, creating a self-perpetuating stationary
pool of talent. The NAIRR Pilot represents a significant opportunity
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to expand and establish the national AI research enterprise utilizing
a range of approaches in cultivating the AI workforce of the future.

It is in this sense that SRP for NAIRR (SRP-NAIRR) represents a
crucial activity for the future of AI efforts in the U.S. It has been
designed to address the perspectives and practices governing AI
research throughout participating NAIRR projects. The program
builds strong connections among existing NAIRR researchers and
new and emerging researchers across the country, especially those
who had not typically engaged in NSF AI research. The program is
based on a highly successful Sustainable Research Pathways pro-
gram established in 2014 to expand the U.S. Department of Energy
(DOE) National Laboratory workforce [4, 5]. The goal is to broaden
access to NAIRR resources by providing training opportunities and
building meaningful connections between NAIRR researchers and
new and emerging AI researchers and institutions.

2 SUSTAINABLE RESEARCH PATHWAYS
Sustainable Research Pathways (SRP) evidence-based techniques
are the foundation for the SRP-NAIRR program. SRP-NAIRR focuses
on three main affective strategies: 1) broadly recruit faculty/student
teams and independent students from a variety of backgrounds and
institution types, 2) establish meaningful collaborations through
an iterative and successively more intensive matching process, and
3) foster broadly participatory and innovative AI ecosystems.

The following components are fundamental SRP activities: 1)
recruit existing NAIRR project principal investigators (PIs) and
faculty-student teams and independent students not currently en-
gage in NAIRR and from accredited U.S. academic institutions of
higher education; 2) facilitate a virtual matching workshop to iden-
tify collaboration partners; 3) provide a 10-week summer experi-
ential research practicum; 4) organize post-summer Cultivating
Ubiquitous Learning Through InnoVATive and Engaging (CULTI-
VATE) Conversations seminars; and 5) fund participants to attend
the Building Engagement (BE) program at the Society of Industrial
and Applied Mathematics (SIAM) Computational Science and En-
gineering conference where they present their summer work and
begin to develop their professional standing.

The overall program design utilizes an integrated baseline in-
tervention model grounded in techniques for engaging people in
science, technology, engineering, and mathematics (STEM) [6], as
posited in, for example, the Tinto model of student engagement and
others [13–18]. SRP emphasizes five key focus areas, as shown in
Figure 1, all of which contribute to building and engaging epistemic
and professional community [6, 7].

As is apparent, the SRP is an integrated intervention approach,
drawing support and direction in research and practice [14]. Among
others, exemplary programs include the Meyerhoff Scholars [16],
Minority Engineering Program (MEP) [15, 17, 18], and The Math-
ematics Workshop [7] The Meyerhoff Scholars program focuses
on knowledge and skills, motivation and support, monitoring and
advising, and academic and social integration. Elements of the MEP,
which has been replicated on more than 100 campuses, include
strong pre-college and community college outreach, concentrated
efforts in working with freshman and sophomores, and empha-
sis on cooperative learning, clustering of students into learning
communities, study centers, professional development with role

Figure 1: SRP Baseline Intervention Model

models, academic support, and personal counseling. The Mathe-
matics Workshop, with more than 40 years of success, emphasizes
group learning and community building. SRP adopts and combines
a number of like features in its integrated approach, centered on
building community, academic preparation, and strengthening self-
efficacy.

In an overall sense, the SRP model has two principal defining fea-
tures. 1) It includes components that address community building
integrated through a mutually sustaining combination of academic
preparation, psychosocial support, career exploration and prepara-
tion, and professional and leadership development, as detailed in
Table 1. While each of these components contribute to breaking bar-
riers to participation, their combination and integration strengthen
the overall effect. Moreover, 2) SRP activities are realized in main-
stream professional scientific communities in ways that balance
critical mass and full engagement within and by the broader com-
munity. The point here is to strengthen the sense of community
and belonging across all participants. The focus is not on “fixing
the participant”; rather, the aim is to catalyze transformation and
participation within the broader community.

Table 1: SRP Baseline Intervention Model Components

Component Description

Academic
Preparation

Students receive appropriate preparation for the rigors
of STEM academic requirements, including expanded
familiarity and engagement with “the language of sci-
ence.”

Psycho-Social
Support

The individual develops a positive and active relation-
ship with the scientific culture and belonging in the
community.

Career
Development

It is essential for persistence that the individual devel-
ops a vision of eventual acquisition of a rewarding and
productive career.

Professional
Development

Individuals must acquire both technical and non-
technical skills necessary in professional life, including
an understanding of the unspoken rules and behaviors
of practice.

Leadership
Development

Skills and attitudes must be developed to conduct re-
search, lead people, and direct projects to thrive in
STEM.
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2.1 Recruiting
2.1.1 NAIRR Project Leader Applicants. SRP-NAIRR builds upon

a program originally designed to match DOE national laboratory
staff researchers with faculty and students who were unlikely to
engage with the DOE laboratories otherwise [6]. Extending this
idea to NAIRR led to recruiting existing NAIRR project leaders to
train other faculty and students, not then engaged with NAIRR,
on their projects and the use of NAIRR resources. NAIRR project
leaders were recruited through direct electronic mail messages and
communications through NAIRR community forums.

A total of 38 NAIRR project leaders responded to the call for SRP
participation, representing NAIRR projects: Classroom (5), Pilot
(26), and Resource allocation (7). Faculty principal investigator insti-
tutions ranged from Carnegie classification Research 1: Very High
Research Spending and Doctoral Production, Research 2: High Re-
search Spending and Doctoral Production, and Professions-focused
Baccalaureate Small, as shown in Figure 2.

Figure 2: Call for Participation: NAIRR Pilot Projects

2.1.2 Faculty/Student Team Applicants. The SRP model utilizes
faculty/student team cohorts to lower possible barriers for students
at smaller and less research-intensive institutions who may be reti-
cent to engage with high research organizations. The students enter
into the research experience with a faculty member with whom
they are already familiar, a factor which can provide certain levels
of psychological assurance and confidence [3, 9]. This relationship
can play a critical role in developing a sense of belonging in a
research community.

As a programmatic issue, belonging is a process that requires
intention. Encompassed in the SRP aims, belonging is a dynamic
relational process co-produced through interpersonal interactions
and can be influenced by leadership behaviors [1]. In that regard,
faculty/student teams or cohorts have been identified as effective in
expanding STEM participation and improving self-efficacy through
building a sense of epistemic belonging [8].

This approach also provides the advantage of including a re-
search trained faculty member on the team who is already familiar
with the student(s) and can play a transitional and bridging role,
collaborating with the project leader, and assisting in supervising
the student(s).

Thirty-nine faculty/student teams applied for SRP which in-
cluded 58 students to accompany the faculty. The teams represented
19 states, 31 institutions, and 7 department types, as shown in Figure
3.

Figure 3: Call for Participation: Faculty/Student Teams

2.1.3 Independent Student Applicants. Independent students
were recruited using electronic mail and social media posts through
the Sustainable Horizons Institute mailing list and social media
sites, as well as through partner organizations reaching over 12,000
individuals. One hundred forty-two students applied on their own,
representing 33 states, 69 academic institutions, and 52 different
majors. Student applicant institutions ranged from community col-
leges, predominantly undergraduate teaching institutions, and doc-
toral degree-granting institutions, as shown in Figure 4.

Figure 4: Call for Participation: Independent Students

2.2 Virtual Matching Workshop
The virtual matching workshop is a core component of SRP-NAIRR,
occurring over four days with sessions each day ranging from one
to two hours in length and providing successively more intensive
opportunities for participants to interact and explore possible col-
laborations. The workshop includes a welcome, lightning talks,
exploratory sessions for informal followup, and one-on-one meet-
ings to consider possible projects, culminating in the designation of
summer research preferences. The 2025 workshop was co-located
with matching for DOE national laboratories and the High Per-
formance Software Foundation (HPSF). Participation by track is
shown in Table 2, with a total of 171 participants in the matching
workshop.

SRP employs a deliberate two-way matching design. Potential
matches are identified when the faculty/student and the NAIRR
researcher both select each other. This approach creates some com-
petition for matches while also empowering individuals. NAIRR
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Table 2: Virtual Matching Workshop Participation by Track

Track Number of Participants

Project PI: NAIRR 20

Project PI: DOE Lab 18

Project PI: HPSF 5

Faculty 24

Students of Faculty 28

Independent Students 76

Total 171

researchers must compete for students, and students must compete
for projects; all the while, no one is assigned a match in which
they have not expressed an interest. Two-way matching begins the
formation of deeper, meaningful collaborative relationships.

A total of 45 faculty and students were matched with NAIRR
projects including 8 faculty with 12 students and 25 independent
students.

2.3 Research Experiences
Carrying out research tasks allows for increased mastery such that
the research experience itself represents an opportunity to develop
science self-efficacy [8]. Funded NAIRR projects fall into four main
categories: Healthcare and Biomedical AI, Smart Infrastructure and
Transportation, Energy and Climate Systems, and Foundational AI,
Safety, and Education. After matches were identified, participants
developed brief project plan proposals based on their interests rel-
ative to projects being conducted in these areas, describing the
team members (project leaders, faculty, and/or students), motiva-
tion, goals, approach/methodology, expected outcomes, computing
resource requirements, participation mode, collaboration plan, and
period of performance. The project plan proposals were reviewed
for support by an external review committee comprised of cyberin-
frastructure researchers and related professionals who evaluated
the technical merit and the potential developmental and profes-
sional impact on the faculty and students.

A total of 40 faculty and students were funded to collaborate with
14 NAIRR project PIs including 21 independent students, 7 faculty,
and 12 students of faculty. The student academic status was 63.6%
doctoral with master and undergraduate students representing
18.2% each. Thirty-four percent of students and 57% of faculty were
first generation scholars and 14% of students and 17% of faculty
were from Established Program to Stimulate Competitive Research
(EPSCoR) states, as shown in Figure 5. (EPSCoR states in the U.S. are
those that have been identified by the government as historically
receiving less federal research and development funding.)

Virtual office hours, question and answer sessions, and a kick-off
event prepare participants for the summer research experience. The
participants complete progress reports throughout the summer. A
mid-summer event provides a professional development activity
allowing participants to share, practice, and receive feedback on
their research progress. At the end of the summer, sessions are held
for participants to practice presenting lightning talks and to receive

Figure 5: NAIRR Summer Research Matches

feedback and suggestions for improvements to their presentations.
During an End of Summer Celebration event, participants share
their final results and engage in interactive discussions.

2.4 CULTIVATE Conversations seminars
Community building is a central theme for SRP and begins in the
matching workshop and continues throughout the summer and the
following fall and spring. Monthly Catalyzing Ubiquitous Learning
Through InnoVATive and Engaging (CULTIVATE) Conversations
seminars stimulate learning, maintain regular contact with the
community, and extend summer relationships. The sessions include
introductions to the activity and topic, interactive facilitated con-
versations, and discussions of what was learned and reflections on
their experiences. The activities are coordinated by SRP staff and
all faculty, students, and NAIRR researchers are invited. Fall 2026
CULTIVATE Conversations seminars include 1) Taking the Next
Steps in Utilizing NAIRR Assets and 2) Next Steps in Your Academic
Journey.

2.5 Research Presentations
After the summer experience, faculty and students have the oppor-
tunity to present their research results at the Society of Industrial
and Applied Mathematics (SIAM) Computational Science and En-
gineering professional conference, through the Building Engage-
ment (BE) program [12]. This kind of activity is critical for helping
students develop their professional standing and confidence in a
mainstream professional society. They experience critical mass in
the BE groups, while also participating in what may be their first
conference experience. BE offers activities aimed at extending and
deepening students’ connections with NAIRR researchers.

BE aims to include students early in their academic careers, in-
cluding community college and early undergraduates. For many
participants, BE is their first time attending a cyberinfrastructure
professional conference, or any scientific conference for that matter.
To make the experience more accessible, a variety of activities are
offered to demystify the often very dense technical material and
create a welcoming environment. A small number of community
volunteer faculty, graduate students, and professionals serve as
guides or leaders for focused activities that engage students in con-
ference venues, such as poster sessions, technical presentations,
and networking, career, professional, and leadership development.
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Pre-event sessions and participation in conference sessions serve
to strengthen the learning including technical discussions and tu-
torials. Training and mentoring are other important components
included in BE activities as described in Table 3.

Table 3: BE Activities

Activity Description

Welcome and
Question-
Answer
Session

Virtual welcome session six weeks prior to the start of
the conference, overview of activities, introduction to
the guided affinity groups.

Orientation Introduction of participants to the program and other
BE members. Conference agenda and program events
are reviewed. Includes structured networking activities
with other participants, conference organizers, SIAM
leadership, and BE committee. Held onsite prior to
conference student orientation and reception.

Guided
Affinity
Groups

Learning groups designed to help students get more
out of conference sessions. Led by volunteer profes-
sional society members, these groups explore confer-
ence topics from an entry level perspective. Affinity
groups meet virtually one month prior to the confer-
ence, meet daily each morning before the conference
sessions start, and attend conference sessions together.
Each group presents what was learned from the expe-
rience during a BE Wrap up session at the end of the
week.

Mentoring Mentoring engages students with mentors to encour-
age career development and professional incorpora-
tion. Volunteer mentors are recruited through the
conference registration system and then paired with
mentees based on questionnaires. Guided affinity
group leaders also serve as mentors and often recruit
their colleagues to visit the morning meetings and
serve as additional mentors.

Presentation
Tips and
Lightning
Talks

Session to learn effective presentation tech-niques
and tips. Participants share their work in a “lightning
round” session and address questions from the audi-
ence and receive constructive feedback.

Technical
Posters

BE participants are encouraged to present posters in
the conference poster session. Assistance with prepa-
rations is provided in the Lightning Talks session.

Wrap Up
Session

Participants present what they learned during the
week and through the Guided Affinity Group, and en-
gage in general networking.

2.6 Individual Accomplishments
Regarding accomplishments, note that SRP faculty alumni, which
includes those from non-research intensive institutions (e.g., Bronx
Community College, Texas State University, and University of South
Dakota), received NSF Early Career and DOE awards in the Reach-
ing a New Energy Sciences Workforce, Early Career, and Funding
for Accelerated, Inclusive Research programs, as well the Presiden-
tial Award for Excellence in Science, Mathematics, and Engineering
Mentoring. Also, student participants have been hired full time

at several DOE laboratories; decided to pursue graduate degrees;
won best paper and poster awards; been awarded the NSF Graduate
Research Fellowship and DOE Computational Science and Stock-
pile Stewardship Graduate Fellowships; presented their research at
venues such as the Supercomputing Conference; and participated
in the Oak Ridge National Lab Artificial Intelligence Workshop and
the Argonne Training Program on Extreme-Scale Computing.

3 SUMMARY AND CONCLUSION
Sustainable Research Pathways is an evidenced-based program
designed to establish effective ways of cultivating AI talent and
participation. More to the point, specifically in the U.S., it is poised
to address pressing challenges facing the country. The approach
and features of the SRP program constitute mechanisms for bridg-
ing gaps in access to NAIRR such that it potentially can develop
into a new paradigm for expanding STEM access and participation
more generally. While making significant progress in broadening
access and making AI accessible to all, SRP-NAIRR also has the
potential to bring a wide spectrum of perspectives to the devel-
opment of AI models and methods. SRP offers a path to building
strong connections among NAIRR researchers and institutions with
individuals across the U.S., including those who typically would
not have access nor opportunities to engage in related research.

The SRP approach to expanding NAIRR capacity offers an effec-
tive programmatic means to strengthen opportunities to democra-
tize, increase the variety of talent, improve capacity, and advance
safe, secure, and trustworthy AI. The program stimulates changing
perspectives and practices in AI research through participating
NAIRR projects and new and emerging researchers–a crucial activ-
ity for AI efforts today and in the future.
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ABSTRACT
T3-CIDERS is a multi-year train-the-trainer program that devel-
ops university faculty, researchers, and students as future trainers
(FTs) that are equipped to integrate advanced cyberinfrastructure
(CI) skills, including high-performance computing (HPC), machine
learning, big data analytics, and parallel programming, into cyber-
security research and education. This paper describes the iterative
redesign of T3-CIDERS from its first cohort (2024) to its second
cohort (2025–2026), motivated by systematic evidence collected
through pre/post surveys, daily reflections, observations, and in-
terviews. Challenges identified in Cohort 1, such as unequal par-
ticipant preparedness, participant fatigue from a dense schedule,
limited interactivity, and insufficient community building drove a
set of evidence-based program improvements. For Cohort 2, the
pre-training phase was substantially expanded to cover all six
technical modules and a foundational pedagogy module. The in-
person institute was restructured for more substantial interactivity
and engagement, adopting a rhythm of mini-lectures, hands-on CI
learning, guided discussions, and studio-based lesson development.
Community-building activities were strengthened through social
events during the institute, structured mentorship meetings, and
a new community webinar series. Early findings from Cohort 2,
drawing from reflections and direct feedback from the participants,
show increased participation in the program beyond the institute,
as well as confidence and eagerness to teach CI to others. This paper
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offers a reproducible model of iterative, evaluation-driven redesign
for HPC education and train-the-trainer programs.
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Non-degree Training, Hands-on

1 INTRODUCTION
Cybersecurity is a rapidly expanding field, crucial not only in in-
formation technology but across our tech-driven world [15]. Cy-
berattacks have become increasingly common and sophisticated
in today’s digital landscape, sparing no individual or organiza-
tion from potential threats [12, 13]. Cybersecurity research and
practice increasingly depend on advanced cyberinfrastructure (CI)
capabilities—encompassing big data analytics, artificial intelligence
(AI), high-performance computing (HPC), and parallel computing—
to detect threats, train large-scale models, and process massive
datasets at speed. This escalating challenge is compounded by a
critical shortage in the cybersecurity workforce. There is a shortage
of 4–5 million cybersecurity professionals globally according a 2024
ISC2 study [3]. Despite the growing importance of these CI tools in
the state-of-the-art cybersecurity research and practice, there has
been a persistent and systemic gap existing between CI availability
and CI readiness among the cybersecurity workforce. One notable
example is that traditional cybersecurity curricula at many institu-
tions do not incorporate meaningful training in these CI methods.
Closing this gap requires not merely more training resources or
events, but a scalable strategy for producing qualified trainers who
can bring CI skills into their own academic communities.
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T3-CIDERS, short for “Train-The-Trainer Approach to Fostering
CI- andData-Enabled Research in CyberSecurity” [14], is a train-the-
trainer program to increase the adoption of advanced cyberinfras-
tructure (CI) and data skills into the fabric of research and education
in cybersecurity and cyber-related disciplines. Rather than training
individual learners directly at scale, T3-CIDERS trains cohorts of
“future trainers” (FTs)—faculty, researchers, and students—who are
then equipped and obligated to conduct locally tailored CI training
at their own institutions. This multiplier effect positions each co-
hort as a node in a growing network of CI-competent cybersecurity
educators. T3-CIDERS promotes the acquisition and propagation
of expertise in CI technologies such as HPC, big data analytics,
and machine learning/AI among the participants and their respec-
tive communities. The program empowers them to conduct more
effective cybersecurity research. It aims to develop trainers in a com-
munity of next-generation cybersecurity researchers and educators
who are proficient in CI technologies.

This paper focuses on the iterative redesign of T3-CIDERS be-
tween its first cohort (2024) and its second cohort (2025–2026).
Following the model of evidence-based program improvement [1],
the design team systematically collected evaluation data from Co-
hort 1, identified specific challenges and pain points, and translated
them into concrete structural changes for Cohort 2. We describe
both cohorts, detail the redesign decisions and their rationale, and
present early evaluation findings from Cohort 2.

2 OVERVIEW OF THE T3-CIDERS PROGRAM
2.1 Vision and Goal
The overarching goal of T3-CIDERS is to accelerate state-of-the-art
research and development in cybersecurity and cyber-related fields
by (1) preparing competent trainers to broaden the utilization of
advanced CI in these disciplines, and (2) fostering a CI-enabled
cybersecurity research community of practice [10, 11]. As a train-
the-trainer program, T3-CIDERS is designed to be synergistic with
the teaching and research activities of its participants. Over time,
the accumulation of FT cohorts across institutions would produce
a diverse, self-sustaining community of practice of CI-competent
cybersecurity researchers and educators.

2.2 Target Audience
FTs are recruited from university faculty, researchers, students, and
practitioners with backgrounds in cybersecurity and cyber-related
fields. Basic computer programming proficiency is a prerequisite for
joining the program. Having prior experience with CI topics (HPC,
AI, etc.) is beneficial but not required, as the program provides
foundational instructions in these areas. FTs are organized into “FT
units” pairing one faculty or researcher with one or two students,
to encourage collaborative lesson development and peer learning.

2.3 Program Structure
T3-CIDERS engages FTs through a year-long program with six
interconnected phases [10]:

• Phase 1 – Pre-training: A self-paced, virtual training provid-
ing CI skills baseline and foundational pedagogical concepts,

enabling all FTs to enter the in-person institute with shared
foundational knowledge.

• Phase 2 – Summer/Winter Institute: An intensive, in-person,
multi-day training combining hands-on CI technical instruc-
tion with pedagogy and instructional design practice, culmi-
nating in FT teaching demonstrations.

• Phase 3 – Learning Engagement: Ongoing virtual meetups,
research webinars, and peer learning activities sustained
throughout the academic year.

• Phase 4 – Local Training: FT units are required to conduct
locally tailored CI training at their home institutions, with
support from the T3-CIDERS team.

• Phase 5 – K-12 Outreach: Optional, encouraged activities
to promote CI and cybersecurity awareness among K-12
students.

• Phase 6 – “Module-X”: Community-driven development
of new CI training modules addressing emerging research
needs, informed by FT’s and community’s input.

The first two phases serve as a condensed “boot camp” to build CI
and pedagogical competencies. The T3-CIDERS program leverages
the six hands-on CI modules [7] previouly developed within the
“DeapSECURE” training project [2, 6, 8, 9]. The remaining phases
represent the sustained outcomes: local dissemination, community
growth, and curriculum expansion.

The T3-CIDERS project is designed for multiple successive co-
horts. Cohort 1 completed the 2024 Summer Institute at Old Domin-
ion University (ODU). Cohort 2 completed the 2026Winter Institute
at the University of Arizona. A third hybrid cohort is being planned.
Beyond the funded period, an online adaptation (T3-Online) will
open the program to the broader public as an open educational
resource (OER).

3 COHORT 1 (YEAR 2024): DESIGN,
IMPLEMENTATION, AND EVALUATION

The T3-CIDERS design team adapted the Successive Approximation
Model (SAM) [1] as its guiding instructional design process, con-
sisting of preparation, iterative design, and iterative development
phases [10]. A distinctive feature of the design process was the
use of AI-generated learner personas to inform inclusive design
decisions in the absence of direct access to the first cohort of partic-
ipants [5]. Beyond that, the design process also involved multiple
rounds of content and context analyses, including task analyses
and learning objective development.

3.1 Recruitment, Pre-training, and Summer
Institute

The Cohort 1 call for participation was disseminated in Spring
2024 through Virginia’s research computing professional network
(MARIA—Mid-Atlantic Research Infrastructure Alliance), the Com-
monwealth Cyber Initiative, and cybersecurity researcher networks.
A total of 20 FTs participated in the 2024 Summer Institute: 8 faculty
and researchers and 12 students (graduate and undergraduate) [10].
Participants represented multiple states (New York, North Carolina,
Texas, Virginia, and Washington), and a range of institution types.
The majority of FTs indicated primary research or study areas in
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cybersecurity, followed by AI/ML, computer science, data science,
and electrical and computer engineering.

Pre-training was delivered in Spring 2024 as a four-week self-
paced virtual course on Canvas, covering two DeapSECURE mod-
ules: Introduction to HPC and Dealing with Big Data—each with
lecture materials, readings, case studies, and hands-on Jupyter note-
book activities. The 2024 Summer Institute was held July 29–August
2 at ODU in Norfolk, Virginia. The five-day program covered CI
technical topics (Machine Learning, Deep Learning, Cryptography,
and Parallel Programming), foundations of education and instruc-
tional design, lesson planning studio sessions, expert panels (cyber-
security practitioners and K-12 educators), and a capstone teaching
demonstration by each FT unit.

3.2 Post-Institute Local Training and Module-X
Following the Summer Institute, the team continued to engage FTs
virtually through newsletters, announcements via Discord, and
optional meetings with the team.

3.2.1 Local Training. Many of the FT units from Cohort 1 suc-
cessfully delivered their local training activities following the Sum-
mer Institute attendance, as showcased in Table 1. The total number
of impacted learners across all the local training events is conser-
vatively estimated at about 75.

Table 1: Local training and outreach activities conducted by
Cohort 1 FT units.

Event Description Type Date(s) Num.
Learners

CTRL+ALT+ELITE –
Level Up Your Skills With
the Command Line

High school
outreach
workshop

April 2025 16

Federated Learning
hands-on lesson

Graduate
course lab April 2025 9

Generative AI Capture the
Flag

Virtual con-
test Unknown Unknown

Introductory workshops
on AI/ML

Hands-on
workshops

November
2024 25

Transformer Model
Architecture Seminar April 2025 Unknown

Intro to HPC & Intro to
Machine Learning

Hands-on
workshops Fall 2024 Unknown

Tutorial on Linux
Command Line

Video tuto-
rial

Summer
2025 N/A

3.2.2 Module-X: Federated Learning. The “Module-X” compo-
nent of T3-CIDERS encourages FTs to develop and contribute ad-
ditional training materials on emerging CI and/or cybersecurity
topics. One of the FT units developed such a new module in close
collaboration with the T3-CIDERS team. After completing the core
CI training during the 2024 Summer Institute, this FT group devel-
oped a small hands-on lab on the topic of federated learning (FL)
and delivered this lab in a graduate-level machine learning class
(Spring 2025). Afterwards, they generalized and extended their lab
materials to create a hands-on introductory FL lesson. FL is a branch
of privacy-preserving machine learning, which is well aligned with
their research interests. FL enables collaborative model training

across decentralized clients without sharing the raw data, making
it highly relevant for privacy-sensitive cybersecurity applications.
The module was designed as a scaffolded, hands-on workshop that
balances conceptual understanding with practical experimentation.
The module was developed over the Fall 2025 semester and re-
fined into a deployable instructional unit, which was demonstrated
during the second cohort’s Winter Institute.

Instructional Design: The FL module follows a progressive struc-
ture, guiding learners from foundational concepts to more advanced
topics. It begins with the core FL workflow, including local model
training and server-side aggregation, and then introduces chal-
lenges such as data heterogeneity and system variability. Subse-
quent components explore optimization strategies and security
considerations, enabling participants to understand both perfor-
mance and robustness aspects of FL.

Hands-on Implementation: To support experiential learning, the
FL module is implemented through Jupyter notebook-based exer-
cises executed on a HPC platform. Participants interact with real
training pipelines, modify configurations, and observe the impact
of factors such as non-IID (independent and identically distributed)
data and algorithmic choices on model convergence and accuracy.

3.3 Evaluation
T3-CIDERS evaluation employed a mixed-methods design aligned
with Kirkpatrick’s Four-Level Evaluation approach [4] including
pre-surveys, daily reflections, post-institute surveys, observations,
and post-cohort interviews. Initial results from Cohort 1 pre/post
surveys (20 and 16 respondents, respectively) showed encouraging
improvements in FT self-assessed CI knowledge, motivation, and
confidence to teach. Qualitative feedback from daily reflections
highlighted participant enthusiasm and creative planning for lo-
cal training activities. However, the design team’s retrospective
analysis, through review of planning documents, implementation
records, and weekly meeting notes, along with deeper qualitative
feedback from interviews surfaced a set of specific challenges that
would guide the redesign for the next cohort:

• Unequal Preparedness: FTs arrived with widely varying CI
backgrounds; pre-training (HPC + Big Data) did not fully
bridge the gap for participants with minimal prior CI experi-
ence, especially for advanced topics at the Institute.

• Fatigue and Pacing: The dense five-day schedule with heavy
lecture content led to participant fatigue and reduced content
absorption, particularly in the second half of the week.

• Limited Interactivity: Content was often delivered in lec-
ture format with insufficient time for discussion, peer learn-
ing, and active application. Studio sessions, while valuable,
needed greater scaffolding.

• Student Disengagement Post-Institute: Nearly half of student
FTs became disengaged after the Summer Institute, resulting
in low participation in local teaching activities and ongoing
learning engagements.

• Insufficient Community Building: Participants reported insuf-
ficient opportunities to build interpersonal connections and
research networks during the Institute; community engage-
ment post-Institute was limited.
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• Operational Bottlenecks: Centralized team responsibilities,
late announcements, and Discord platform underutilization
created logistical friction. Lesson plan completion was de-
ferred post-Institute, creating an ongoing “assignment bur-
den”.

4 COHORT 2 REDESIGN AND
IMPLEMENTATION

The transition from Cohort 1 to Cohort 2 was guided by a set of
evidence-based redesign principles: (1) responsive design—using
Cohort 1 evaluation to inform meaningful improvements while
avoiding wholesale program overhaul; (2) balancing depth and
accessibility—expanding pre-training so the in-person institute can
engage more deeply; (3) building sustainable trainer communities
through mentorship and structured community platforms; and (4)
operationalizing pedagogical improvements so that training design
itself models best pedagogical practices.

4.1 Operational Improvements
Cohort 2 recruitment began significantly earlier, enabling wider
outreach, a larger candidate pool, and a more deliberate selection
process. The team employed a structured voting process among
PIs to evaluate applicants, ultimately selecting 20 FTs from a large
pool of candidates. Operationally, the team distributed responsi-
bilities more explicitly through role specifications, and shifted pri-
mary community communication from Discord to email (which
proved more reliable for participants). Centralized master plan-
ning documents and a shared Google Drive workspace improved
coordination.

4.2 Pre-training Expansion
One of the most substantial structural changes for Cohort 2 was the
significant expansion of the pre-training phase. Whereas Cohort 1
pre-training covered only two modules (HPC and Big Data) with
full hands-on activities, Cohort 2 pre-training expanded to cover all
six core DeapSECURE CI topics and added a dedicated pedagogy
module, for an estimated total of approximately 16 hours of content.
Table 2 summarizes the revised pre-training curriculum.

Table 2: Cohort 2 Pre-training Modules

Module Topic Type Hours
1 Big Data (Jupyter, Pandas) Lecture video* 1

Jupyter & Pandas Hands-on 4
2 HPC (Unix shell, SLURM) Lecture video* 1

Shell & SLURM job scheduler Hands-on 4
3 Educational Foundation Lecture video* 2
4 Machine Learning Lecture video* 1
5 Neural Networks Lecture video* 1
6 Cryptography Lecture video* 1
7 Parallel Programming Lecture video* 1

The rationale for this expansion was to ensure that all FTs arrive
at the in-person Winter Institute with at least a conceptual famil-
iarity with each CI topic, regardless of their background. Modules
1 and 2 retain full hands-on activities; Modules 4–7 provide lecture-
based overview videos and carefully curated reading materials

without the hands-on activities to avoid overwhelming participants
before the institute, while still broadening their exposure. The new
pedagogy module (Module 3) provides foundational concepts in
instructional design and adult learning, enabling FTs to connect
pedagogical theory to practice more readily during the institute’s
studio sessions. Complex readings and external platform materi-
als used in Cohort 1 were removed or simplified. Each module
includes reflection questions; FTs are asked to respond with brief
video podcasts or written reflections, promoting engagement and
metacognitive processing before the institute.

4.3 Winter Institute (2026): Redesign and
Implementation

The T3-CIDERS Winter Institute (WI), held from January 5–9, 2026
at the University of Arizona, served as a central program for Co-
hort 2. Building on evaluation findings and observations from the
inaugural 2024 Summer Institute, the 2026 WI was strategically
redesigned to address key challenges, including uneven partici-
pant preparedness, limited engagement, and insufficient time for
hands-on and instructional development activities. The key changes
include: (1) moving lecture-based contents to the pre-training phase;
(2) increased time for hands-on activities and lesson development;
(3) increased social activities; and (4) reduction of the institute time
from five to four days.

4.3.1 Strategic Shift to Asynchronous Pre-Training. Amajor mod-
ification was the relocation of all the technical lectures into the
expanded pre-training phase. Compared to the 2024 Summer Insti-
tute, where lectures and hands-on activities were co-located dur-
ing the event, the 2026 WI moved foundational instructions to an
asynchronous format prior to the institute. Participants completed
approximately 16 hours of pre-training, which included recorded
lecture-based overviews of four additional core CI modules. By
front-loading more contents in the expanded pre-training, partici-
pants arrived at the WI with a more consistent baseline of knowl-
edge. This shift also allowed the institute to be shortened from five
to four days without sacrificing quality. This strategy significantly
reduced the need for lecture-heavy sessions during the institute
and enabled a stronger focus on more interactive and high-impact
learning activities, as well as FTs’ own lesson development rather
than broad content coverage.

4.3.2 On-Site Program Structure. With lectures largely moved to
pre-training, the on-site institute adopted a refined daily structure
that emphasized hands-on practice and pedagogical development
(see Table 3 for the detailed timetable of the contents):

• Morning sessions were dedicated to intensive, hands-on tech-
nical CI training aligned with the four core CI modules now
added into pre-training: machine learning, neural networks,
cryptography (including homomorphic encryption), and par-
allel programming. Mini-lectures were added as a refresher
on the key points, as well as guided discussions. Rather
than introducing new concepts through lectures, these ses-
sions focused on experiential learning, including tool usage,
problem-solving, and guided exploration of CI workflows.
This approach allowed participants to deepen their under-
standing through active engagement.
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• Afternoon sessions shifted toward pedagogical training and
instructional design. Participants were introduced to key
teaching strategies through concise lectures, followed by
collaborative discussions and structured “studio time.” Dur-
ing these sessions, FT units worked to develop their own
training materials using the provided templates, including
learning objectives, instructional activities, and evaluation
plans.

Table 3: Cohort 2 Winter Institute Contents

Category Day 1 Day 2 Day 3 Day 4
CI
discussion

Mini-lecture (tech hands-on orientation);
Group discussions (CI application for research)

CI
hands-on

Machine
learning

Neural
networks

Cryptography Parallel pro-
gramming

Pedagogy
lecture &
hands-on

Education
basic,
objectives,
proposal

Backward
design;
lesson
planning;
Module-X
demo

Instructional
design

Activity
showcase
(1)

Studio time Training
proposal

Lesson
planning;
evaluation
plan

Activity
design

Activity
showcase
(2)

A notable addition to the 2026WI was the inclusion of a “Module-
X” session, delivered by a former FT from the 2024 cohort. (The
design and development of this module have been discussed in
the previous section.) This FT presented the newly built federated
learning module on Tuesday afternoon (day 2). Beyond its techni-
cal content, this new module also serves as a proof-of-concept for
sustainable curriculum evolution, demonstrating how participants
from earlier cohorts can contribute new modules back into the pro-
gram. Overall, the Module-X development highlights T3-CIDERS’
emphasis on modular, participant-driven curriculum design and
reinforces its goal of equipping future trainers with both technical
depth and instructional capacity.

To reinforce progress and reduce post-institute workload, partic-
ipants were required to produce incremental deliverables through-
out the week. This ensured that by the conclusion of the institute,
most FT units had developed substantial portions of their lesson
plans, minimizing the need to complete assignments after returning
to their home institutions.

4.3.3 Community Building and Engagement. To strengthen par-
ticipant engagement and address challenges observed in the 2024
cohort, the 2026 WI emphasized collaborative and interactive learn-
ing throughout the program. Structured development time enabled
participants to iteratively design and refine their training materials
in the studio during afternoon sessions with real-time feedback,
peer collaboration, and continuous instructional support. We de-
sign the pedagogical activities to increase student FT’s engagement
by encouraging them to take a lead role during lesson design and
planning, teaching demonstrations, as well as post-institute local
training. In addition, the 2026 institute incorporatedmore social and
networking activities aimed at fostering a community of practice.

4.3.4 Transition to Local Implementation. The Winter Institute
concluded with a transition from centralized training to decentral-
ized implementation. Equipped with near-complete lesson plans
and strengthened technical and pedagogical skills, participants
were prepared to carry out local training activities at their home
institutions.

Preliminary observations suggest that this redesigned structure
enabled earlier and more effective deployment of local teaching
activities compared to the previous cohort. This outcome aligns
with the core objective of T3-CIDERS: to empower participants
to act as trainers and disseminate CI knowledge within their own
academic and research communities.

5 THE SECOND COHORT INITIAL
EXPERIENCE (2025–2026)

5.1 Participant Recruitment and Selection
The strengthened recruitment effort for Cohort 2025 yielded a sub-
stantially larger and more competitive applicant pool than the inau-
gural cohort. A total of 42 individuals from 15 institutions applied,
of whom 25 were faculty or staff and 17 were students. Following
a structured review process in which the principal investigators
evaluated and voted on the applications, acceptance offers were
extended to 23 individuals. Only 20 were able to attend the Winter
Institute. The cohort was organized into ten FT units, with pairing
decisions made primarily based on home institution or geographic
proximity to facilitate practical collaboration in lesson planning
and local training delivery. Most units consist of two FTs; one unit
has three members, and one is a single member. Six of the ten units
include at least one student member.

5.2 Cohort Demographics and Institutional
Profile

The 20 participating FTs represent a broad cross-section of academic
roles. Among non-student FTs, seven hold research tenure-track
faculty positions (including one professor, one associate professor,
and five assistant professors), three are teaching faculty or lecturers
in non-tenure-track roles, one is a postdoctoral associate, and two
are staff members. The seven student FTs include four Ph.D. stu-
dents, two M.S. students, and one undergraduate student. In terms
of gender, 14 FTs identified as male, five as female, and one preferred
not to answer.

From the academic disciplines standpoint, the majority of FTs
(nine) are affiliated with computer science departments, with three
from electrical and computer engineering, and the remainder drawn
from information systems, applied mathematics, cybersecurity, and
research computing services. Seven FTs indicated research interests
spanning both AI (or a subfield of AI) and cybersecurity—reflecting
a stronger alignment between participants’ technical backgrounds
and the program’s core curriculum than was seen in the first cohort.

The ten home institutions span ten states: Arizona, California,
Colorado, Hawaii, Iowa, Indiana, Massachusetts, Nebraska, Oregon,
andVirginia (Figure 3). Six institutions carry an R1 doctoral research
classification, two are R2, and two are classified as research colleges
and universities. Eight are large public universities; two are private
institutions, one small and one medium-sized. Three of the ten
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Figure 1: Academic status distribution of the 2025-2026 co-
hort.
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1
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Figure 2: Academic departments indicated by the FTs (2025-
2026 cohort).

institutions hold one or more minority-serving institution (MSI)
designations — reflecting the program’s commitment to broadening
participation in CI-enabled cybersecurity research across diverse
institutional contexts.

5.3 The 2026 Winter Institute
The 2026 Winter Institute was held at the University of Arizona in
Tucson in January 2026, marking the first time the in-person insti-
tute was hosted outside of ODU. The four-day program reflected
the structural and pedagogical redesigns described in Section 4: a
compressed and better-paced schedule, a consistent daily rhythm
alternating between technical and pedagogical content, and a de-
liberate emphasis on interactive discussion and hands-on activity
over extended lecture. Each morning opened with a brief technical
recap followed by guided discussion prompts that asked FTs to
connect CI concepts to their own research or institutional contexts,
before moving into hands-on lab work. Afternoons were devoted

Figure 3: Geographical distribution of the Cohort 2 FTs’ home
institutions (created with mapchart.net).

to pedagogical sessions and structured studio time, during which
FTs worked on their lesson plans using scaffolded templates — with
the explicit goal of leaving the institute with substantially complete
plans ready for local deployment. Social and community-building
activities were woven throughout the four days, including: a wel-
come reception on the first evening, a cohort dinner on the fourth
evening, organized tours of research facilities, and an optional hik-
ing tour the day after the institute. These provided informal settings
in which FTs could build personal connections alongside their tech-
nical and pedagogical work, thus facilitating a more cohesive and
connected cohort that may extend the engagement beyond the
institute.

5.4 Initial Reactions and Findings
Formal analysis of the pre- and post-institute survey data and in-
terview transcripts for Cohort 2 is ongoing and will be reported
comprehensively in a forthcoming publication. However, early indi-
cators from participant reflections and unsolicited public feedback
suggest a positive reception.

Several FTs shared their experiences on LinkedIn following the
Winter Institute. Their posts point to three recurring themes: First,
participants highlighted the value of the pedagogical content—
specifically the theory-informed, evidence-based approach to in-
structional design—as something that offered new and practically
applicable perspectives on curriculum development and course
design. Second, they emphasized the utility of the T3-CIDERS tech-
nical materials as resources directly transferable to their own CI-
and AI-related courses. Third, participants consistently pointed
to the professional networking and potential research collabora-
tion opportunities afforded by the cohort experience as meaningful
program outcomes in their own right.

These early signals are consistent with the program’s intended
impact at Kirkpatrick’s first two levels—reaction and learning—and
provide an encouraging precursor to themore systematic evaluation
findings that are in process.
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5.5 Remaining Cohort 2025 Activities
With the Winter Institute complete, FT units have moved into the
local training and ongoing engagement phases of the cohort year.
During this period, the T3-CIDERS team is engaged in structured
one-on-one mentorship meetings between FT units and project
team members to provide individualized guidance for lesson plan
refinement and local training preparation. As of the time of writing,
five FT units have already delivered their local training activities—a
notably higher early completion rate compared to Cohort 2024,
which the project team attributes in large part to the redesigned
studio sessions that enabled FTs to leave the institute with more
fully developed lesson plans. The remaining units have confirmed
plans for training delivery in the near term.

On the community engagement front, the inaugural T3-CIDERS
community webinar (April 1, 2026) drew participation from both
cohort members and external attendees. Subsequent webinars are
planned, with upcoming sessions to feature presentations by cohort
members themselves—both deepening FTs’ experience as presen-
ters and extending the program’s reach to a growing external audi-
ence. These activities collectively represent the ongoing learning
engagement phase that sustains community momentum between
the intensive institute experience and the longer-term community
of practice that T3-CIDERS aims to cultivate.

6 T3-ONLINE: TOWARD A SCALABLE
TRAIN-THE-TRAINER

The first two cohorts of T3-CIDERS have demonstrated that an
intensive, in-person train-the-trainer model can effectively build
CI competencies and seed a community of practice. However, the
cohort-based, in-person format inherently constrains program reach:
each institute accommodates roughly twenty FTs, requires substan-
tial travel and hosting resources, and is bounded by the institutional
and regional networks through which recruitment is conducted.
Building on the lessons learned from two in-person cohorts, the
T3-CIDERS team is developing an asynchronous, self-paced online
adaptation of the program, known as “T3-Online”, to be released
publicly as an Open Educational Resource (OER), thus extending
the program’s reach to faculty, researchers, students, industry prac-
titioners, K-12 educators, and international participants who cannot
be part of the in-person cohorts.

6.1 Design and Implementation of T3-Online
The design of T3-Online follows the same SAM-based iterative
process used for the in-person program (see Fig. 4), proceeding
through preparation, iterative design, and iterative development
phases. The preparation phase draws directly on the rich evaluation
dataset accumulated across Cohorts 1 and 2—demographic profiles,
prior-experience data, and identified pain points—to construct em-
pirically grounded learner personas and inform content chunking,
cognitive load management, and scaffolding strategies suited to
asynchronous delivery. The Cohort 2 pre-training curriculum and
the federated learning Module-X serve as the primary content foun-
dation, with materials re-mediated for self-paced formats where
needed. Through its stages of development, the T3-Online materials
will be advanced from the alpha stage, to beta, and finally to gold.

Figure 4: The iterative design and development process of
T3-CIDERS, which is roughly subdivided into three ma-
jor phases following the Sucessive Approximation Method
(SAM): Preparation, iterative design, and iterative develop-
ment. T3-Online will follow the same pattern, building upon
the experiences of T3-CIDERS cohorts.

The planned module structure follows a consistent architecture:
short video lectures introducing core concepts; embedded or linked
Jupyter notebooks, or access to an HPC sandbox environment for
hands-on practice; self-check quizzes for formative assessment; re-
flection prompts (text or video) modeled on the Cohort 2’s metacog-
nitive activities; downloadable lesson-plan templates that learners
progressively complete throughout the program; and a capstone
teaching-demonstration submission that mirrors the culminating
activity of the in-person institute.

Pedagogical scaffolding from the Cohort 2 redesign will be car-
ried forward and adapted. The in-person cohort daily rhythm of
mini-lectures, guided discussions, and extended studio time be-
comes a sequence of recorded mini-lectures with embedded discus-
sion prompts, threaded discussion forums for asynchronous peer
exchange, structured studio activities completed independently or
in self-organized FT units, and scheduled live “office hours” pro-
viding synchronous touchpoints with the project team without
requiring synchronous attendance from all learners.

6.2 Cohort 3: A Hybrid Pilot of T3-Online
Cohort 3 will be conducted as a hybrid pilot that simultaneously
serves two purposes: it delivers the train-the-trainer experience
to a new group of FTs, and it provides the formative evaluation
needed to advance T3-Online from beta to the final gold stage.

The hybrid Cohort 3 experience will comprise three phases:
(1) Pre-institute phase: FTs complete the full beta version of T3-Online
asynchronously over a defined window prior to the in-person event.
(2) Local-prep phase: FT units draft lesson plans and training ma-
terials using T3-Online’s beta templates, with virtual mentorship
checkpoints from the project team. (3) In-person phase: a condensed
two-day institute focused almost entirely on FT teaching demon-
strations, peer feedback, lesson-plan refinement, and community-
building, rather than on content delivery.

The compression of the in-person institute from four days (Co-
hort 2) to two days is justified by the front-loading of technical
and pedagogical contents into the online program. The remaining
in-person time is reserved for the highest-bandwidth activities:
live teaching practice, peer feedback, networking, and mentorship,
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which Cohort 1 and 2 evaluation consistently identified as the most
valuable elements of the program.

6.3 Rollout of T3-Online
At the conclusion of the project’s current funding period by U.S. Na-
tional Science Foundation, T3-Online will be released publicly as an
Open Educational Resource, freely accessible to the cybersecurity
and broader CI education communities. Web-based delivery is in-
tended to maximize dissemination. Sustainability beyond the grant
period will depend in part on identifying institutionally-supported
personnel to maintain content currency and to facilitate periodic
Module-X additions contributed by the growing FT alumni com-
munity.

7 CONCLUSION
T3-CIDERS demonstrates that a rigorous, evaluation-driven ap-
proach to train-the-trainer program design can meaningfully ad-
vance the adoption of advanced cyberinfrastructure skills in cy-
bersecurity research and education. Across its first two cohorts,
the program has prepared forty future trainers drawn from diverse
institutions nationwide, producing a growing body of locally tai-
lored CI training activities that have collectively reached nearly two
hundred learners at their home institutions. The program’s core
commitment to iterative improvement is demonstrated by trans-
lating the challenges identified from the first cohort into concrete
redesigns of the pre-training curriculum, the in-person institute
structure, the pedagogical approach, and the community engage-
ment strategy. Early indicators from Cohort 2 suggest stronger
pre-institute readiness, higher post-institute engagement with local
training activities, and greater participant enthusiasm for teaching
CI to others. The effort toward building a community-of-practice is
also beginning to take shape, as cross-cohort connections form, a
Module-X contribution, and a new webinar series opens the pro-
gram to participants beyond enrolled cohorts. Looking ahead, the
development of T3-Online as an open educational resource will
extend the program’s reach to faculty, researchers, students, and
practitioners beyond the current project funding’s lifetime. The up-
coming hybrid Cohort 3 model ensures that the online adaptation
is validated against real learners before the public release. Together,
these efforts constitute a scalable, reproducible, and community-
sustained model for closing the CI skills gap in cybersecurity—one
trainer, one institution, and one cohort at a time.
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ABSTRACT
The Cornell Virtual Workshop (CVW) is a continually updated HPC
training platform with about forty roadmaps and more than two
thousand pages, organized in a three-level hierarchy of roadmaps,
topics, and pages. The CVW’s traditional keyword search works
poorly for users who lack domain terminology or want navigational
guidance rather than a specific page. We describe a RAG-based chat-
bot that routes each query to a retriever matched to the appropriate
level of the content hierarchy, ensuring that navigational queries
return information about CVW structure and factual queries return
specific page content. The chatbot is built with LangGraph and
uses a hybrid BM25 and FAISS retrieval pipeline with cross-encoder
reranking. A fixed-path pipeline provides prompt-injection defense,
query rewriting, post-generation URL verification, and graceful
handling of out-of-scope queries.

KEYWORDS
RAG, LLM, HPC, AI chatbot, Hybrid Retrieval, Hierarchical Re-
trieval, Query Routing, HPC Training, Workforce Development

1 INTRODUCTION
The Cornell VirtualWorkshop [4] (CVW) is an online asynchronous
training platform for high-performance computing developed by
the Cornell Center for Advanced Computing, currently containing
about forty roadmaps, with about 300K page views per year.We help
people find the right content by organizing material into roadmaps,
topics, and pages; adding keyword tags to each topic; and providing
two types of traditional searches. In our observation, the quality
of results from traditional site-specific searches depends on using
specific terminology and keywords that may be unfamiliar to new
learners.

We developed a Retrieval-Augmented Generation (RAG) chatbot
based on CVW content to answer natural language queries without
requiring CVW-specific terminology. The chatbot is intended to di-
rect learners to the CVWmaterials, not replace them, so it provides
a single, accurate answer that includes both the answer and a link
to the in-context information.
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We chose to use a RAG solution because it allowed us to use
a general-purpose large language model (LLM) to answer queries
using only CVW content and reduce AI hallucinations [6].

Our chatbot contributes the following:

• a hierarchy-aware RAG design that routes each query to a
level-filtered retriever (roadmap, topic, or page), ensuring
that navigational queries return structured overviews and
factual queries return specific page content

• a fixed-path LangGraph pipeline with explicit nodes for
prompt-injection defense, query rewriting, multi-level re-
trieval, post-generation URL verification, and graceful han-
dling of vague and out-of-scope queries

2 RELATEDWORK
Several recent efforts use LLMs to support HPC education and
training. Within the HPC-ED project, Morsy et al. [8] demonstrate
the potential of using LLMs as a quality assurance tool to review
HPC training catalog metadata at scale.

Other works have focused on adding a retrieval layer between
the LLM and HPC data. Miyashita et al. [7] extend RAG by allowing
the system to execute a set of predefined commands and feed the
output back as context for user queries.

Closest to our work, Bondapalli et al. [1] present AskHPC, a
RAG-based chatbot for HPC users that uses facility user guides
and scheduler and programming documentation as the corpus. In
contrast, our chatbot is built around CVW, a hierarchically struc-
tured corpus, to route queries to roadmap-, topic-, and page-level
retrievers.

3 SYSTEM DESIGN
CVW users ask questions at all three levels of its content hierarchy:
some want a learning path, others a specific page, and others a topic
overview. This section describes how we encode that structure in
the chatbot’s ingestion, retrieval, and routing components.

3.1 Corpus: Cornell Virtual Workshop
Cornell Virtual Workshop content is organized in a three-level
hierarchy. At the top, a roadmap is a learning sequence on a single
subject area, consisting of 5–10 topics listed in a suggested order.
Each topic contains a set of individual pages that cover specific
concepts, examples, or exercises. Each roadmap and topic includes
structured metadata, such as a description, learning objectives, and
prerequisites; roadmaps also specify system requirements. CVW
pages follow the URL structure cvw.cac.cornell.edu/<roadmap>
/<topic>/<page>.
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3.2 Ingestion and Chunking
CVW pages are written as ASP.NET Razor pages with JSON, C#,
and a database back end. The files used to build the corpus contain
a mix of HTML markup and Razor directives. Before any file is
processed, we use Python to strip out these elements, except for
<pre><code> blocks, which are preserved verbatim. We do so by
replacing each code block with a sentinel placeholder, removing
the HTML tags and Razor directives, and then restoring the code
blocks.

We then split pages with a recursive character splitter into 512-
character chunks with 64-character overlap, treating each as an
indexable document. We chose 512 characters because CVW pages
are prose-heavy, and smaller chunks generally improve semantic
retrieval when matching against user queries. Future work may
evaluate other chunk sizes.

In addition to the chunked page documents, we construct a sin-
gle synthetic summary document for each roadmap and each topic.
A roadmap summary contains the roadmap’s description, learning
objectives, prerequisites, and system requirements, followed by a
flat list of its topics with brief descriptions. A topic summary con-
tains the topic’s description, objectives, prerequisites, and keyword
list, followed by a flat list of its pages by title. These documents
are indexed unchunked because splitting them would sever the
relationship between labeled fields and their values, and would dis-
tribute the child listing across separate chunks. If the retriever did
not return all the chunks, the LLM could not accurately summarize
roadmap and topic contents. The summaries are compact by design
— typically a few hundred to roughly a thousand characters — so the
cost of keeping them whole is low. Because each retriever is filtered
to a single corpus level (roadmap, topic, or page), a generation node
always receives either summary documents or page chunks.

Every chunk and summary document also carries structured
metadata identifying its source, such as the roadmap and topic it
belongs to, its CVWURL, and the topic description (or, for roadmap-
level documents, the roadmap description).

3.3 Embeddings and Vector Store
In the embedding phase, all documents — both page chunks and syn-
thetic summaries— are encoded using the text-embedding-ada-002
embedding model from OpenAI. The resulting vectors are stored
in a single FAISS (Facebook AI Similarity Search) index [3] shared
across all three corpus levels. Level-filtered queries at retrieval
time make this functionally equivalent to maintaining separate
indexes per level, while simplifying index maintenance. The index
is rebuilt from source only when a new rebuild token is set via an
environment variable; otherwise it is loaded from disk on startup.

3.4 Pipeline
When a user sends a query, it passes through a pipeline implemented
in LangGraph [5]. All queries follow a fixed sequence of nodes
(Figure 1): Guard, Understand-and-Classify, one of Roadmap, Topic,
Page, or Clarify, then URL-Verification, optionally Rate, then Log.
Each node is a function that reads from and writes to a shared State
object.

The initial Guard node strips invisible or non-printing Unicode
characters from the input. It then checks the sanitized text with reg-
ular expressions against a set of common prompt-injection phrases,
and also checks whether any base64 or hexadecimal runs in the
query contain injection patterns when decoded. Queries shorter
than 3 or longer than 2000 characters are also rejected. If any check
fails, the pipeline exits immediately and returns a refusal without
calling an LLM API.

The Understand node first rewrites the user query to produce
a cleaned query that corrects grammatical or spelling errors and
uses past conversations to form a complete question. For example,
if a user first asks about Linux and then follows up with “How do
I learn it?”, the Understand node infers that “it" refers to Linux
and produces a standalone query “How do I learn Linux?”. The
Understand node also generates a list of retrieval keywords, the
main subjects of the query plus synonyms and related technical
terms, that are likely to appear in relevant documents.

The Classify node routes the cleaned query to one of four nodes:
Roadmap, Topic, Page, or Clarify. An LLM call at temperature 0
makes the routing decision on the cleaned query. The prompt de-
fines the four routes: roadmaps for queries seeking a learning se-
quence or structured path; topic for queries that explicitly reference
a CVW topic or ask for a topic-level overview; page for concrete
how-to and reference questions, which is also the default when
neither of the other labels applies; and clarify for out-of-scope, code-
generation, and vague requests. Although originally implemented
as two separate nodes, Understand and Classify were merged into
a single LLM call to reduce round-trip latency.

The Clarify node handles queries that are out of scope or too
vague to retrieve against. If the query is still within the HPC scope
but vague, the node responds with a brief clarifying question; if the
query is entirely out of scope, it returns a one-sentence refusal.

In the Roadmap, Topic, and Page nodes, the retrieval keywords
generated by the Understand node serve as the search query; if
no keywords are produced, the cleaned query is used instead. The
query is passed to the corresponding retriever described in Sec-
tion 3.5, and the top-𝑛 reranked documents are spliced into the an-
swer generation prompt. We developed the routing prompt through
iterative manual inspection of the 30-case internal example set de-
scribed in Section 5. The selected node sends the system prompt,
the top-𝑛 reranked documents, and the cleaned query to the LLM,
which produces an answer. If no documents are retrieved, a fixed
message states that the CVW does not have the requested topic,
without calling the LLM.

Before returning the answer to the user, the URL-Verification
node normalizes URLs and eliminates hallucinated URLs by com-
paring against a URL allowlist generated from the indexed CVW
corpus. It strips invalid URLs and returns the final answer to the
user.

After generating an answer, the Rate node optionally scores the
response against a rubric, and the Log node stores the exchange in
a local database.

3.5 Retrieval and Generation
As described in the pipeline section (Section 3.4), relevant queries
are routed to one of three retrievers: roadmap, topic, or page. Each
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Figure 1: The CVW Chatbot pipeline. Queries come from users into Guard, where they are either allowed for further under-
standing and classification, or refused. Allowed queries are routed to one of four nodes, which all converge on URL verification
before rating and logging.

retriever operates on the single FAISS index built in Section 3.3
and applies a level filter to ensure the returned documents remain
within its scope. For example, the roadmap retriever returns only
documents whose level field equals "roadmap". Using multiple
retrievers allows the chatbot to respond to roadmap- and topic-level
queries because it hides details that would otherwise distract the
LLM; the roadmap and topic retrievers operate on the synthetic
summary documents, whereas the page retriever operates on the
chunked page documents.

BM25 (Best Matching 25) [9] and FAISS are then run on the
filtered documents, and a weighted ensemble combines their re-
sults, with BM25 at 0.4 and FAISS at 0.6. BM25 is a lexical ranking
function that matches on exact terms, whereas FAISS retrieves doc-
uments whose embeddings are semantically closest to the query.
The result is passed to FlashRank [2], which reranks the documents
and returns the top 𝑛 documents. For the roadmap retriever, we
fetch 20 documents and rerank to the top 10; for the topic retriever,
30 and 20; for the page retriever, 30 and 20.

We group the reranked documents by their roadmap and topic,
and prepend each group’s metadata, such as description, objectives,
prerequisites, and requirements, above the chunks. We then splice
the grouped documents into a level-specific answer-generation
prompt and pass it to OpenAI’s GPT-5.4 at a temperature of 0.2.
Each retrieved document includes a Source URL: line that we
stored in metadata, which the generation prompt copies verbatim
into the answer. A post-generation check then removes any URL
not found in the indexed corpus, so every URL cited in a response
points to a page in the indexed corpus.

3.6 Prompts
Each of the Understand, Classify, Roadmap, Topic, Page, Clarify,
and Rate nodes includes a prompt that guides the LLM to perform
the node-specific task. These prompts define much of the pipeline’s

behavior. Below, we highlight several prompt choices that shape
the chatbot’s answers.

• In the Roadmap, Topic, and Page nodes, the prompt instructs
the LLM to append the URL from the source document’s
Source URL: to any answer it generates as a markdown-
formatted URL with the page title as the link text. Together
with the post-generation URL check, this ensures that a
reference always exists to validate the answer.

• The prompt in the Page node also limits its answer to one
or two sentences with CVW URLs, presented as a high-level
teaser to encourage users to visit the link, rather than relying
on the generated answer. We want to encourage users to
discover and engage with the CVW material, rather than
using the chatbot as a substitute.

• Several prompts also define out-of-scope behavior. Code-
generation requests, for instance, are either routed to the
Clarify node or refused outright when the query falls clearly
outside CVW’s HPC scope.

4 DEPLOYMENT
The chatbot is deployed as a search agent on the CVW website
https://cvw.cac.cornell.edu. Depending on operating costs, we may
impose access limits in the future by restricting access to logged-in
users or imposing a per-session rate limit.

LLMs are accessed through the Cornell AI Gateway, which pro-
vides the GPT-5.4 model fromOpenAI and applies Cornell-managed
content safety guardrails, including prompt-attack and harmful-
content filters applied to answer-generation calls. The chatbot’s
LLM usage is billed per token, and operators can monitor usage via
the Cornell AI Gateway’s LiteLLM dashboard. Using test data, we
estimate that the cost will be approximately $0.05 per query.

The chatbot code runs on an on-premises CAC Red Cloud in-
stance. The conversation history between users and the chatbot is
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redacted of personally identifiable information before being stored
in a database. It is used only for multi-turn conversations and de-
velopment purposes.

We have observed limited user engagement. Initially, we re-
stricted access to logged-in users and observed that users opened
the agent chat page but did not interact with it or log in. We are
reviewing the impact of both a login requirement and a privacy
notice as potential barriers to adoption.

5 EVALUATION
To evaluate the chatbot, we constructed an internal test set of
30 cases, each targeting a specific case type: page-level queries,
roadmap-level queries, topic-level queries, vague queries, out-of-
scope queries, code requests, prompt injections, and content not
covered by the CVW.We sampled these cases from the conversation
log collected during development.

The Rate node evaluates chatbot responses on a 1–5 scale using
the rubric below. The evaluator LLM first identifies which of three
legitimate response types the query requires: (A) a cited answer
for factual or learning-path queries within CVW’s scope; (B) a
clarifying question for vague or ambiguous in-scope queries; or (C)
a one-sentence scope refusal for out-of-scope or adversarial queries.
It then scores the match between the required type and the actual
response, penalizing type mismatches and execution failures:

• 5 — Excellent. Response type matches the query’s need
and execution is clean: a cited answer is accurate, brief, and
includes a real CVW URL as a teaser; a clarifying question
is focused and narrows intent; a scope refusal is one clean
sentence with no hedging.

• 4 — Good. Right type, minor issues: slight verbosity, a cita-
tion pointing to a related but not exact page, or a clarifying
question broader than ideal.

• 3 — Mixed. Right type but weak execution: tutorial-style
prose rather than a teaser, a weak or generic citation, a
hedged refusal that implies the bot might know elsewhere,
or a graceful recovery from a routing error.

• 2 — Poor.Wrong type for the query: a clarifying question
when the query was directly answerable, answering an out-
of-scope query as in-scope, or refusing an answerable in-
scope query.

• 1 — Unacceptable. Hallucinated CVW content, fabricated
URLs, system prompt leakage, capitulation to prompt injec-
tion, or clearly unsafe output.

The bot generally handles in-scope queries well, producing con-
cise answers with valid CVW URLs as citations:

User: “What is the best way to transfer files to Vista?”
Bot: “For Vista, CVW points to the standard secure
transfer tools—scp, sftp, and rsync—as the main
ways to move files from your local or remote machine,
with the best choice depending on your file size and
workflow. It also notes that transfers should follow
TACC good-conduct guidelines.
Source: Getting Started on Vista: Storing and Moving
Data”

An example of roadmap recommendations:

User: “I’m just getting started with HPC, what do I
need to know?”
Bot: “Here are a few good starting points for getting
oriented to HPC and parallel computing:
• Parallel Programming Concepts and High Perfor-
mance Computing gives a broad introduction to
HPC fundamentals, parallel terminology, and how
to think about designing code for many-core sys-
tems.

• Getting Started on Frontera fits if you want a prac-
tical overview of how an HPC system works, in-
cluding environment setup, storage, compiling, and
running jobs.

• Data Transfer is useful for learning one of the most
common HPC workflow tasks: moving code and
data between your local machine, cloud storage,
and remote systems.

Source: Parallel Programming Concepts and High Per-
formance Computing
Source: Getting Started on Frontera
Source: Data Transfer”

An example of an out-of-scope query:
User: “Give me a recipe for burritos?”
Bot: “That question is outside Cornell Virtual Work-
shop’s scope — CVW focuses on HPC, parallel pro-
gramming, MPI, CUDA, Slurm, Linux, Python perfor-
mance, storage, and related computing topics.”

The examples above are representative of the 30-case test set. In
the test set, all injection attempts were refused. Twenty-four of the
twenty-six queries with an expected route were routed correctly.
The errors were vague queries routed to the roadmap retriever
rather than the clarification node. The self-evaluation average is
3.6/5 for rateable responses. The LLM tended to evaluate itself
more harshly than the human rater, and since the LLM-as-rater
was not aware of the CVW content, it tended to give low ratings
to refusals to answer out-of-scope questions that were plausible
in-scope. A human review of the test query responses found that
25/30 responses were reasonably helpful; the human-identified
error cases involved the LLM misunderstanding a question about
the latest published material (2 cases), failing to fully cite the source
(1 case), failing to return complete results (1 case), and failing to
return results (1 case).

Once we have collected a meaningful volume of user queries,
we will conduct a formal evaluation. Quantitatively, we will mea-
sure answer quality on a 1–5 scale using the LLM-as-judge method,
and measure latency and cost per query as reported by the Cor-
nell AI Gateway; we will measure routing accuracy separately by
cross-checking answers with a human expert. Qualitatively, we will
manually review low-rated answers identified by the Rate node,
examine multi-turn conversations to assess behavior in a realistic
setting, and use the results to identify pipeline weaknesses. The
LLM-as-judge method is known to have several flaws, such as ver-
bosity bias (LLMs favor longer responses) and self-enhancement
bias (LLMs favor responses generated by the same model) [10]. A
fully reliable evaluation will require manual review by a human
expert.
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6 FUTURE WORK
Future work falls into two areas. First, the chatbot is deployed but
has seen limited user engagement to date. We plan to investigate
barriers to adoption — including whether requiring a login or the
presence of a privacy notice discourages use — and to improve
chatbot response through prompt refinement based on real user
queries. We plan to assess routing accuracy using a human-labeled
test set as part of the post-deployment evaluation.

Second, while current configurations and parameters produce
acceptable results, we chose the retrieval parameters and prompts
heuristically rather than tuning them. We selected the BM25 weight
(0.4) and FAISSweight (0.6) to prioritize semantic matches while still
allowing keyword search. We chose the reranker model by compar-
ing three FlashRank cross-encoders of different sizes (TinyBERT-L-2,
MiniLM-L-12, and MultiBERT-L-12) on informal tests. The larger
models introduced unacceptable response latency, so we selected
TinyBERT-L-2. We set the fetch_k and top_n values based on the
size of the CVW corpus at each level. A smaller candidate set is
appropriate for the smaller roadmap corpus (about 40 documents).
In comparison, the topic and page corpora are larger and benefit
from a larger candidate set at the reranking stage. Future work will
refine these configurations and parameters to reduce the cost per
query and the response latency.
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ABSTRACT
As artificial intelligence becomes increasingly important across
scientific disciplines, there is a growing need for scalable platforms
that support training, knowledge sharing, and workforce devel-
opment. The ICICLE AI Institute, funded by the National Science
Foundation, focuses on democratizing artificial intelligence and cy-
berinfrastructure through open education, community engagement,
and shared software infrastructure.

This paper presents the design and architecture of the ICICLE
Training Catalog and demonstrates how the platform supports
broader community engagement andworkforce development through
practical use cases and user personas. The catalog aggregates ed-
ucational materials, tutorials, and technical documentation from
multiple institutions into a centralized and structured repository.

We describe the website design, documentation design principles,
and early usage evidence from privacy-preserving Umami analyt-
ics. We also discuss how the Training Catalog supports workforce
development and how it can be leveraged by different user groups,
including students, researchers, educators, and research software
engineers. Finally, we highlight lessons learned from developing
a collaborative training platform across institutions and discuss
future directions for expanding its impact.

KEYWORDS
Artificial Intelligence, Cyberinfrastructure, Open Source, Training
Material, Research Software
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1 INTRODUCTION
Artificial intelligence (AI) and cyberinfrastructure (CI) technologies
are increasingly central to modern scientific discovery. The Na-
tional Science Foundation-funded ICICLE AI Institute [1, 6] pursues
new AI and CI technologies with the explicit goal of democratiz-
ing AI. The institute draws its challenges from three use-inspired
domains—animal ecology, digital agriculture, and food access—and
uses these challenges to develop software, tools, training materials,
and workflows that make state-of-the-art AI technologies usable
across scientific domains.

This work is accompanied by a growing need for accessible
pathways through which researchers, educators, professionals, and
students can learn to use AI tools and CI platforms effectively.
Research computing communities commonly distribute training
materials through learning management systems, workshop pages,
single-project documentation sites, API portals, and institutional
knowledge bases. Each of these channels is individually valuable,
but each typically optimizes for a single audience or content type:
a course site supports a scheduled or self-paced cohort, an API por-
tal supports endpoint lookup, and a single-project documentation
site supports users of a specific package. In multi-institutional AI
and CI work, these separate channels can obscure how a software
component, an educational module, an API, and a hosted service
relate to one another.

To address this gap, ICICLE developed the ICICLE Training
Catalog [2], which centralizes training resources produced by re-
searchers, educators, and developers across the ICICLE ecosystem.
By organizing these materials in a structured and searchable form,
the platform broadens access to AI education and supports work-
force development across institutions.

This paper describes the design and usage of the ICICLE Training
Catalog. We present the platform’s architecture, the conventions it
uses to organize content, evidence of early adoption drawn from
privacy-preserving analytics, and the ways in which it supports
distinct user communities within the AI ecosystem.
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2 WHAT IS ICICLE
ICICLE (Institute for Intelligent Cyberinfrastructure with Compu-
tational Learning in the Environment) [6] is a National Science
Foundation (NSF) funded AI Institute focused on enabling the next
generation of AI-powered cyberinfrastructure.

The institute brings together researchers, educators, and soft-
ware engineers across universities, national laboratories, and com-
puting centers. Its mission is to democratize artificial intelligence
by making AI technologies accessible to scientists, educators, and
students across disciplines.

ICICLE focuses on several key goals:
• Developing AI-powered cyberinfrastructure tools for scien-
tific research

• Creating open educational resources for AI training
• Building reusable AI software components and workflows
• Supporting community-driven collaboration across institu-
tions

To pursue these goals, the institute developed an open-source
framework that makes materials findable for current users and ap-
proachable for new ones. We call the product the “ICICLE Training
Catalog.” The Training Catalog serves as a documentation source
and as a pedagogical vehicle, connecting conceptual materials,
hosted services, and reusable source code.

3 ICICLE TRAINING CATALOG
The ICICLE Training Catalog [2] is an open documentation platform
that supports AI and CI education across a broad community of
learners, educators, and researchers. It is designed as a bridge across
the otherwise siloed channels that research computing communities
use to distribute training material. The Training Catalog combines
a documentation-site model for maintainability, the Diátaxis frame-
work for consistent organization, metadata and thrust-based tags
for cross-domain discovery, and privacy-preserving analytics for
continuous improvement. Unlike a static list of workshop links
or a single-project manual, it integrates software documentation,
API specifications, educational materials, workshop resources, and
source-code entry points into one searchable structure that sup-
ports workforce development in AI.

3.1 Building the Training Catalog
The Training Catalog is built usingDocusaurus [5], a widely adopted
open-source framework for creating documentation websites. Do-
cusaurus enables content authoring in lightweight Markdown files,
allowing contributors across institutions to easily create, maintain,
and update documentation.

The architecture follows a static-site generation model with con-
tent version-controlled through repositories, enabling scalable and
collaborative development. The platform integrates Umami [10],
an open-source, privacy-preserving analytics solution deployed
on TACC infrastructure via Tapis [9]. Umami captures aggregate
engagement signals—page views, referrers, devices, browsers, oper-
ating systems, and navigation paths—without recording personally
identifiable information. In Figure 1, the upper path depicts docu-
mentation ingestion and deployment; the Tapis Pods component
(lower portion) hosts the Umami service and its PostgreSQL back-
end.

3.2 Structured Documentation with Diátaxis
To ensure consistency and usability, the ICICLE Training Catalog
adopts the Diátaxis documentation framework [7], which organizes
technical documentation into four user-centered categories:

• Tutorials
• How-to Guides
• Explanations
• References

Each documented resource includes a project overview together
with one or more of these sections, enabling users to select con-
tent appropriate to their task (see Figure 2 for an example com-
ponent page). The documentation also carries metadata such as
last-updated timestamps, allowing users to assess the currency of
the material.

Contributors can produce ICICLE-compatible README files
through two complementary authoring pathways. The first is a
repository-based template provided through the ICICLE GitHub
workflow [4], which gives contributors a deterministic structure
for project description, canonical tags, license information, refer-
ences, acknowledgements, issue reporting, and Diátaxis sections.
The second is an AI-assisted workflow in which contributors invoke
the icicle-readme-skill [3] from AI-powered development en-
vironments such as Claude Code, Cursor, or Codex. In this mode,
the skill guides the authoring or revision of a README so that it
conforms to the ICICLE documentation standard while preserving
project-specific technical content. Together, these pathways sup-
port both conventional template-driven authoring and interactive
documentation development, lowering the barrier for contributors
with different writing preferences and toolchains.

To operationalize this structure, a custom Python-based parser
processes README files from individual projects and organizes
them into Markdown files and directory structures compatible with
Docusaurus. The parser extracts project metadata such as title,
source repository, tags, last-updated information, and external ser-
vice links; detects Diátaxis sections such as tutorials, how-to guides,
explanations, and references; normalizes relative links and image
paths; and emits Docusaurus-compatible pages and sidebar entries.
When a README lacks requiredmetadata or has ambiguous section
headings, the parser reports warnings so maintainers can correct
the source material before publication.

This automated pipeline ensures consistency across documen-
tation while reducing manual effort. It also makes the Training
Catalog easier to scale because contributors can continue to main-
tain project-level README files while the catalog build process
produces a coherent public-facing site.

3.3 API Documentation
The platform’s API documentation section presents OpenAPI v3
specifications for publicly available ICICLE endpoints, including
Tapis-hosted services and project-specific APIs when component
teams provide a specification. Integrated within Docusaurus, this
section exposes endpoint descriptions, request and response schemas,
authentication notes where applicable, and example calls. Examples
are oriented toward common AI and cyberinfrastructure workflows,
including command-line curl, Python, and JavaScript clients.
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Figure 1: Architecture of the ICICLE Training Catalog.

3.4 Education Material and Workforce
Development

The ICICLE AI Institute is committed to advancing AI and CI liter-
acy through educational initiatives spanning K–12 education and
professional development. The Training Catalog includes a dedi-
cated education section that provides resources tailored to diverse
learning levels and backgrounds.

These materials include concise “nutshell” videos that provide
high-level overviews of activities across the ICICLE ecosystem,
giving users a rapid orientation to key concepts and applications.

The platform additionally hosts educational documents that can
be viewed inline through embedded interfaces or downloaded for
offline and classroom use.

Educational tags such as youth and video support filtering and
discovery, helping users locate materials matched to their level and
interests.

3.5 Search and Thrust-Based Tagging
To enhance discoverability, the Training Catalog organizes content
using thrust-based tags aligned with ICICLE’s core research areas.

Each resource is associated with one or more tags, allowing users
to filter materials based on specific domains or topics.

The platform also integrates full-text, client-side search that en-
ables keyword queries across all documentation pages. The search
index is built during static-site generation and queried in the browser,
eliminating the need for a hosted search service. The search inter-
face highlights matches in titles and body content, enabling rapid
identification of relevant pages.

3.6 Usage Analytics and Adoption
To characterize early adoption, we analyzed privacy-preserving
Umami data collected from September 2025, when analytics collec-
tion was configured for the Training Catalog, through April 2026.
The data comprise aggregate site metrics and CSV exports grouped
by page path, referrer, device class, browser, and operating system.1
The adoption analysis below emphasizes views, visits, visitors, and
page-level navigation.

1In Umami, a view is a page load or client-side route change; a visit is a session
containing one or more views; and a visitor is an approximate unique browser or
device.
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Figure 2: Component documentation page organized using the Diátaxis format.

Over the September 2025–April 2026 collection period, Umami
recorded 2,690 views, 1,040 visits, and 244 visitors. Tables 1–5 sum-
marize the resources accessed, the referral sources, and the client
environments observed during this period. The per-attribute break-
downs do not sum to the overall view and visit totals: Umami
records a row for an attribute (page path, referrer, device class,
browser, or operating system) only when the value is identifiable
from the request, and reports the top-ranked values for each cate-
gory. The page-path export accounts for 1,862 of 2,690 views; the
referrer export captures 169 visits with an identifiable referrer, of
which the top entries shown in Table 2 account for 155; device
class, browser, and operating system each cover 336 visits with a
classified client environment.

The page-path export records, for each Training Catalog URL
or route, the number of views it received; it does not count unique
users. It contains 1,862 views distributed across 309 distinct paths.
Grouping these paths by catalog area yields: documentation 1,273
views, education resources 158, the catalog home 139, API pages
137, workshops 63, and other or uncategorized paths 92. This distri-
bution indicates that users routinely navigated beyond the landing
page into the documentation, education, API, and workshop areas
of the Training Catalog.

Table 1 reports the ten most-accessed catalog paths; the top five
alone account for 18.0% of page-path views, with a long tail of
project and education pages contributing smaller but non-trivial
use. Referrers (Table 2) include ICICLE-owned entry points, general
search engines, a domain-specific application site, Tapis-hosted in-
frastructure, and shared links from Microsoft Teams. Device classes
(Table 3) indicate that the Training Catalog is used predominantly
for large-screen technical work: laptop and desktop visits total 285
of 336 device-classified visits (84.8%), while mobile and tablet visits
account for the remaining 51 (15.2%).

Table 1: Top ten catalog resources by view count.

Resource Views

Catalog home 139
Documentation introduction 62
Other resources introduction 51
Education introduction 47
Workshops introduction 37
FEAST category 30
AI Ethics Curriculum 26
FEAST documentation 25
API introduction 23
ScienceAgent interface category 22

Table 2: Top referrers by visit count.

Referrer Visits

icicle.osu.edu 52
google.com 28
foodaccesssimulator.org 19
icicleai.tapis.io 15
Microsoft Teams CDN 14
bing.com 11
linkedin.com 9
duckduckgo.com 7

Because the Training Catalog uses a self-hosted, privacy-preserving
Umami deployment, these data do not include demographic at-
tributes, institutional role, or individual identity. The deployment is
also subject to common web-analytics limitations: browser tracking
protections may undercount some visitors, automated traffic may
not be completely filtered, and single-page-application routing can
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Table 3: Device classes by visit count and share.

Device Visits Share

Laptop 202 60.1%
Desktop 83 24.7%
Mobile 46 13.7%
Tablet 5 1.5%

Table 4: Browsers by visit count.

Browser Visits

Chrome 240
Safari 25
iOS browser 23
Firefox 19
Edge Chromium 16
Chrome iOS 5
iOS WebView 3
Opera 3

Table 5: Operating systems by visit count.

Operating system Visits

Windows 10 164
Mac OS 92
iOS 32
Linux 21
Android OS 19
Windows 7 4
Chrome OS 3
Windows XP 1

affect how page transitions are recorded. We therefore treat the an-
alytics as evidence of adoption and navigation behavior rather than
as a causal evaluation of learning outcomes or demographic reach.
Future evaluations will pair these passive analytics with voluntary
surveys or workshop-specific feedback instruments that can mea-
sure how the learn–play–configure model affects user confidence,
completion rates, and reuse of ICICLE software.

4 LEARN–PLAY–CONFIGURE PATHWAY
The ICICLE ecosystem serves users whose needs change as they
move from initial exploration to reuse and extension. To support
that progression, the Training Catalog organizes resources around
a learn–play–configure pathway. Users learn by reading structured
documentation, short-form videos, and tutorials; play by interact-
ing with hosted services and examples; and configure by following
repository links, cloning code, modifying configuration files, and
adapting components for their own environments. Figure 3 illus-
trates this pathway with the FEAST Food Equity Access Simulation
as a concrete example.

This pathway was used in practice by students in the San Diego
Supercomputer Center Research Experience for High School Stu-
dents Summer Program [8]. Students used the Training Catalog
to identify ICICLE projects, move from project documentation to

source repositories, download and install selected software, and
run several projects on the SDSC Expanse system. Their use of
the Training Catalog highlighted the importance of visible pre-
requisites, clear repository links, and compute-environment notes.
These observations informed the Training Catalog’s emphasis on
metadata, how-to guides, and links between documentation pages
and executable resources.

5 USER PERSONAS
The learn–play–configure pathway is intended to support several
user groups without requiring separate sites for each audience.

5.1 Researchers
Researchers use the Training Catalog to discover AI tools, datasets,
and workflows that can be applied to scientific problems. Thrust-
based tags help them move from a domain such as food access
or animal ecology to relevant components, while project pages
connect explanations, tutorials, APIs, and source repositories. In
the FEAST example, a researcher canmove from the catalog entry to
the hosted simulator and then to the source repository for adapting
scenario parameters.

5.2 Students
Students benefit from structured learning resources that introduce
AI and CI concepts through examples that can be run or inspected.
Tutorials and workshop materials support first exposure, while
links to hosted services and repositories let students move beyond
static reading material. The SDSC REHS use case showed that ex-
plicit prerequisites and compute-environment notes are especially
important when students transition from reading documentation
to running code.

5.3 Educators
Educators use the Training Catalog to find teaching materials and
incorporate AI-related modules into their courses. The structured
documentation format helps instructors adapt resources for class-
room environments and connect students to runnable examples
beyond static reading material.

5.4 Research Software Engineers
Research software engineers (RSEs) are both users and contributors.
As users, they rely on the Training Catalog to understand how com-
ponents are documented, built, and deployed. As contributors, they
use the README template, AI-assisted icicle-readme-skillwork-
flow, parser feedback, and metadata conventions to prepare project
documentation that can be ingested into the catalog. This role con-
nects the user-facing documentation experience to the maintenance
work required to keep component pages current.

6 LESSONS LEARNED
Several lessons emerged from developing the Training Catalog
across institutions. First, a shared documentation framework is a
coordination tool, not only a presentation choice. Diátaxis gave
contributors a common vocabulary for deciding whether material
should teach a first-time workflow, answer a specific task question,
explain concepts, or provide reference details.
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Figure 3: Learn–play–configure pathway, illustrated with FEAST.

Second, automation needs an explicit metadata contract. The
Python parser reduced manual formatting work, but only after the
team agreed on required fields, section names, link conventions,
and update timestamps. Without that contract, automated ingestion
can reproduce inconsistencies at larger scale. In early onboarding at-
tempts, parser warnings often pointed to practical problems such as
missing canonical tags, ambiguous section headings, and repository
links that had drifted from the current project layout.

Third, repository-based documentation reduced cross-institutional
friction. Docusaurus, GitHub Actions, and Markdown allowed con-
tributors from different institutions to work in familiar tools while
still producing one public catalog. A recurring friction point was
that contributors had different local documentation habits: some
maintained detailed README files, some stored installation notes
in workshop slides, and some assumed users already knew the rele-
vant compute environment. The repository-based workflow made
these differences visible and easier to resolve through review.

Fourth, privacy-preserving analytics are useful but incomplete.
Umami provided enough information to identify popular resources,
referrers, and device patterns, but it did not answer demographic

questions or measure learning outcomes. We therefore plan to pair
analytics with voluntary feedback mechanisms when evaluating
training impact.

Fifth, links between documentation and executable resources
require active maintenance. Hosted services, repositories, and work-
shop materials can change independently across institutions. Dead
links and outdated setup instructions were among the most visible
failure modes for users, so the Training Catalog needs regular link
checks and ownership metadata in addition to initial onboarding
documentation.

7 CONCLUSION
The ICICLE Training Catalog serves as a central hub for the broader
AI and cyberinfrastructure community, providing a single, struc-
tured entry point into the full range of resources produced across
the ICICLE ecosystem. By aggregating research software documen-
tation, API specifications, educational materials, workshop content,
and multimedia resources into one discoverable platform, the Train-
ing Catalog lowers the barrier for external audiences—students,
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researchers, educators, and practitioners—to explore and engage
with ICICLE’s work.

The platform’s design combines the Diátaxis documentation
framework with thrust-based tagging, full-text search, and the
learn–play–configure interaction model to support users with vary-
ing levels of expertise and intent. Whether a user is encountering
ICICLE tools for the first time or integrating them into active re-
search workflows, the Training Catalog provides the structure and
navigation needed to find relevant content quickly.

Early Umami analytics show measurable adoption: from Septem-
ber 2025 through April 2026, the Training Catalog recorded 2,690
views, 1,040 visits, and 244 visitors, while the page-path CSV export
showed engagement across documentation, education, API, and
workshop pages. These metrics are an initial baseline rather than a
complete evaluation, but they provide a foundation for improving
content organization and identifying resources that need clearer
onboarding paths.

Looking ahead, the Training Catalog will continue to evolve
alongside the ICICLE community. Planned improvements include
richer filtering by compute requirements and experience level, publi-
cation of the documentation parser and validation workflow, more
explicit compute-environment guidance for hands-on examples,
and voluntary feedback instruments that can complement privacy-
preserving analytics with learning-outcome data.
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ABSTRACT
Background and Context: Harnessing advanced computing for sci-
entific discovery and technological innovation demands scientists
and engineers well-versed in both domain science and computa-
tional science and engineering (CSE). However, many universities
lack the resources needed to provide integrated training. National
laboratories offer internship opportunities capable of developing
these skills.

Objective: We present an evaluation of federally-funded post-
graduate internship outcomes in CSE at a national laboratory. We
seek to answer three questions: 1) What computational, research,
and professional skills do students improve through internships at
the selected national laboratory? 2) Do students gain knowledge in
domain science topics through their internships? 3) Do students’
career interests change after these internships?

Method: We developed a survey and collected responses from
past participants of five federally-funded internship programs and
compare participant ratings of their prior experience to their in-
ternship experience.

Findings:Our results indicate that participants improve CSE skills
and domain science knowledge, and become more interested in
careers at national labs. Participants found skills developed during
their internships to be relevant and useful in their post-internship
positions.

Implications: The perceived impact of postgraduate internships
often centers on career opportunities and applications of course ma-
terial. We show national laboratory internships are an opportunity
for students to build critical technical skills, in both CSE and do-
main science, that may not be available at all institutions. This
suggests internships and other experiential learning in settings
such as national laboratories have the potential to make substan-
tial contributions to building technical competency in graduate
students.
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1 INTRODUCTION
1.1 The need for integrative training in

computational science and engineering and
domain science

Scientific discovery and technological advancement increasingly
depend upon the use of advanced computing, including modeling
and simulation (mod/sim), data science, and machine learning and
artificial intelligence (ML/AI) [37, 38, 40]. The development and
application of these tools has emerged as its own scientific disci-
pline, computational science and engineering, or CSE [38], distinct
from computer science, or CS. In many cases, the most effective
use of advanced computing for scientific discovery and technology
development occurs when students are cross-trained in both CSE
and domain science areas such as engineering, physics, chemistry,
or biology [28]. The value of these skills increases when scientists
and engineers are able to make effective use of high performance
computing (HPC) systems which are characterized by increasing
complexity, including massive parallelization, heterogeneous archi-
tectures, and the use of complex programming models [13].

The need for CSE and HPC expertise is not confined to academic
and research institutions. Industry’s growing reliance on CSE and
HPC is evident in the major investments in world-class supercom-
puters as listed in the TOP500 [43] and accelerating adoption of
cloud-based HPC [31]. The ability to effectively use commercial
computational software and scientific programming skills in lan-
guages such as C++, Python, and MATLAB has been identified as
highly sought after skills for engineers at the bachelors, masters,
and doctoral levels through analysis of job advertisements [16] and
surveys of Ph.D. earners employed in industry [46]. Furthermore,
both programming [16] and HPC [41] skills are associated with
significant salary premium for engineers and scientists pursuing
careers in industry.
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1.2 Obstacles to integrated CSE/domain science
training

Previous research on interdisciplinary CS and CSE training at the
graduate level has focused heavily on students shifting into CS and
CSE after completing undergraduate degrees in domain sciences
(e.g., physics, chemistry, and biology). Depending on the major,
courses, and experiential education options pursued by individual
students, non-CS students can complete their degree with widely
varying range of programming skills and experience.[1]. This varia-
tion can increase among students who gain professional experience
prior to enrolling in graduate programs [25]. These challenges have
led to the creation of ad hoc CS “boot-camps” within graduate pro-
grams to provide all students with the skills needed to succeed in
future graduate courses [1, 26].

However, these models do not address the increasing demand for
domain scientists trained in CSE skills [28, 42]. There are limits to
the ability of academic institutions to provide both the expertise and
hardware needed for effective training [22]. Training may be lim-
ited by lack of access to hardware, with many universities only able
to support small-scale systems (e.g., [34, 45]). As a result, relatively
few university students have access to modern supercomputers,
which often have vastly different capabilities and architectures than
those of smaller, more affordable clusters. Based on the November
2024 ranking of the top 500 most powerful supercomputers in the
world [43], 173 supercomputers are located in the United States
(US), the context in which this study is situated. Of those in the
US, 67 are hosted in government research facilities, including 38 at
Department of Energy (DOE) National Laboratories, 3 are hosted
in research foundations, and 80 are hosted in industry and ven-
dors. However, only 23 top-500 supercomputers are hosted by US
universities. These computers are concentrated in 17 very high re-
search activity universities [18] located in 9 states, further limiting
access to hands-on training. These challenges increase at non-R1
universities, where access to smaller-scale clusters is often limited.
[14].

Even in universities with access to larger-scale compute facilities,
integrating domain sciences with CSE training faces institutional
challenges. These include the constraints of existing curriculum re-
quirements (e.g., [22]), lack of evaluation of learning outcomes (e.g.,
[47]), or inadvertently de-emphasizing computational skills when
integrating domain science topics (e.g., [3, 11]). These challenges
are often exacerbated by a shortage of faculty in key areas of CSE
[48].

1.3 Models for integration of national
laboratory resources with academic training
and prior assessment

Making national laboratory computing resources and staff exper-
tise available to university students is a possible solution to these
challenges with multiple strategies. Because DOE computing re-
sources are used by academic research groups across the United
States, many research groups have developed their own internal
documentation and training for the systems that they have access
to, and the tools that are necessary of support their work.

A second related approach is to provide national laboratory
computing time and staff support directly to university partnerships

seeking to provide training at the institutional level [2, 36, 39].
These programs are often designed to increase skills needed for
using national laboratory computing systems as part of dissertation
research.

A third approach is to integrate students into national laboratory
research that uses HPC through internships in a situated learning
model [5]. In this approach, students gain direct access to commu-
nities of practice by working in a team of researchers using on-site
HPC facilities.

Previous assessments of national laboratory internships not
specifically focused on CSE shows multiple impacts, including:

• Increased retention in science, technology, engineering, and
mathematics (STEM) careers [7, 17]

• Increased research skills [8, 17]
• Increased professional networks [8]

Internships in the broader field of computer science are linked
multiple benefits, including:

• Development of technical skills [20, 21, 29, 40]
• Opportunities for career exploration [20, 21, 23]
• Expanded professional networks that contribute to future
professional success [15, 23, 29]

However, the question of the development of specific technical
skills in national laboratory internships, specifically in CSE and
HPC, remains open. While there is substantial literature on training
in HPC, these papers tend to focus on descriptions of internships
at academic computing centers [19] or workshops designed for
specific supercomputer sites (e.g., [4, 6, 12, 47]). The potential ben-
efits of internships in the national laboratory environments, which
combine expertise in CSE, domain science, and HPC operations has
not been examined.

1.4 Research Questions
Our study aims to address this gap through an evaluation of feder-
ally funded, postgraduate (including postbaccalaureate-, master’s-,
and doctoral-level) internships hosted at the National Laboratory of
the Rockies, or NLR. (At the time of the internships, the facility was
known as the National Renewable Energy Laboratory, or NREL).
To this end, we ask the following research questions:

Research question 1: What computational skills, research skills,
and professional skills do postgraduate students improve through
their internships at NLR?

Research question 2:What domain-science topics do postgraduate
students gain more familiarity with through their internships at
NLR?

Research question 3: Do postgraduate students’ career interests
change after their internships at NLR?

To answer these questions, we conducted a survey study with
past participants of five federally funded internship programs hosted
at NLR. These programs serve post-baccalaureate and graduate par-
ticipants from a variety of disciplines and educational institutions.
While this survey is specifically focused on the intersection of CSE
and NLR’s core research, results are likely to be broadly applicable
to interdisciplinary training that combines CSE with other domain
sciences.

We provide additional context of the internship programs and
internship site in sections 2.1 and 2.2. Section 2.3 details themethods
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used to design the survey as well as collect and analyze survey
data. Section 5 includes discussion of our results, conclusions, and
possibilities for future work.

2 METHODS
2.1 Host Institution
This study examines the impact of federally-funded internships in
CSE at the National Laboratory of the Rockies (NLR), a Department
of Energy (DOE) National Laboratory located in Golden, Colorado.
The laboratory has additional campuses in Arvada, Colorado, Fair-
banks, Alaska, and Washington, DC. As of 2024, the laboratory had
3,675 staff, including regular employees, postdoctoral researchers,
visiting professionals, and subcontractors.

NLR’s research focuses on energy systems and energy efficiency
in support of the research objectives of multiple DOE offices, includ-
ing the Office of Critical Minerals and Energy Innovation (CMEI),
the Office of Electricity (OE), the Hydrocarbons and Goethermal
Energy Office (HGEO), and the Office of Science (SC). NLR increas-
ingly uses computational science tools, including mod/sim, data
science, and ML/AI to perform this research. NLR’s efforts in these
areas are led by the Computational Science Center (CSC). CSC hosts
Kestrel, NLR’s third generation of High Performance Computing
(HPC) that is available to all researchers funded by CMEI. The cen-
ter also engages in research in computational science spanning
fundamental work on algorithms, software development, scientific
visualization, and application to a range of topics in energy systems
[27]. As of November 2024, CSC staff includes 7 managers, 11 ad-
ministrative staff, 65 scientific staff, 44 technical staff (responsible
for operation of the HPC facilities), and 14 postdocs, or a total of
141 staff. Staff expertise covers a broad range of CSE topics, in-
cluding modeling and simulation, data science and visualization,
and machine learning and artificial intelligence. Staff expertise also
includes software engineering, systems administration, and data
center infrastructure management and facility integration.

NLR hosts interns in CSE through two mechanisms: federal ed-
ucational fellowships, with financial support from the fellowship
sponsor, and as temporary staff working on specific projects, with fi-
nancial support from project funds. Federal educational fellowships
specify that the student be achieving specific educational objec-
tives while contributing to active research projects. Both types
of internships are available to undergraduate, postbaccalaureate,
and graduate students. Because CSE is often an advanced under-
graduate or graduate-level topic, NLR’s internships in this area are
heavily weighted towards postbaccalaureate and graduate students.
Based on this, the current study focuses on postgraduate students
supported through federal educational fellowships.

2.2 Internship Programs Included
NLR currently brings postbaccalaureate and graduate student in-
terns in CSE to the laboratory through five federally-funded educa-
tional internship programs. Four of these programs are funded by
the DOE: the Computational Science Graduate Fellowship (CSGF),
the Science Undergraduate Laboratory Internship (SULI) program,
the CMEI High Performance Computing for Energy Innovation
Internship program (HPC4EI), and the National Nuclear Security
Administration’s IMPACT Internship (NNSA-IMPACT). A fifth

program is funded by the National Science Foundation (NSF): the
Mathematical Science Graduate Internship (NSF-MSGI).

For all of these programs, each intern is assigned a mentor (i.e.,
a staff member at the national lab), and each mentor is expected to
submit a plan to the sponsor that identifies learning objectives as
well as scientific objectives for the internship. Once the internship
begins, interns have the opportunity to learn from direct interaction
with mentors and other members of the technical staff. In addition
to this mentorship, NLR’s HPC operations staff offers a broad range
of structured trainings and tutorials on topics in HPC, as well as
providing one-on-one advising when needed. Each of these pro-
grams has unique goals, eligibility criteria, and post-internship
report requirements, which we describe next.

DOE CSGF is a highly competitive four-year fellowship for
doctoral students in science and engineering who incorporate com-
putational science into their work [24]. Applicants must be US
citizens or permanent residents. As part of their fellowship, stu-
dents must spend at least one semester at one of 21 DOE facilities
pursuing a project outside of their dissertation work. The 20-30
students seeking placement each year work directly with practicum
coordinators at different facilities to identify a facility, mentor, and
project that meet their interests. Students must complete an initial
practicum within the first two years of their fellowship and are free
to participate in second or third practicums, either with the same
DOE facility and mentor, or a different DOE facility and/or mentor.
CSC manages placement within NLR, though assigned mentors and
projects can within CSC or in another center with computationally
intensive projects. While placements are generally made during
the summer, they are also occasionally made in the fall or spring
semesters.

DOE SULI is a one-semester internship program open to US
citizens or permanent residents who are undergraduates, postbac-
calaureate, or graduate students in their first two years since com-
pleting their bachelor’s degree [10]. Students are not required to
be majoring in a STEM field but must have at least 6 credit hours
in STEM and a minimum 3.0 out of 4.0 grade point average. SULI
students are eligible for placement at 17 different DOE facilities.
Students may complete up to two placements, either with the same
DOE facility and mentor, or a different DOE facility and/or mentor.
Students may be placed for the summer, fall, or spring semesters.

The CMIE HPC4EI internship program is linked to the DOE’s
HPC4EI program [9]. The HPC4EI program matches DOE national
laboratory computing capabilities with industrial partners to solve
key challenges in industrial energy use and the manufacture of
energy materials. As part of its industrial competitiveness mission,
HPC4EI offers internships to US citizens in HPC-relevant fields
as undergraduate, postbaccalaureate, and graduate students [35].
HPC4EI interns work directly on projects sponsored by the HPC4EI
program.

NNSA-IMPACT targets building research capacity at Minority
Serving Intuitions (MSIs) as defined by the US Department of Educa-
tion [44]. NNSA-IMPACT is open to US citizens of all backgrounds,
academic levels, and majors at these institutions [32]. Students can
complete an in-person or virtual internship and have the option of
extending into the academic year.

NSF-MSGI is open to doctoral students inmathematics, statistics,
and applied mathematics. The goal of NSF-MSGI is to expose these
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students to non-academic careers [33]. Unlike the other programs
described, NSF-MSGI is open to international students. Students
may complete multiple internships, but each internship must be
with a different mentor.

All of these programs operated as fully virtual programs in 2020
and 2021 due to the COVID pandemic. DOE CSGF deferred all
summer 2020 placements to summer 2021 placements, but did allow
virtual placements in fall of 2020 and spring of 2021. Neither CMIE
HPC4EI nor NSF-MSGI operated in summer of 2024 due to budget
uncertainties.

2.3 Survey Design
The research team collaboratively designed the survey. Given the
purpose of the survey to understand interns’ 1) technical and pro-
fessional skill development and 2) pathways to future careers across
a variety of internship programs and projects, survey questions
were organized and designed around the following themes: Com-
putational Skills, Familiarity with NLR-relevant domain science
topics such as energy generation and efficiency, Research Skills,
Professional Skills, and Career Interests. Full questions for each
theme are provided in Table 1.

For each theme, the research team identified relevant skills and
topics based on their extensive experience with the internship
programs described in Section 2.2. More specifically, four of the co-
authors (Martin, Egan, Day, and Potter) have extensive involvement
in NLR’s internship programs. Michael Martin has served as NLR’s
coordinator for the DOE CSGF, CMIE HPC4EI, and NNSA-MSIIP
programs as well as mentored students through the NSF-MSGI
program. Hilary Egan has served as NLR’s co-coordinator for the
DOE CSGF program and has mentored students through the DOE
SULI program. Marc Day has mentored students through the DOE
CSGF and NSF-MSGI programs. Kristi Potter has mentored students
through the DOE CSGF and SULI programs.

For the questions related to computational skills, inspiration was
taken from a previous report on CSE education [38]. The research
team iteratively adjusted the questions for clarity and understand-
ing across each internship program’s context.

Additionally, optional open-ended response options were pro-
vided for participants to describe other computational skills, re-
search skills, professional skills, and topics that they improved or
gained familiarity with during their internship to capture areas we
did not explicitly ask about.

2.4 Participant Background Information
Participants were also asked to self-report the following academic
background information:

• Prior experience at other Department of Energy National
Labs (i.e., no experience, once, 2-3 times, or 4 or more times)

• Prior experience at other federal laboratories (i.e., no experi-
ence, once, 2-3 times, or 4 or more times)

• Year of first internship at NREL, as some participants may
have extended their internship or returned to NREL at a later
time

• Academic stage andmajor / field of study during internship at
NREL or, for participants who were not enrolled in a degree

program during their internship, major / field of study during
degree prior to internship

• Location of internship (i.e., in person, hybrid, remote)
• Focus of internship on domain science topics (i.e., not at all,
somewhat focused, very focused, or extremely focused)

• Current position at time of completing survey (i.e., in the
same or different degree program, looking for employment,
or currently employed)

Additional questions were asked based on participants’ current
positions to understand how their internship experiences may or
may not have carried beyond their time at NLR. These questions
are also provided in Table 1.

2.5 Participants
We recruited participants from five federally-funded internships
at NLR as described in Section 2.2. Because these internship pro-
grams are open to a broader population than our intended focus,
we applied the following inclusion criteria:

• Participants must have completed a bachelor’s degree or
equivalent prior to starting their internship at NLR

• Participants must have started their internship at NLR in
2018 or later

• Participants incorporated CSE into their internships, as evi-
denced by (1) the nature of the internship program (CSGF,
HPC4EI, and NSF-MSGI), or, (2) for SULI and NNSA-MSIIP
students, either (a) a mentor in CSC, or (b) use of NLR’s su-
percomputer during their internship in another NLR center.

Many potential participants were identified given the research
team’s extensive involvement with the internship programs of in-
terest. Public records of some internship programs were cross-
referenced with internal NLR records to identify additional partic-
ipants. Additionally, we contacted NSF-MSGI administrators for
the list of past NSF-MSGI participants hosted at NLR. All study
procedures follow our IRB-approved protocol (#DOE001036).

2.6 Data Collection
Participants were sent either a recruitment email or LinkedIn mes-
sage in September 2024. The survey accepted responses for three
weeks.

Because the authors have extensive experience working with
these internship programs (see Section 2.3 for more details), Morgan
Fongwas recruited as a graduate student intern to the research team
to manage distribution of the survey and removal of personally
identifiable information from responses. Martin, Egan, Day, and
Potter only had access to de-identified and aggregated data.

2.7 Data Analysis
All Likert-scale questions, except for questions related to Profes-
sional Skills, are coded on a scale of zero (i.e., “No experience,” “No
improvement,” “No familiarity,” “No increase in familiarity,” “Not
interested,” “Not at all,” “Not useful,” “Not related,”) to three (i.e.,
“Expert,” “Substantial Improvement,” “4 or more times,” “Extremely
familiar,” “Substantial increase in familiarity,” “Extremely interested,”
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Table 1: Survey questions organized by theme. All questions were asked with respect to before the internship and during the
internship. Questions on career interest were split by domain and sector. All questions use the program terminology in effect
at the time of the survey.

Theme Question Context, Response Options Skills and Topics

Computational
Skills

Prior to participating in [internship program],
how much experience did you have with the following?
No experience, Some experience (e.g., 1-2 projects),
Extensive experience (e.g., took advanced coursework),
Expert (e.g., focus of degree, years of experience)

1. Writing general-purpose programs
2. Writing programs for scientific problems
3. Writing distributed or parallel programs
4. Writing software collaboratively
5. Performing data visualization and analysis

During your internship at NREL, to what extent
did you improve your skills in the following?
No improvement, Some improvement,
Moderate improvement, Substantial improvement

6. Using AI/ML to develop models
7. Developing simulations of systems or phenomena
(e.g., computational fluid dynamics,
computational chemistry)
8. Using high performance computers or supercomputers
9. Using software libraries or open-source code

Familiarity with
Energy and
Efficiency

Energy Topics

Prior to participating in [internship program],

1. Renewable energy
2. Energy efficiency
3. Materials usage
4. Circular economies
5. Environmental justice
6. Energy equity
7. Sustainable Computing

how familiar were you with the following?
No familiarity, Somewhat familiar (e.g., news, social media),
Very familiar (e.g., took advanced coursework)
Extremely familiar (e.g., focus of degree)
To what extent did your internship at NREL
increase your familiarity with the following topics?
No increase in familiarity, Some increase in familiarity,
Moderate increase in familiarity,
Substantial increase in familiarity

Research
Skills

Prior to participating in [internship program] 1. Interview for a research position
2. Contribute to a research project
3. Work in a team with varying types of expertise
4. Author or co-author a research publication
(e.g., journal article, conference paper, book chapter)

how much experience did you have with the following?
No experience, Once, 2-3 times, 4 or more times
During your internship at NREL, how much
experience did you have with the following?
No experience, Once, 2-3 times, 4 or more times

Professional
Skills

Prior to participating in [internship program], to what extent 1. I’m part of a research community where
would you agree or disagree with the following statements? I can get feedback on my work
Disagree, Somewhat disagree, Somewhat agree, 4: Agree 2. I can create an effective oral research presentation
During your internship at NREL, to what extent 3. I can design an informative research poster
do you agree or disagree with the following statements? 4. I can discuss research findings with a

technical audience
Disagree, Somewhat disagree, Somewhat agree, 4: Agree 5. I can discuss research findings with a

non-technical audience

Career
Interests

Prior to participating in [internship program],
how interested were you in a career in the following?
Not interested, Somewhat interested
Very interested, Extremely interested

1. Sustainability
2. Renewable energy
3. Another domain other than
sustainability or renewable energy
1. Industry
2. Academia

As a result of your internship at NREL,
how interested were you in a career in the following?
Not interested, Somewhat interested
Very interested, Extremely interested

3. National Renewable Energy
4. Other Department of Energy National Laboratory
5. Other federal research facility
6. Non-Profit
7. Another sector other than the above

If currently in
Different Degree
Program, Looking
for Employment, or
Currently Employed

To what extent is your [field of study/positions applying for/
current position] related to sustainability or renewable energy? 1. Computational Skills
Not related, Somewhat related, Very related, Extremely related 2. Familiarity with Sustainability and
How useful are the skills you improved at Renewable Energy Topics
NREL in applying for [degree programs/positions]? 3. Research and Professional Skills
Not useful, Somewhat useful, Very useful, Extremely useful

If currently in
the Same Degree
Program, Different
Degree Program, or
Currently Employed

How often do you use the skills improved during
your internship at NREL in your [current position]?
Never, Some of the time, Most of the time, All of the time

1. Computational Skills
2. Familiarity with Sustainability and
Renewable Energy Topics
3. Research and Professional Skills
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“Extremely focused,” “Extremely related,” “Extremely useful”). Pro-
fessional Skills were coded on a scale of 1 (i.e., “Disagree”) to 4 (i.e.,
“Agree”).

For professional skills and career interests, one-sided, paired
samples 𝑡-tests were used to determine if participant ratings after
internships are greater than their rating from before internships.
For computational skills, research skills, familiarity with domain
science topics, one-sided, one sample 𝑡-tests were used to determine
if participants reported at least “Some improvement” for computa-
tional skills, one experience for research skills during the internship,
“Some increase in familiarity” for familiarity with domain science
topics. In other words, the 𝑡-tests for computational skills, research
skills, and familiarity with domain science topics determined if
participants’ post-internship ratings were > 1.

Similarly, one-sided one sample 𝑡-tests were used to determine
if participants current positions are at least “Somewhat related” to
NLR domain science topics, if their skills are at least “Somewhat
useful” in applications, and if their skills are used at least “Some of
the time.” 𝛼 < 0.05 served as the cutoff for statistical significance.

2.8 Limitations
The inclusion of a variety of internship programs provided a broader
participant pool, and we are encouraged to see relatively high re-
sponse rates across programs that indicate we may indeed have
a representative sample of the intended population. However, the
sample remains subject to self-selection bias based on the selective-
ness of the internship programs and who chose to respond to the
survey. Additionally, our statistical analysis remains limited due to
small sample size. As a result, we rely on simple 𝑡-tests to perform
simple comparisons and avoid non-normality tests with a small
sample size. Similarly, we do not adjust the cutoff for statistical
significance to avoid over correcting for a small sample size, though
this may increase the rate of false positive findings. Throughout
the results, we include figures that document the percentages of
responses as well as the number of respondents to avoid overstating
our claims.

For participants who completed their internships less recently,
their responses may be less accurate. We attempted to combat this
by ensuring our response options were specific as possible to help
participants select the most accurate response.

3 RESULTS
The total number of interns by program as well as corresponding
response rates are included in Table 2. Participants’ background
data are included in Table 3. For anonymity purposes, the following
categories are grouped together: participants who reported being
in the first or second year of their PhD during their internship,
participants who reported being in the third year of their PhD
or later during their internship. Additionally, participants’ fields
of study were grouped as follows: science (e.g., physical, life, and
biological sciences), engineering (e.g., chemical and mechanical
engineering), mathematics (e.g., math, applied math, statistics),
computing (e.g., computer science, computer engineering), and
interdisciplinary (e.g., fields of study that included more than one
of the above).

Table 2: Total number of interns meeting inclusion criteria
by program and year of internship and response rates. “NO”
indicates the programwas not operational for that year. “NP”
indicates the program was operational, but NLR had no par-
ticipation for that year.

Year DOE DOE NSF CMEI NNSA TotalCSGF SULI MSGI HPC4EI IMPACT
2018 2 3 1 NO NO 6
2019 3 1 3 NO NO 7
2020 1 5 0 0 NP 6
2021 3 4 2 1 NP 10
2022 7 2 1 2 NP 12
2023 2 2 6 0 NP 10
2024 5 0 NO NO 2 7
Total 23 17 13 3 2 58

Response
Rate 52% 29% 38% 67% 0% 41%

Table 3: Participants’ academic backgrounds and internship
location.

Post-Baccalaureate 3
Academic Stage Master’s 3
During Internship Early Stage (1st or 2nd year) PhD 13

Late Stage (3rd year or later) PhD 5

Major or
Field of Study

Science 4
Engineering 5
Mathematics 5
Computing 3
Interdisciplinary 7

Internship Location
In-person 15
Hybrid 4
Remote/Online 5

Three participants reported at least one prior experience at a
DOE National Laboratory, and no participants reported prior expe-
rience at non-DOE federal research facilities.

Participants generally reported their internships were focused
on domain science topics (only 3 participants responded “Not at
all”). At the time of their internships, participants were studying a
variety of domain sciences and mathematics.

Averages and standard deviations for the main survey questions
are included in Table 4. Next, we describe results by theme.

3.1 Computational Skills
On average, participants enter their internships with at least some
experience across most computational skills. Additionally, partici-
pants report at least “some improvement” in general-purpose pro-
gramming (𝑡 (23) = 4.65, 𝑝 = .000), scientific programming (𝑡 (23) =
4.66, 𝑝 < .000), data visualization & analysis (𝑡 (23) = 5.17, 𝑝 = .000),
use of HPC and supercomputers (𝑡 (23) = 2.53, 𝑝 = .009), and using
software libraries or open-source code (𝑡 (23) = 5.35, 𝑝 = .000). The
distribution of responses is provided in Figure 1.
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Table 4: Descriptive statistics and 𝑡-test results. * indicates
questions related to usefulness of skills in applying to po-
sitions, and + indicates questions related to use of skills in
current position.

Question
Pre

Internship
Mean (SD)

Post
Internship
Mean (SD)

𝑡-test

Computational 1 1.54(0.78) 1.67(0.70) 4.65, 𝑝 = 0.000
Computational 2 1.67(0.92) 1.79(0.83) 4.66, 𝑝 = 0.000
Computational 3 0.71(0.69) 0.79(0.98) −1.04, 𝑝 = 0.846
Computational 4 0.71(0.81) 1.08(1.06) 0.39, 𝑝 = 0.352
Computational 5 1.50(0.72) 1.96(0.91) 5.17, 𝑝 = 0.000
Computational 6 0.62(0.77) 1.00(1.22) 0.00, 𝑝 = 0.500
Computational 7 1.29(1.00) 1.29(1.20) 1.19, 𝑝 = 0.122
Computational 8 1.21(0.93) 1.62(1.21) 2.53, 𝑝 = 0.009
Computational 9 1.62(0.97) 2.04(0.95) 5.35, 𝑝 = 0.000
Familiarity 1 1.25(0.74) 1.83(0.76) 5.36, 𝑝 = 0.000
Familiarity 2 1.21(0.66) 1.38(0.97) 1.89, 𝑝 = 0.035
Familiarity 3 0.75(0.68) 0.88(0.99) −0.62, 𝑝 = 0.728
Familiarity 4 0.38(0.49) 0.50(0.83) −2.94, 𝑝 = 0.996
Familiarity 5 0.79(0.66) 0.62(0.82) −2.23, 𝑝 = 0.982
Familiarity 6 0.67(0.64) 0.54(0.83) −2.70, 𝑝 = 0.994
Familiarity 7 0.67(0.76) 0.88(0.90) −0.68, 𝑝 = 0.749
Research 1 0.79(0.78) 0.38(0.65) −4.73, 𝑝 = 1.000
Research 2 1.96(0.75) 1.50(0.83) 2.94, 𝑝 = 0.004
Research 3 1.75(1.11) 1.46(0.93) 2.41, 𝑝 = 0.012
Research 4 1.33(1.01) 0.88(0.85) −0.72, 𝑝 = 0.761
Professional 1 3.33(0.70) 3.67(0.56) −1.88, 𝑝 = 0.036
Professional 2 3.58(0.50) 3.46(0.98) 0.68, 𝑝 = 0.749
Professional 3 3.42(0.58) 3.04(1.27) 1.33, 𝑝 = 0.902
Professional 4 3.38(0.65) 3.54(0.83) −0.75, 𝑝 = 0.231
Professional 5 3.17(0.70) 3.00(0.98) 0.64, 𝑝 = 0.736
Domain 1 1.54(1.02) 1.92(0.88) −2.39, 𝑝 = 0.013
Domain 2 1.62(1.01) 2.25(0.79) −3.98, 𝑝 = 0.000
Domain 3 1.38(0.77) 1.71(0.62) −3.39, 𝑝 = 0.001
Sector 1 1.29(0.55) 1.17(0.70) 0.83, 𝑝 = 0.792
Sector 2 1.12(1.03) 1.08(0.97) 0.24, 𝑝 = 0.593
Sector 3 1.54(0.78) 2.42(0.78) −4.14, 𝑝 = 0.000
Sector 4 1.54(0.83) 1.83(0.87) −2.60, 𝑝 = 0.008
Sector 5 1.25(0.79) 1.29(0.75) −0.27, 𝑝 = 0.394
Sector 6 0.67(0.70) 0.67(0.87) 0.00, 𝑝 = 0.500
Sector 7 0.38(0.58) 0.46(0.59) −0.81, 𝑝 = 0.213
Computational* 2.40(0.74) 7.36, 𝑝 = 0.000
Familiarity* 1.93(1.03) 3.50, 𝑝 = 0.002
Research &
Professional* 2.40(0.74) 7.36, 𝑝 = 0.000

Computational+ 2.26(0.75) 8.04, 𝑝 = 0.000
Familiarity+ 1.48(1.04) 2.21, 𝑝 = 0.019
Research &
Professional+ 2.26(0.92) 6.61, 𝑝 = 0.000

Related 1.80(1.32) 2.35, 𝑝 = 0.017
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Figure 1: Participants’ self-reported prior experience (left)
and improvement of computational skills (right).

While the improvements were not statistically significant across
all skills, we note that 21 participants reported “moderate improve-
ment” or “substantial improvement” in multiple skills.

The open-ended responses mentioned additional specific skills
such as MPI (Message Passing Interface) and manifold optimiza-
tions.

3.2 Familiarity with Domain Science topics
On average, participants enter their internships with some fa-
miliarity with the domain science topics of energy systems and
energy efficiency, and little to no familiarity with other topics.
Participants report at least “some increase” in familiarity in re-
newable energy (𝑡 (23) = 5.36, 𝑝 = .000) and energy efficiency
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Figure 2: Participants’ self-reported prior familiarity (left)
and improvement of familiarity (right) with domain science
topics.

(𝑡 (23) = 1.89, 𝑝 = .035). The distribution of responses is provided
in Figure 2.

While the increases in familiarity were not statistically signifi-
cant across all skills, we note that six participants reported “mod-
erate increase” or “substantial increase” in one topic, and 13 par-
ticipants reported “moderate increase” or “substantial increase” in
multiple topics.

The open-ended responses echoed additional computational
skills (e.g., computational methods for physics and chemistry appli-
cations) and other domain science topics (e.g., wind energy, power
flows).

3.3 Research Skills
On average, participants enter their internships with at least one
prior research experience with respect to working on research
projects, in research teams, and toward authoring publications.
Additionally, participants report working on at least one research
project (𝑡 (23) = 2.94, 𝑝 = 0.004) or at least one research team
during their internship (𝑡 (23) = 2.41, 𝑝 = 0.012). The distribution
of responses is provided in Figure 3.
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Figure 3: Participants’ self-reported research experience be-
fore (left) and during (right) their internship.
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Figure 4: Participants’ self-reported agreement with being
part of a research community and with ability to communi-
cate ideas before (left) and during (right) their internship.

The open-ended responses echoed similar experiences as our
questions. For example, one participant noted “Remote collabora-
tion” as a skill that improved, and another participant mentioned
working in teams with varying levels of expertise as an important
skill for their post-internship position.

3.4 Professional Skills
On average, participants enter their internships with the ability to
communicate research across a variety of modes and are already
part of research communities. Participants’ agreement with the
statement, “I’m part of a research community where I can get feed-
back on my work,” is higher during their internship compared to
before their internship (𝑡 (23) = −1.88, 𝑝 = .036). While not statis-
tically significant, we also note that more participants responded
both “Agree” and “Disagree” with respect to these skills during their
internship compared to before their internship. The distribution of
responses is provided in Figure 4.

Five participants also mentioned networking or the networks
they developed through their internships as professional skills in
the open-ended responses.

On average, participants are interested across a variety of do-
mains and sectors prior to their internships, except for non-profits
or other unspecified sectors. Additionally, interest across all do-
mains increased after participants’ internships, and no participants
responded “Not interested” to any of the domains. Across sec-
tors, participants were more interested in careers at NLR (𝑡 (23) =
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−4.14, 𝑝 = 0.000) and other Department of Energy national labora-
tories (𝑡 (23) = −2.60, 𝑝 = 0.008). The distribution of responses is
provided in Figure 5 and Figure 6.

3.5 Career Interests
When asked about their current position at the time of completing
the survey, 14 participants reported they were in the same or differ-
ent degree program, and 10 participants reported they were looking
for employment or currently employed. Of those in the same or
different degree program, all participants reported enrollment in
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Figure 5: Participants’ self-reported interest in career domain
before (left) and after (right) their internship.
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Figure 6: Participants’ self-reported interest in career sector
before (left) and after (right) their internship.

doctoral programs. Of those currently employed, participants re-
ported working at DOE National Laboratories (including NLR),
industry, academia, and government.

Out of the 15 participants who are not in the same degree pro-
gram, only four participants reported they were looking for posi-
tions or currently in a field not related to NLR domain science topics.
Additionally, participants on average reported skills improved dur-
ing the internship were at least “Somewhat useful” in applying for
positions.

Participants also reported skills improved during the internship
were at least “Somewhat useful” in applying to their current posi-
tion, and that they used these skills at least “Some of the time” in
their current positions (see Table 4).

4 DISCUSSION
Students supported by federally funded graduate internships in CSE
topics at NLR reported the largest improvement in computational
science skills, followed by domain science skills. This improvement
in computational skills may reflect both hands-on experience dur-
ing their internship and the availability of tutorials at NLR. Students
reported smaller improvements in their research skills. This may
reflect that students often begin this internship with prior research
experience through their undergraduate or graduate degree pro-
grams.

Students reported some shift in their career interests. They report
increased interest in careers in the domain science topics researched
at NLR. However, apart from a small increase in students interested
specifically in NLR, students do not appear to have changed their
interests in the career sector significantly. This may reflect that
graduate students participating in internships outside of academia
are more selective of the experiences they pursue to match their
existing interests.

5 CONCLUSIONS
These results showed that the primary outcomes from CSE intern-
ships at NLR were increases in CSE and domain science capabilities.
Improvements in research skills and career insights were present
but less significant. This is the reverse of models that hold that the
purpose of internships and other experiential learning is to develop
non-technical skills. The increase in technical skills shown in this
study suggests that internships at the postgraduate level may hold
a role beyond introducing students to non-academic careers.

At a larger level, our results echo other calls to encourage grad-
uate student participation in internships to provide supplemental
training and additional learning opportunities outside of formal
degree programs [30]. Our results emphasize the importance of
federally-funded or other externally-funded programs in providing
these internship opportunities that focus on educational objectives,
rather than internships funded from research projects that may
focus on hiring candidates whose skills best align with individual
projects. This approach may be particularly valuable in CSE, where
there is a large disparity in institutional resources and ability to
offer cross-training between institutions.

To the best of our knowledge, this is the first study to evaluate
graduate-level internship programs at the intersection of CSE and
domain science. We encourage others to use our survey as part of
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evaluation efforts of other internship programs to see if our results
generalize to other host institutions and program contexts. We
also suggest future work on the impacts of other models of using
national laboratory capabilities to provide training in CSE and HPC,
such as academic partnership programs.
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ABSTRACT
High-performance computing (HPC) is an increasingly essential
skill across science, engineering, and data-intensive industries, yet
most university students and faculty lack prior HPC experience.
This paper presents a cross-disciplinary workforce development
model in which nine faculty members at Clemson University inte-
grated the Palmetto2 supercomputer (3.0 PFlops; 54,476 CPU cores;
300+ GPU nodes) into seven courses spanning Bioinformatics and
Computational Biology, Business Data Analytics, Computational
Chemistry, Computer Science and Parallel Architectures, Automo-
tive Engineering and AI Applications, Healthcare Data Science, and
HPC Systems Hardware. A democratized access policy—removing
departmental and financial barriers to cluster accounts—enabled
broad adoption across student populations ranging from wet-lab
biologists to working business professionals. Common pedagog-
ical challenges included HPC onboarding, software dependency
management, and large-dataset transfer; shared solutions included
priority course scheduling, scaffolded desktop-to-cluster exercises,
and modular training materials developed by Clemson’s Research
Computing and Data Engagement (RCDE) team. Discipline-specific
computational profiles varied from large-dataset I/O in bioinfor-
matics and healthcare to GPU-intensive deep learning in automo-
tive AI and intensive floating-point computation in chemistry and
parallel architectures. Three transferable principles emerge: de-
mocratized access, guaranteed priority scheduling for courses, and
domain-contextualized scaffolded exercises. Students completing
these courses gain Linux proficiency, job scheduling, parallel pro-
gramming, and large-scale data analysis skills directly applicable
to research and industry careers in an economy increasingly de-
pendent on data-intensive computation.
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1 INTRODUCTION
In the Fall 2025 semester at Clemson University, a diverse group
of professors shared their experiences teaching undergraduate and
graduate students using a campus cluster called Palmetto2 [3] in
their university courses. Course topics included Bioinformatics and
Computational Biology, Business Data Analytics, Computational
Chemistry, Computer Science and Parallel Architectures, Automo-
tive Engineering and AI Applications, Healthcare Data Science and
Public Health. After Clemson’s HPC Days workshop, the group
saw value in presenting to a wider audience.

In this report, an overview of each course is presented along
with a hardware training course called "Constructing HPC Sys-
tems: The Hardware Perspective." Then we provide a comparative
analysis along with challenges and education solutions that are
common for most, if not all disciplines. Finally we discuss workforce
development opportunities.

1.1 Current State of HPC Education in
Universities

High-performance computing (HPC) has become a strategic re-
source for scientific discovery, economic competitiveness, and na-
tional security, yet its integration into university curricula remains
uneven. A survey of 133 domestic and international university HPC
centers found that while HPC use in undergraduate education has
grown significantly across STEM disciplines, the majority of stu-
dents (63.5%) and faculty (69.0%) surveyed reported no prior HPC
experience [4]. Key barriers include the absence of dedicated cur-
ricular materials, insufficient access to HPC hardware, and a lack of
technical support staff. HPC-related skills are rarely embedded in
standard undergraduate programs, and research opportunities are
largely confined to campuses with existing HPC infrastructure [4].

1.2 National HPC Resources
Several United States initiatives have been established to address
the HPC access and workforce development gap, providing training
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materials, allocations, and programmatic support to researchers
and educators across the United States.

1.2.1 National Science Foundation Cyberinfrastructure Worker
Training Programs. TheNational Science Foundation (NSF) Training-
based Workforce Development for Advanced Cyberinfrastructure
(CyberTraining) program (NSF 23-520) is the flagship federal initia-
tive for cyberinfrastructure (CI) workforce development [6]. The
program pursues two primary goals: (i) ensuring broad adoption
of CI tools, methods, and resources by the research community to
catalyze major research advances; and (ii) integrating core literacy
and discipline-appropriate advanced skills in CI and computational
methods into undergraduate and graduate educational curricula.
In 2021, NSF published the Blueprint for Cyberinfrastructure Learn-
ing and Workforce Development [7]. The blueprint defines three
communities of concern: CI Contributors, CI Professionals, and CI
Users and articulates a three-pillar architecture for sustainable CI
community building: (1) promoting community vision and organiza-
tion, (2) fostering sustainability through professional development
and career pathways, and (3) measuring and communicating the
impact of CI investments. The blueprint calls for curriculum de-
velopment, career recognition, and the nurturing of regional and
domain-centered CI communities.

1.2.2 XSEDE and ACCESS Programs. The Extreme Science and
Engineering Discovery Environment (XSEDE), funded by NSF from
2011 to 2022, provided a national network of advanced computing
resources, training, and user support to the U.S. research commu-
nity [8]. XSEDE offered online lectures, workshops, and training
distributed across its partner sites, and served as a model for multi-
institutional HPC education. In 2022, XSEDE was succeeded by the
Advanced Cyberinfrastructure Coordination Ecosystem: Services
& Support (ACCESS) [1], which continues to provide NSF-funded
advanced computing allocations and support services at no cost to
eligible U.S.-based researchers and educators.

1.2.3 The Carpentries HPC Training Materials. HPC Carpentry
is a community-driven initiative that develops and delivers open,
peer-reviewed training materials for high-performance computing,
modeled on the pedagogy of The Carpentries (Software Carpentry,
Data Carpentry, Library Carpentry) [5]. The core HPC Carpentry
curriculum bridges the gap between laptop-scale computing and
supercomputer use through three lessons: the Software Carpentry
Unix Shell lesson, an Introduction to High Performance Computing
lesson covering job scheduling, module systems, file transfer, and
parallel execution, and a lesson on HPC Workflow Management
using Snakemake. Materials are freely available, instructor-tested,
and designed for two-day workshop delivery. The mission of HPC
Carpentry is to lower the barrier to entry for HPC operations across
a wide range of users, particularly those without formal computa-
tional training.

2 PALMETTO2: DEMOCRATIZING HPC AS A
TRAINING RESOURCE

2.1 Infrastructure Overview
Named for South Carolina’s state tree, the Palmetto2 Cluster was de-
signed to suit many different research applications, with many pow-
erful multi-core nodes, each with a significant amount of memory.
Currently, Palmetto2 is comprised of 1202 compute nodes (totaling
54,476 CPU cores), and features:

• over 300 nodes are equipped with 2x or more NVIDIA Tesla
GPUs (P100, V100, A100, H100, and H200 )

• 20 large-memory nodes with greater than 1.5 TB of memory
• 250 GB home directory space for each user
• 5 TB scratch storage space for each user
• 10 and 25 Gbps Ethernet, and 56, 100, 200 and 400 Gbps
Infiniband networks

• benchmarked at 3.0 PFlops

GPU-accelerated nodes are interconnected with high-speed Infini-
band networking. Palmetto2 also contains special resources such
as large-memory nodes featuring 1.5TB of RAM or more with the
largest containing 6TB, and NVIDIA DGX and HGX systems for
large-scale AI/ML workloads.

The Indigo Data Lake storage system is a research data reposi-
tory and processing platform backed by an all-flash scalable storage
system provided by VAST Data. Indigo has 5.5PB of data leveraging
data reduction and de-duplication technologies. The data lake can
support large numbers of simultaneous clients by leveraging an ag-
gregate of 1.6 Tbps of network throughput over InfiniBand and 400
Gbps over ethernet. Indigo is accessible via NFS, SMB, or S3 proto-
cols. Students, faculty, and staff can access their storage via the SMB
protocol over the campus network. Faculty can purchase persistent
storage on Indigo that also features backups and snapshots. The
Palmetto2 HPC cluster is housed at Clemson’s Information Technol-
ogy Center (ITC). The ITC is a 24/7 monitored environment with
proper power, cooling, and physical security. The Palmetto Cluster
is UPS and generator backed to prevent unexpected interruptions
to compute jobs.

2.2 Democratized Access Model and User
Experience

All Clemson HPC resources (compute, storage, and staff support)
are available across all departments, to all faculty and students.
Faculty and graduate students simply need to request an account;
undergraduate students are given accounts through faculty request,
such as for a course or supervised research work. This democra-
tized access model makes computing available to everyone, from
engineering to humanities and the social sciences. User jobs are
scheduled on the Slurm scheduler’s fair-share algorithm. A shared
ownership model (condominiummodel) is available for faculty who
require on-demand compute resources. Compute node owners have
priority access to queue jobs on their nodes, and other users on the
cluster may take advantage of idle time on the node to run their
jobs.

Courses using HPC are assigned priority scheduling, so that re-
sources are guaranteed to be available during class hours if needed,
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and the user support and training infrastructure provides the as-
sistance users need to become proficient in their computing needs.
This has been especially important for disciplines that do not typi-
cally include training in computing as part of their core curriculum.
Integration with Clemson’s Canvas course management system
vastly simplifies account management for these students.

2.3 Clemson HPCWorkshop Training Series
The Research Computing and Data Engagement (RCDE) team at
Clemson University provides training for the HPC community.
Most workshops are available as an online course, which supple-
ments live training sessions. The online course allows people to
review the materials at their own pace. Course topics include in-
troductory materials (Intro to Linux, Intro to HPC); advanced HPC
topics (Containers for HPC; Kubernetes; parallel methods); materi-
als simulation codes (LAMMPS, VASP); software development (Git;
CI/CD; AI code assistance); Python (Spark; Deep Learning; Machine
Learning; Visualization); R (programming,Machine Learning/caret);
Nextflow workflow manager; and Deep Learning workshops (run-
ning and fine-tuning LLMs on Palmetto; PyTorch; RAGs; Attention
& Transformers).

3 INTERDISCIPLINARY HPC
IMPLEMENTATION: DISCIPLINE-SPECIFIC
UNIVERSITY COURSES

3.1 Bioinformatics and Computational Biology
3.1.1 Course Structure and HPC Integration. The Genetics and

Biochemistry department at Clemson University offers multiple
bioinformatics courses that demonstrates a scalable, multi-level
approach to integrating HPC into life sciences education using
the Palmetto2 HPC cluster. Advanced Medical Bioinformatics (GEN
8450) is a graduate course, delivered in a hybrid format over 15
weeks to 10-20 students, emphasizing applied genomics workflows
for translational research applications. Foundations of Genetics and
Bioinformatics (GEN 8410) provides an intensive 5-week summer
foundation course for 10 students in a fully asynchronous online
format and establishes core computational biology competencies.
A Bioinformatics course (BIOCH/GEN 4400/6400) accommodates
100-150 undergraduate and graduate students annually in a hybrid
self-paced format, serving as a workforce development pipeline for
computational biology skills across multiple disciplines.

3.1.2 Learning Objectives and HPC Skill Development. All three
courses utilize Palmetto2’s computational resources to achieve pro-
gressive learning objectives spanning theoretical knowledge and
hands-on technical skills. Students master Linux command-line
operations for bioinformatics workflows, develop proficiency in
Python and R programming for genomic data analysis, and learn
to navigate high-performance computing environments including
Slurm job scheduling, resource allocation, and parallel processing
concepts.

The curriculum emphasizes real-world dataset manipulation
usingmajor biological databases (SRA, ENSEMBL, GTEx, NCI GDC),
implementation of sequence alignment algorithms, and systems
biology approaches for network construction and pathway analysis.
Students engage in biomarker discovery workflows and population

genetics analyses requiring substantial computational resources
unavailable on personal workstations.

3.1.3 Educational Outcomes and Workforce Impact. The integra-
tion of Palmetto2 infrastructure enables students to tackle authen-
tic research problems with real-world computational complexity,
bridging the gap between classroom theory and professional prac-
tice. Students demonstrate measurable competency gains in com-
putational thinking, scalable data analysis, and interdisciplinary
problem-solving essential for modern life sciences careers.

The complexity across the three courses—from 10-student in-
tensive workshops to 150-student large-enrollment implementa-
tions—establishes a replicable model for HPC integration that ad-
dresses diverse institutional needs and student populations. As-
sessment outcomes show consistent achievement of technical pro-
ficiency in genome-scale data processing, statistical analysis pro-
gramming, and collaborative computational workflows that directly
translate to research productivity and industry readiness in bioin-
formatics, biotechnology, and healthcare sectors. This multi-tiered
approach demonstrates howHPC resources can be effectively scaled
from specialized graduate training through broad undergraduate
workforce development, providing a sustainable model for other
institutions seeking to integrate computational infrastructure into
life sciences curricula.

3.1.4 Example Computational Exercise: Sequence Alignment on
Palmetto2. Students complete a comprehensive hands-on labora-
tory exercise demonstrating core computational biology workflows
on high-performance computing infrastructure [2]. The exercise
encompasses ten sequential steps that progressively build HPC
competency: (1) secure cluster access and authentication, (2) inter-
active resource allocation using Slurm job scheduling, (3) Jupyter
interface navigation for terminal access, (4) scratch filesystem uti-
lization for temporary storage, (5) conda environment management
for bioinformatics software installation, (6) large-scale genomic
dataset acquisition from public repositories, (7) file compression and
decompression operations, (8) BLAST database construction using
makeblastdb, (9) comparative sequence alignment execution using
both global (Needleman-Wunsch) and local (Smith-Waterman) algo-
rithms, and (10) quantitative analysis of alignment results including
statistical significance assessment.

This exercise directly addresses authentic research scenarios by
utilizing human genome and cDNA datasets, requiring computa-
tional resources exceeding typical desktop capabilities. Students
gain practical experience with Linux command-line operations,
bioinformatics software deployment, parallel processing concepts,
and large-scale data managemen that are essential skills for modern
genomics research. The progressive complexity from basic cluster
access to advanced alignment analysis demonstrates how HPC in-
frastructure enables sophisticated biological analyses previously
accessible only to specialized research groups, effectively democ-
ratizing computational biology education across diverse student
populations.
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3.2 Business Data Analytics
3.2.1 Course Structure and HPC Integration. Effective manage-

ment in the information age relies on the proper use and inter-
pretation of data. Virtually every functional area of management
relies on the statistical treatment of data and information. Know-
ing when and how to use statistics as a tool to make decisions in
an uncertain business environment is an essential skill of a suc-
cessful manager. Business Data Analytics and Statistical Computing
(MBA 8040) teaches modern statistical inference in business opera-
tions. Topics include testing statistical hypotheses, consequences
of making decisions with incomplete information, univariate and
multivariate regression with emphasis on business applications and
design of experiments and analysis of variance. Special attention is
given to efficient and relevant data collection and interpretation.

3.2.2 Learning Objectives and HPC Skill Development. The ob-
jectives of this 3 credit course are to present the most important
statistical techniques and illustrate their applications. Emphasis
is placed on appropriate formation of problems, proper choice of
statistical techniques, and on effective interpretation and commu-
nication of results. Conceptual understanding is facilitated by the
use of technology to show how each of the statistical techniques
can be implemented in spreadsheet (MS Excel) or HPC environ-
ments. Using Palmetto2, students install R and Python working
environments, and explore calculation structures. By the end of
the course, students recognize how to deal with situations that
involve uncertainty using local and HPC technologies as well as
understand how to apply and to interpret regression analysis and
other managerially important analytical models.

3.2.3 Educational Outcomes and Workforce Impact. This class
provides an entrance into HPC where most students do not have
not have any experience. By allowing students to see what could
be done with compute capabilities, they can then use HPC not only
for their assignments, but also discuss with their current employers
on how HPC can benefit their current work areas.

3.2.4 Example Computational Exercise. This course gives stu-
dents access to Python and R notebook environments where they
can apply statistical methodologies to business cases with provided
datasets for business decision-making. An example teaching work-
flow is to (1) Access Palmetto2 using Open OnDemand, (3) open
a terminal application, (3) create a working directory in scratch
space, (4) install Python, (5) download case datasets into working
directory on scratch, (6) uncompress data files, and (7) apply numpy
and other libraries to analyze the dataset.

3.3 Computational Chemistry
3.3.1 Course Structure andHPC Integration. Computational Chem-

istry (CHE 8380) is a mixed lecture/lab course that introduces grad-
uate students to various aspects of computational chemistry includ-
ing fundamental computational techniques such as Hartree-Fock
and density functional theory, energy decomposition analysis, ab
initio molecular dynamics, and computational thermochemistry
and spectroscopy. The course is explicitly designed to train students
in the use of HPC resources and architectures, including remote
environments, Linux-based workflows, batch scheduling, resource
allocation, and basic concepts of scalability. While representative

calculations in laboratory activities are executed on students’ per-
sonal computers, the exercises are framed as small-scale analogs of
workflows that are later deployed on HPC systems. The final project
consists of a student-led computational project carried out entirely
using HPC resources in which an insightful chemical question is in-
vestigated. The final project is intended to simulate a graduate-level
research environment in computational chemistry.

3.3.2 Learning Objectives and HPC Skill Development. The pri-
mary learning objective of CHE 8380 is to equip students with
the tools needed to translate abstract chemical concepts and hy-
potheses into computable quantities. Students develop a practical
competency in HPC-based scientific computing and learn to in-
teract with Linux-based systems, prepare and submit batch jobs,
manage computational output, and construct reproducible computa-
tional workflows. The computational skills gained in this course are
introduced incrementally through a progression of in-class lab ac-
tivities which emphasize the scientific method: students learn how
to formulate chemical questions, construct physical models to gain
relevant insights, and implement those models computationally,
while maintaining a conceptual understanding of the underlying
mathematical formalism.

3.3.3 Educational Outcomes and Workforce Impact. Students
completing the course demonstrate the ability to translate chemical
research questions into HPC workflows. In addition to domain-
specific knowledge in electronic structure theory and molecular
modeling, students gain experience with technical practices com-
mon in HPC environments, including remote job execution, file
system management, and post-processing of large datasets. The
course therefore primarily prepares students to engage produc-
tively with HPC resources in graduate research, although the skills
obtained are applicable to employment in industry.

3.3.4 Example Computational Exercise: Potential Energy Surfaces.
An example of how HPC-oriented workflows are introduced at
smaller scale: students complete a laboratory exercise in which
they construct small molecules and perform electronic structure
scans of potential energy surfaces by varying a single internal
coordinate. These calculations are executed on a personal computer,
but the workflow mirrors that used in HPC environments: students
generate multiple independent calculations, organize a set of output
files, and analyze trends in energy and molecular properties. This
exercise prepares students for the final HPC project, where similar
analyses are performed at a greater computational scale.

3.4 Computer Science and Parallel
Architectures

3.4.1 Course Structure and HPC Integration. Parallel Architec-
tures (CPSC8200) is a graduate-level course that focuses on the core
elements of high-performance computing. Parallel computing has
long been indispensable, enabling scientific discovery and engineer-
ing innovation, and it is also critical to the rapidly growing field of
deep learning and its applications. Parallel computer architectures
are ubiquitous today, spanning systems from mobile devices (e.g.,
smartphones and laptops) to large-scale data centers. The course
covers modern parallel computer architectures, including multi-
core and manycore CPUs and GPUs, networking, system software,
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parallel programming paradigms and libraries, algorithm design,
and the measurement, analysis, evaluation, and optimization of
performance and scalability.

3.4.2 Learning Objectives and HPC Skill Development. Program-
ming assignments and course projects are performed on the Pal-
metto2 cluster. Upon completion of the course, students master the
principles and design methods for parallel system from hardware to
applications across the software stack. They become familiar with
state-of-the-art computer architecture, systems, and applications,
and they understand the technical details of software for parallel
computing. Students can apply a range of parallel programming
models—including SIMD, OpenMP, GPU programming with CUDA,
and the Message Passing Interface (MPI)—to solve important prob-
lems. They also learn performance-analysis methodologies such
as Amdahl’s law, strong scaling, and weak scaling, as well as tools
such as hardware performance counters, Nsight Systems (nsys),
and Nsight Compute (ncu), to profile and evaluate performance and
scalability and to identify inefficiencies and bottlenecks. In prac-
tice, they gain experience with batch scheduling systems to request
resources and to submit interactive and batch jobs on compute
clusters.

3.4.3 Educational Outcomes and Workforce Impact. By the end
of CPSC 8200, students demonstrate practical readiness for ad-
vanced research and professional practice in parallel and distributed
systems and high-performance computing. Because all assignments
and projects are executed on the Palmetto2 cluster, students gain
hands-on experience with realistic constraints—resource alloca-
tion, queueing policies, job scheduling, and performance variabil-
ity—mirroring both academic and industry HPC environments.

The training directly supports workforce development by prepar-
ing students for research careers (MS, PhD) in parallel and dis-
tributed systems, HPC architecture and software, and performance
analysis. They also prepare students for industry roles that demand
strong systems and performance expertise, including performance
engineer, HPC/software engineer, systems engineer, GPU/CUDA en-
gineer, and computational scientist. Graduates leave the course
with demonstrable skills in parallel programming, profiling and
optimization, scalability analysis, and cluster-based execution—
competencies that are increasingly essential across scientific com-
puting, engineering simulation, and large-scale machine learning.

3.4.4 Example Computational Exercise: Accelerating a Matrix-
Multiply Kernel on GPUs. Students are provided with a naïve GPU
implementation ofmatrixmultiplication, alongwith relevant techni-
cal papers, and are asked to apply multiple optimization techniques
to accelerate execution. Students submit the optimized source code
and a report describing the techniques used, the corresponding
speedups, and the cumulative speedup achieved. The final perfor-
mance target is to be comparable to an optimized CUDA library
call (e.g., cuBLAS). A successful solution requires exposing suffi-
cient parallelism, choosing an effective thread/block organization,
making optimal use of shared memory, coalescing global-memory
accesses, and managing register usage. Students also use profiling
tools to identify performance bottlenecks—such as high cache-miss
rates, low occupancy, and memory stalls—and to guide further
optimization.

3.5 Automotive Engineering and AI
Applications

3.5.1 Course Structure and HPC Integration. With continued ad-
vances in computing capabilities and increasing automotive system
complexity, the Department of Automotive Engineering incorpo-
rates Clemson’s Palmetto2 Cluster platform for BS, MS, and PhD
program curricula at Clemson University International Center for
Automotive Research (CU-ICAR)

Machine Perception and Intelligence (AUE 8200) is a graduate-level
course designed to introduce students in automotive engineering,
rather than computing backgrounds to modern perception and AI
methods for intelligent vehicles and manufacturing systems. The
course is structured in three coherent themes: sensing, 2D and 3D
machine perception and AI methods, and covers physical principles
of sensing, geometric representations and data-driven perception
approaches for automotive and robot systems. HPC resources are
incorporated throughout live lab sessions, homework assignments
and course projects to support computationally intensive percep-
tion workflows, such as AI model training and inference, sensor
data processing, and simulation data generation.

By working with real-world automotive and robotic datasets
such as KITTI, Waymo, and nuScenes, students develop and eval-
uate perception pipelines that closely align with current research
and industry practice. Grounded in problem-driven pedagogy, the
course integrates multi-modal sensing, geometric learning, AI train-
ing and inference, and edge-AI deployment with hands-on project
development, visualization and validation to support student expe-
riential learning (ExL) cycle.

3.5.2 Learning Objectives and HPC Skill Development. The learn-
ing objectives of this course emphasize the development of applied
AI and analytical skills required for modern automotive and ma-
chine perception applications. Students are trained to formulate
sensing and machine vision problems, select baseline models, de-
sign and validate AI-based perception methods leveraging HPC
resources. Students develop applied HPC skills such as Linux-based
system usage, Bash commands and coding, and Python program-
ming. The course introduces deep learning concepts and model
development using PyTorch, with an emphasis on training and in-
ference for perceptive sensor data recognition. Students implement
Python-based workflows for processing multimodal sensor data
such as radar, 2D and 3D camera and LiDAR data. Widely adopted
libraries for Python, 2D and 3D processing and visualization such
as NumPy, Matplotlib, scikit-image, OpenCV, and Open3D are used
to support these workflows. Students learn and consolidate these
skills through course projects involving the design, implementation,
and evaluation of AI-enabled perception methods using real-world
datasets and HPC platforms.

3.5.3 Educational Outcomes and Workforce Impact. The educa-
tional outcomes are closely aligned with the technical and profes-
sional workforce training needs in the automotive and intelligent
systems fields. Through experiential and project-based learning,
students will develop the ability to integrate sensing, geometric per-
ception, and AI methods under practical computational constraints.
Students will gain hands-on experience using GPU-accelerated HPC
environments, learning how to interpret complex sensor data and
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evaluate data-driven perception methods. In addition to technical
skills, the course also emphasizes professional engineering compe-
tencies, including teamwork, technical communication, and project
report writing. These outcomes will enable students to effectively
participate in interdisciplinary teams in autonomous vehicles, robot-
ics in smart manufacturing and data-driven engineering problems,
where scalable computing, data-centric reasoning and system-level
understanding are essential.

3.5.4 Example Computational Exercise: Machine Visual Recogni-
tion. A typical machine vision exercise in the course involves the
development, training and evaluation of a convolutional neural net-
work (CNN) using PyTorch on the CIFAR-10 dataset. CIFAR-10 is a
widely used benchmark dataset for image classification, comprising
ten semantic categories: {automobile, truck, ship, airplane, bird, cat,
deer, dog, frog, horseİn this exercise, students first examine the
dataset structure and perform basic data preprocessing and visu-
alization using Python-based tools. They then fine-tune or design
a CNN architecture, implement it within the PyTorch framework,
and train the model using GPU-accelerated HPC resources, employ-
ing cross-entropy loss in conjunction with a softmax non-linear
function at the output layer. Model performance is evaluated using
classification accuracy, confusion matrices, and loss convergence.
Students iteratively refine network architectures and training pa-
rameters to improve performance. Through this exercise, students
gain hands-on experience with deep learning–based visual recog-
nition workflows, model evaluation, and scalable HPC practices
relevant to machine perception and intelligence applications.

3.6 Healthcare Data Science and Public Health
3.6.1 Course Structure andHPC Integration. Instruction of health-

care data science is implemented through Predictive Analytics in
Healthcare (HLTH 8900) , a graduate-level course serving doctoral
students from Applied Health Research and Evaluation (AHRE) and
related public health programs at Clemson University. The course
was designed for health science students with no prior program-
ming or computing background and delivered over a full semester
with an application-driven structure. Instruction progressed from
foundational Python programming to the development, evalua-
tion, and interpretation of machine-learning models applied to
real clinical and public health datasets. HPC resources were inte-
grated through the Palmetto2 cluster to support scalable model
training, reproducible experimentation, and exposure to research-
grade computational environments. Rather than positioning HPC as
a standalone technical topic, cluster resources were embedded into
the analytic workflow once students moved beyond toy datasets.
As project complexity increased, Palmetto2 enabled students to
work with large national datasets, ensemble learning methods, and
repeated model comparisons that exceed the limits of personal lap-
tops. This approach ensured that HPC usage was introduced as a
practical necessity tied directly to analytic objectives rather than
as an abstract infrastructure concept.

3.6.2 Learning Objectives and HPC Skill Development. The pri-
mary learning objective of HLTH 8900 is to equip public health

students with the ability to design, implement, and critically in-
terpret predictive models in healthcare contexts. Students devel-
oped proficiency in Python-based data science workflows, includ-
ing data cleaning, feature engineering, statistical modeling, and
machine-learning pipelines using libraries such as pandas, scikit-
learn, statsmodels, and XGBoost. HPC skill development focused
on applied competency rather than systems-level optimization. Stu-
dents learned to execute reproducible analyses in shared computing
environments, manage computational experiments at scale, and
reason about tradeoffs between model complexity, interpretability,
and computational cost. Exposure to Palmetto2 enabled parallel
model training, repeated cross-validation, and survival modeling
workflows that would be impractical on local machines. Impor-
tantly, students learned to align computational choices with clinical
and public health constraints, such as data availability, contextual
missingness, and interpretability requirements.

3.6.3 Educational Outcomes and Workforce Impact. Student out-
comes demonstrated that health science trainees can rapidly acquire
advanced data science competencies when instruction is grounded
in domain-relevant problems and supported by scalable computing
infrastructure. Final projects and posters showed strong techni-
cal execution, including ensemble classification, survival analysis,
and model comparison, along with sophisticated contextual rea-
soning about clinical workflows, population health implications,
and ethical considerations. Projects included cardiovascular disease
risk prediction, diabetes classification using national surveillance
data, and cancer survival modeling using both traditional statistical
methods and modern machine learning approaches. Across these
domains, students demonstrated the ability to balance predictive
performance with parsimony, interpret model outputs in clinically
meaningful terms, and articulate how predictive tools could inform
screening, prevention, and intervention strategies. From a work-
force development perspective, this implementation highlights how
HPC can lower barriers for non-traditional computing students en-
tering health analytics roles. Graduates leave the course prepared to
collaborate effectively with data scientists, informatics teams, and
clinicians, with practical experience executing scalable analyses in
shared computing environments.

3.6.4 Example Computational Exercise: Predictive Modeling for
Population Health Outcomes. A representative computational ex-
ercise focused on developing and evaluating predictive models for
chronic disease risk using large-scale public health data. Students
worked with the CDC Behavioral Risk Factor Surveillance Sys-
tem (BRFSS) dataset, comprising over 70,000 records and multiple
demographic, socioeconomic, and health status variables. Using
Palmetto2 resources, students implemented logistic regression, ran-
dom forest, and XGBoost models, conducted systematic train-test
splits, and evaluated performance using accuracy, AUC, and various
feature importance analyses. The exercise emphasized iterative ex-
perimentation and interpretability. Students compared full feature
models with reduced variable models to assess how data availability
constraints affect predictive performance, a common challenge in
real world public health settings. Students concluded by translating
model findings into population level insights, such as identifying
actionable versus non-modifiable risk factors and discussing how
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predictive analytics could support scalable screening and preven-
tion strategies in the field.

3.7 Constructing HPC Systems: The Hardware
Perspective

3.7.1 Course Structure and HPC Integration. Creative Inquiry:
High-Performance Cluster Computing (ECE 4990) is designed to be
an HPC introductory course approachable to freshman, including
those with limited or no programming/technical experience. Each
student in the course is provided with a Cluster Kit which contains
all of the supplies necessary to construct a four node Raspberry
Pi cluster. Over the course of the semester the students follow
a provided tutorial walking them through cluster assembly and
installation of the key cluster software. This culminates in the
student benchmarking their cluster using the LINPACK benchmark
(HPL), the same benchmark used in the Top 500 List1. As students
work their way through the tutorial, direct comparisons are made
between the supplied hardware and that on large-scale systems
such as Palmetto2. The why and what each software package and
terminal command does are presented using high-level explanations
and layman real-world analogies. Each year, the six best students
in the course write and submit an application in collaboration with
a hardware vendor to the Student Cluster Competition2 held each
November at Supercomputing3. The vendor supplies the team a
cluster, allowing them to repeat the Raspberry Pi assignment, but
with production-level hardware. During the competition, they team
must complete a series of challenges such running benchmarks,
running scientific applications, and reproducing results from a
paper selected from the prior year’s Supercomputing conference.

3.7.2 Learning Objectives and HPC Skill Development. Success-
fully completing this course provides students with a strong founda-
tion for working with HPC systems. This enables them to translate
that knowledge into their discipline and answer What is HPC?
and Why is HPC important to my domain and society at large? Fur-
thermore, students are able to list key hardware elements inside
a node/rack and describe their role. Through benchmarking their
Raspberry Pi clusters, they are able to understand and quantify
application speedup and parallel efficiency. Finally, students are
able to identify well-known HPC software in their domain.

3.7.3 Educational Outcomes and Workforce Impact. Most stu-
dents who complete this course go on to enroll in graduate school.
For those who compete in the Student Cluster Competition, many
companies and organizations approach them about internship and
job opportunities. Multiple students have obtained internships at
United States Department of Energy laboratories.

3.7.4 Example Computational Exercise: Raspberry Pi Cluster
Benchmarking. Students benchmark their Raspberry Pi clusters
using the LINPACK benchmark (HPL) to evaluate floating-point per-
formance and to compute speedup as they use additional cores on
their cluster. Through repeated testing, the students gain hands-on
experience tuning HPL parameters — e.g., process grid dimensions,
problem size — to understanding how performance changes with
1https://top500.org/
2https://www.studentclustercompetition.us/
3https://supercomputing.org/

additional resources. Two key metrics (speedup and efficiency) are
introduced. Students compete among themselves to obtain the high-
est HPL score. The students’ performance results are extrapolated to
large process sizes to introduce concepts such as over-provisioning,
queue wait time, and total time-to-solution.

4 COMPARATIVE ANALYSIS:
CROSS-DISCIPLINARY CHALLENGES AND
SOLUTIONS

Across seven disciplines, several recurring patterns emerged in how
faculty integrated Palmetto2 into their courses. Despite differences
in domain, student background, and computational scale, some
challenges and solutions were consistent.

4.1 Common Technical Challenges
The most universal barrier was onboarding: configuring accounts,
navigating the Linux command line, file ingress & egress, and sub-
mitting Slurm jobs for the first time. Students in MBA 8040, with
little prior computing experience, faced the steepest initial learning
curve, while even CS graduate students in CPSC 8200 required
orientation to cluster-specific workflows. Across all courses, in-
structors reported that the first one to two weeks were dominated
by environment setup rather than domain content.

Software dependency management was a second shared chal-
lenge. Each discipline relies on a distinct software ecosystem—
bioinformatics tools (BLAST, conda environments), quantum chem-
istry codes (Gaussian, ORCA), deep learning frameworks (PyTorch,
TensorFlow), and statistical packages (R, Python)—requiring repro-
ducible, containerized, or module-based deployment strategies to
ensure consistent student environments.

Data transfer and storage management presented practical fric-
tion, particularly in bioinformatics (large genomic datasets from
NCBI and ENSEMBL) and automotive AI (multi-gigabyte KITTI and
Waymo sensor datasets). Priority scheduling for course allocations,
provided by RCDE (the university provided "humanware") team),
mitigated resource contention during class hours and was identified
by multiple instructors as critical to pedagogical success.

4.2 Discipline-Specific Computational
Requirements

Table 1 summarizes the primary computational profile of each
course. Bioinformatics and healthcare data science are character-
ized by large dataset I/O and moderate parallelism; computational
chemistry and parallel architectures demand intensive floating-
point computation and strong scaling; automotive AI and computer
science require GPU acceleration; and business analytics prioritizes
interactive notebook environments over raw throughput.

4.3 Student Background and Preparation
Requirements

Student preparation varied widely. CPSC 8200 students typically
hold CS bachelor’s degrees and arrive with C-family and Linux
familiarity. In contrast, MBA 8040 students are working profes-
sionals with no prior programming experience; the primary goal
is computational exposure rather than proficiency. GEN 4400/6400
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Table 1: Computational Profile by Discipline

Discipline Primary Resource Key Software

Bioinformatics CPU + large storage BLAST, conda, R/Python
Business Analytics Interactive CPU R, Python notebooks
Comp. Chemistry CPU (multi-core) Gaussian, ORCA
Computer Science CPU + GPU (CUDA/MPI) OpenMP, CUDA, MPI
Automotive AI GPU (deep learning) PyTorch, KITTI/Waymo
Healthcare Data Sci. CPU + large storage Python, R, SQL
HPC Systems (ECE) Raspberry Pi cluster HPL/LINPACK

students span a continuum from wet-lab biologists to computa-
tional scientists, requiring flexible, self-paced course designs. This
diversity underscores the need for modular onboarding materials—
such as the Clemson HPC Workshop Series—that can be tailored to
discipline-specific entry points.

A common pedagogical solution across courses was the use of
scaffolded exercises: small-scale desktop analogs that mirror HPC
workflows before students transition to cluster execution. This
approach, used explicitly in CHE 8380 and ECE 4990, reduced cog-
nitive load and improved student confidence prior to full HPC
deployment.

5 CONCLUSION
This paper presents a cross-disciplinary model for integrating HPC
into university curricula, grounded in the shared experience of
seven courses at Clemson University using the Palmetto2 HPC
cluster The disciplines span life sciences, business, chemistry, com-
puter science, engineering, and public health—demonstrating that
HPC is not a niche resource but a broadly applicable educational
infrastructure.

Three principles emerge as transferable to other institutions.
First, democratized access—removing departmental and financial
barriers to cluster accounts—is a prerequisite for broad adoption.
Second, priority scheduling for courses ensures pedagogical reliabil-
ity and instructor confidence. Third, scaffolded, domain-contextualized
exercises are more effective than generic HPC tutorials for motivat-
ing diverse student populations.

The workforce development impact is substantial. Students com-
pleting these courses gain computational skills—Linux proficiency,
job scheduling, parallel programming, large-scale data analysis—
that are directly transferable to research careers and industry roles

in an economy increasingly dependent on data-intensive compu-
tation [4, 7]. The Clemson model, supported by the RCDE team’s
training infrastructure and Palmetto2’s democratized access policy,
offers a replicable framework for institutions seeking to address
the documented HPC skills gap [4].

Future work will focus on quantitative assessment of student
learning outcomes across disciplines, expansion to humanities and
social sciences, and development of open-source, discipline-specific
HPC teaching modules for community adoption.
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ABSTRACT
This paper presents the design, construction, and testing of a low-
cost autonomous navigation system built on the Freenove 4WD
robot car. An ESP32-CAM microcontroller handles image capture
and onboard machine learning while an Arduino Uno controls the
four DC motors, with all hardware costing under 103 US dollars. A
convolutional neural network trained through Edge Impulse was
compressed to an 18.2 KB quantized model that runs directly on
the ESP32, classifying 32 by 32 pixel grayscale camera frames into
five sign categories: stop sign, left turn, right turn, T intersection,
and forward arrow. An OpenCV image processing pipeline running
alongside the neural network performs Canny edge detection and
Hough line transform for lane tracking and pixel-density-based
obstacle avoidance. Navigation decisions are encoded into short
serial packets with CRC error checking and sent from the ESP32 to
the Arduino, which converts them into PWMmotor signals. Across
500 controlled test runs, the robot correctly identified signs 91.78
percent of the time under even lighting and 69.46 percent under
uneven lighting. The full decision loop from camera capture to
motor response averaged 66.6 milliseconds. A systematic failure
analysis across all 500 trials categorized errors into hardware, en-
vironmental, and software causes; five targeted fixes reduced the
overall failure rate from 36.8 percent to 11.4 percent. The project
also served as a comprehensive self-directed computational science
education exercise, and the paper includes a dedicated student re-
flection documenting technical lessons, methodological insights,
and educational impact. All firmware, training data, and experimen-
tal records are publicly available for reproduction and improvement
by other students and educators.
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Freenove 4WD Robot Car, Hough Line Transform, Convolutional
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1 INTRODUCTION
Self-driving robots require real-time firmware, image processing,
machine learning, and motor control to work together inside a
single physical machine. Commercial autonomous vehicle systems
from companies like Waymo and Tesla use expensive sensor arrays
and neural networks with hundreds of millions of parameters run-
ning on powerful onboard computers [7]. These systems are far
beyond any classroom or student budget. The TinyML movement
has changed what is achievable at the low end of the hardware
spectrum: compact neural networks compressed to a few kilobytes
can now run in real time on microcontrollers costing a few dollars
[1] , [9].

The ESP32 microcontroller runs at 240 MHz, includes several
megabytes of memory, and can classify camera images in real time.
Paired with an Arduino Uno for motor control and an OpenCV
image processing pipeline for lane tracking, the result is a func-
tional autonomous robot for under 103 US dollars. The Freenove
4WD chassis appears in many classroom projects, mostly for sim-
ple reflectance-based line following. This paper goes further by
deploying a trained neural network onto the ESP32, implementing
a reliable two-board serial communication protocol, and conducting
500 controlled test trials to measure accuracy, timing, and failure
modes with enough rigor to serve as a reproducible baseline.

Contributions: (i) a complete two-board robot combining neural
network inference with classic computer vision; (ii) a UART serial
protocol with CRC error detection between the two boards; (iii) 500-
trial experimental results including per-sign accuracy, confusion
matrix, per-step timing with variance, and failure analysis with be-
fore/after fix measurements; (iv) a student reflection documenting
technical lessons and educational impact; (v) a public repository
with all code, data, and build instructions at https://github.com/
Abhiram03-2009/Low-Cost_Autonomous_Robot_Navigation_Research_
Project.

2 RELATEDWORK
2.1 Educational Robotics Platforms
Patil and colleagues [8] built a Raspberry Pi robot using OpenCV
color filtering and the Hough transform for lane tracking, estab-
lishing that vision-based navigation is possible on inexpensive
hardware. That work did not include a trained sign classifier, did
not use a dual-board architecture, and did not report systematic ac-
curacy measurements or failure analysis across many trials. Brooks
[2] established the layered control principle that fast safety reflexes
should override slower classification decisions, directly applied
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here: the pixel-density obstacle check always takes priority over
the neural network output.

2.2 TinyML on Microcontrollers
Warden and Situnayake [9] established the practical foundations
of TinyML. Banbury and colleagues [1] found through benchmark-
ing that environmental variation, especially lighting, causes more
accuracy worsening than model architecture choices. Howard and
colleagues [6] introduced MobileNet's depthwise separable convo-
lutions, significantly reducing computation. Han and colleagues [5]
showed INT8 quantization shrinks models fourfold with minimal
accuracy loss. David and colleagues [3] described TensorFlow Lite
Micro, and Edge Impulse [4] integrates these into an accessible
training and deployment pipeline used in this project.

2.3 Gap Addressed
No prior work combines embedded neural inference with classic
computer vision on an ESP32 and Arduino platform and reports
per-sign accuracy, confusion matrix, step-by-step timing, and an
itemized failure analysis with fix measurements across 500 trials at
this cost tier. This paper provides all of that.

3 SYSTEM DESIGN AND IMPLEMENTATION
3.1 Hardware Architecture
Four subsystems make up the robot. The ESP32-CAM board with
OV2640 camera and 4 MB PSRAM handles image capture and runs
both the neural network and OpenCV pipeline. The Arduino Uno
receives serial commands and drives the four motors. An L298N
dual H-bridgemotor driver converts PWM signals intomotor power.
A 7.4 V Li-ion battery pack with an LM2596 5 V regulator provides
stable power to both boards. Table 1 itemizes all parts and costs.
Figure 1 shows the system layout. Figure 2 shows the finished robot.

Figure 1: System architecture showing ESP32-CAM, Arduino
Uno, motor driver, sensors, battery, and all data and power
connections

The ESP32's two processor cores are partitioned: Core 0 handles
the camera DMA and image pipeline; Core 1 handles serial com-
munication and sensor polling. This prevented frame drops that

Figure 2: Finished Freenove 4WD robot with ESP32-CAM on
front bracket and Arduino on chassis deck

occurred when all tasks ran on one core. A 100 microfarad capaci-
tor across the motor power rail eliminated ESP32 brownout resets
caused by current spikes when all four motors start simultaneously,
a problem found through careful test logging and fixed with a single
component. Per-motor PWM calibration values stored in Arduino
EEPROM at startup correct for torque differences between motors
that would otherwise cause the robot to drift sideways.

Table 1: Parts List and Cost (USD, 2025)

Component Notes Cost

Freenove 4WD Kit Chassis, motors,
wheels

39.95

ESP32-CAM OV2640, 4 MB
PSRAM

8.99

Arduino Uno R3 ATmega328P, 16 MHz 27.60
Li-ion Battery Pack 7.4 V, 2000 mAh 14.99
Voltage Regulator LM2596, 5 V out 4.99
Sensors (incl.) Ultrasonic, 2x IR included
Printed Signs 5 types, laminated 2.50
Wires and Capacitor Misc. components 3.99
TOTAL approx. $103

3.2 Image Processing Pipeline
The camera captures frames at 15 fps, each resized to 32 by 32
pixels in grayscale, small enough to share memory with the neural
network tensor arena and OpenCV buffers within the 4 MB PSRAM.
Three preprocessing steps run before the image reaches either
pipeline: pixel normalization to the 0-255 range, a 3 by 3 Gaussian
blur to reduce sensor noise, and per-frame histogram equalization
to stabilize contrast under changing illumination. The prepared
image then feeds both the neural network and OpenCV pipeline
simultaneously. Figure 3 shows the pipeline diagram. Figure 4 shows
a real-world, representative example output.

3.3 Neural Network Design and Training
The sign classifier was built and trained using Edge Impulse and
exported as an INT8 quantized TFLite model. The architecture
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Figure 3: Image processing pipeline: raw 32x32 frame
through normalization, blur, Canny edge detection, Hough
line transform, to motor command

Figure 4: Real-world, representative output for pipeline: raw
frame, blurred, Canny edge map, and Hough line detection
overlay

shown in Figure 5 takes a 32 by 32 grayscale image through two
convolutional blocks, each with 3 by 3 filters and 2 by 2max pooling,
then through a 64-neuron fully connected layer to five softmax
outputs. Total parameters: 49,477; flash size: 18.2 KB; runtime RAM:
6.4 KB. Figure 6 shows the full system architecture as built.

Figure 5: Neural network: 32x32 grayscale input, two Conv +
Pool blocks, 64-neuron dense layer, five sign-category out-
puts. INT8, 18.2 KB

Training used 500 images per class (2,500 total) with augmenta-
tion: horizontal flipping, up to 15 degree rotation, and up to 20 per-
cent brightness variation. Adam optimizer with 50 epochs reached
96.4 percent validation accuracy. A 65 percent confidence threshold
prevents the robot acting on uncertain frames, such as partially
blocked or extreme-angle signs, eliminating irregular behavior seen
without this filter.

Figure 6: Full implementation architecture diagram showing
the complete perception-to-execution pipeline

Image resolution was constrained to 32 by 32 pixels by mem-
ory. At 64 by 64, the combined PSRAM requirements of the DMA
buffer, tensor arena, and OpenCV working memory exceed the 4
MB available and the board crashes. This constraint is one of the
most educational aspects of the project: in microcontroller devel-
opment, memory is a hard limit that shapes every other design
decision.

3.4 Computer Vision Pipeline
Canny edge detection with hysteresis thresholds of 30 and 90 finds
edges in each frame. The Hough transform identifies straight lines:
near-vertical lines mark lane boundaries, near-horizontal lines mark
stop or intersection markers. For obstacle avoidance, if the lower-
center 40 percent of the edge image is more than 40 percent filled
with edges, the robot brakes immediately regardless of the neural
network output. This safety check runs every frame and cannot be
overridden.

3.5 Serial Communication Protocol
The ESP32 sends command packets to the Arduino at 115,200 baud
with format: command letter, speed (0-255), steering offset, and
CRC-8 checksum. The Arduino verifies the checksum before acting;
failed checks trigger up to three retransmissions before defaulting
to brake. Table 2 shows the command-to-motor mapping.

Table 2: Serial Command to Motor Mapping

Cmd L Speed R Speed L Dir R Dir

F (Forward) speed speed fwd fwd
B (Brake) max max lock lock
S (Stop) 0 0 fwd fwd
L (Left) 40% speed fwd fwd
R (Right) speed 40% fwd fwd

4 EXPERIMENTAL METHODOLOGY
4.1 Test Environment
All 500 trials ran on a flat tile floor marked with white tape forming
a 0.6 mwide, 2.5 m long corridor. Six 50 mmwooden obstacle blocks
were placed at fixed positions. Five laminated A5 signs, one per
category, were mounted on 15 cm posts at marked positions. Two
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lighting conditions were tested: even (500 lux overhead fluorescent,
no shadows) and uneven (overhead plus a desk lamp casting a clear
shadow across half the path). Figure 7 shows the arena diagram.
Figure 8 shows the physical arena.

Figure 7: Test arena top-down diagram: start zone (green),
end zone (red), obstacle positions, signpost locations, camera
field-of-view

Figure 8: Physical test arena with tape path boundaries,
wooden obstacle blocks, and sign mounts

4.2 Trial Procedure and Conditions
For each lighting condition, 50 independent trials were run per sign
type, giving 250 trials per condition and 500 total. Each trial placed
the robot at a fixed start mark, positioned the target sign 30 cm
ahead, powered the robot on for one decision cycle, and recorded
the output command. A trial was scored correct if the command
matched the sign within 3 seconds. The robot was repositioned and

the sign swapped between every trial. Consistent repositioning to
a floor mark was critical: early informal tests without fixed posi-
tioning showed significantly higher variance, highlighting the im-
portance of controlled procedure even in small-scale experiments.

The 50-trial-per-class count was chosen based on statistical value:
at a true accuracy of 90 percent, 50 trials gives a 95 percent confi-
dence interval of approximately plus or minus 8 percentage points,
sufficient to reliably distinguish the two lighting conditions.

Consistent repositioning was enforced strictly between every
trial. In informal preliminary runs where the robot was placed
approximately at the start position, result variance was noticeably
higher. Once a physical floor mark was established and both front
wheels required alignment to it before each run, variance dropped
significantly. This is a basic principle of controlled experimental
design, but the impact of enforcing it here was large enough to
be visible in the data and reinforced the importance of procedural
discipline in small-scale experiments.

Sign distance was fixed at 30 cm based on the camera's field of
view at 32 by 32 pixel resolution. At distances beyond 45 cm the
sign occupied fewer than 8 pixels in the image and classification
accuracy dropped sharply in preliminary tests. At distances under
20 cm the sign partially overflowed the frame. The 30 cm distance
represented the center of the reliable operating range and was used
consistently across all 500 trials.

4.3 Timing Measurement
Firmware timestamps via micros() were placed at the boundary
of each pipeline stage and measured across 50 dedicated timing
runs independent from accuracy trials. Motor response time was
also measured by oscilloscope on the motor driver PWM output
pins. The two methods agreed within 1.3 ms on average, confirming
firmware timestamp accuracy.

4.4 Failure Logging and Mitigation Protocol
Every failure across all 500 baseline trials was logged and classified
into three root-cause categories: Hardware (ESP32 resets, camera
frame drops, motor torque variability, wheel slippage, battery volt-
age sag), Environmental (uneven lighting reducing edge contrast,
surface reflectance changes), and Software/ML (neural network
misclassifications, Canny false positives on floor texture, UART
parse errors). After baseline testing, five targeted mitigations were
implemented. Each mitigation was retested in a batch of 50 trials
to measure its specific improvement independently.

5 RESULTS
5.1 Sign Classification Accuracy
Table 3 reports per-sign accuracy under both conditions. Under
even lighting, the mean was 91.78 percent. Forward Arrow achieved
the highest accuracy at 96.1 percent due to its visually simple and
distinctive shape. T Intersection was lowest at 86.3 percent, as it
resembles Forward Arrow at 32 by 32 pixel resolution, confirmed
by the confusion matrix. Uneven lighting reduced mean accuracy
by 22.32 percentage points to 69.46 percent, with T Intersection
degrading the most (24.8 pp) and Forward Arrow degrading the
least (17.8 pp). Figures 9 and 10 show the comparative bar charts
and the full confusion matrix.
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Table 3: Per-Sign Classification Accuracy Under Both Light-
ing Conditions

Sign Even (%) Uneven (%) Drop (pp)

Stop Sign 94.2 71.4 22.8
Left Turn 91.5 68.2 23.3
Right Turn 90.8 67.9 22.9
T Intersection 86.3 61.5 24.8
Forward Arrow 96.1 78.3 17.8
Mean 91.78 69.46 22.32

Figure 9: Left: per-sign accuracy under even (blue) and un-
even (orange) lighting. Right: mean processing time per
pipeline step in milliseconds

Figure 10: Confusion matrix for even-lighting trials. Diago-
nal shows correct classifications; off-diagonal shows misclas-
sification pairs

5.2 Processing Latency
Table 4 reports per-stage timing across 50 dedicated timing runs. To-
tal end-to-end latency averaged 66.6 ms (about 15 decisions per sec-
ond). Neural network inference dominated at 24.5 ms (36.8 percent
of total), consistent with published benchmarks for INT8 models
on Xtensa-class processors [1]. Motor mechanical response con-
tributed 15.8 ms (23.7 percent). Frame capture took 12.3 ms. Canny
edge detection took 8.7 ms. All other steps were under 5 ms. At 25
cm/s operating speed, 66.6 ms latency means the robot travels 1.7

cm between a sign entering frame and motors responding, which
is negligible for the 30 cm sign placement distance used in testing.

The standard deviation of 4.2 ms on the end-to-end total reflects
mainly variance in neural network inference (2.7 ms SD) and motor
response (1.9 ms SD). Frame capture variance of 1.8 ms comes from
JPEG compression time varying with image content. Canny and
Hough steps show low variance because their execution time is
determined by image size rather than content. At the 95th percentile,
total latency is approximately 75 ms, still well within the functional
range for the robot's operating speed.

Table 4: Per-Stage Processing Latency (n = 50 Timing Runs)

Pipeline Stage Mean (ms) SD (ms) % Total

Frame capture (DMA) 12.3 1.8 18.5%
Grayscale convert 2.1 0.3 3.2%
Gaussian blur (3x3) 4.4 0.5 6.6%
Canny edge detection 8.7 1.1 13.1%
Neural net inference 24.5 2.7 36.8%
UART serial transmit 3.2 0.4 4.8%
Motor PWM
response

15.8 1.9 23.7%

End-to-end total 66.6 4.2 100%

5.3 Error Analysis and Mitigation Results
Of 500 baseline trials, 184 failed (36.8 percent). Environmental
causes dominated at 50.5 percent (93 events), primarily lighting
changes dropping edge contrast below the Canny detection thresh-
old. Hardware failures were 28.3 percent (52 events): motor drift
(14), ESP32 resets (8), wheel slipping (6), battery sag (4), camera
frame drops (20 combined). Software and ML failures were 21.2
percent (39 events): Canny false positives on floor texture (12), neu-
ral network misclassifications at extreme angles (18), UART parse
errors (9). Figure 11 shows the error distribution. Figure 12 shows
the original failure breakdown from testing records.

Figure 11: Left: failure counts by root-cause category across
500 baseline trials. Right: failure counts before (red) and after
(green) each targeted fix with percent improvement

Five fixes were implemented and each retested independently
in 50 trials. Per-motor EEPROM calibration reduced drift failures
71 percent (14 to 4). Dedicated sign-area lighting reduced lighting
failures 68 percent (22 to 7). The 100 uF capacitor eliminated all
ESP32 resets 100 percent (8 to 0). Histogram equalization improved
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Table 5: Failure Types, Root Causes, and Mitigations Applied

Problem Type Description Fix Applied

ESP32 resets Hardware Current spike from motors drops supply voltage below
brownout threshold

100 uF capacitor across motor power rail

Motor drift Hardware Torque mismatch between motors curves robot off path Per-motor EEPROM calibration at startup
Wheel slipping Hardware Tires slip on tile at high PWM values Max PWM capped at 160; rubber tire covers added
Lighting effects Environment Shadows reduce edge contrast below Canny threshold Dedicated sign-area light; histogram equalization
Floor texture Software Canny responds to tile grout pattern as obstacle edges Hough angle filter tightened to +/-10 degrees
Sign confusion ML Oblique viewing angle degrades classifier confidence Planned: add angled-view images to training set
UART parse errors Software Buffer overflow corrupts serial packets CRC-8 checksum; 128-byte receive buffer
Battery sag Hardware Performance degrades below 6.8 V supply voltage Voltage monitor halts tests below threshold

Figure 12: Original failure breakdown from testing records
showing the relative scale of hardware, environmental, and
software failure categories

contrast overall. Tightening the Hough angle filter to plus or minus
10 degrees dropped floor-texture false positives 58 percent. Overall
failure rate dropped from 36.8 percent to 11.4 percent, a 69 percent
reduction. Table 5 displays all failures and fixes.

6 DISCUSSION
6.1 Performance Analysis
The 91.78 percent even-lighting accuracy validates that a sub-20 KB
INT8 neural network can perform reliable sign recognition on a 240
MHz microcontroller. The 22.3 percentage-point reduction under
uneven lighting directly confirms Banbury et al. [1]: environmental
variation dominates embedded vision accuracy more than model
architecture. The confusion matrix reveals that almost all errors in-
volve T Intersection and Forward Arrow, two signs that look similar
at 32 by 32 pixels. Every other class pair is almost never confused,
showing the model has learned distinct features for stop, left, and
right categories. Addressing T Intersection accuracy requires either
a larger input resolution or more training images at varied angles –
not a bigger model.

The 66.6 ms latency is adequate for the robot's operating speed.
Neural inference at 24.5 ms is the dominant endpoint. An ESP32-S3,
which includes vector extensions that accelerate neural network
operations, would reduce this a lot. Motor response at 15.8 ms
reflects L298N gate charging time and motor inertia and is more
difficult to reduce without hardware changes.

The 69 percent overall error reduction gained through five tar-
geted fixes is worth examining by contribution. The capacitor fix,
costing approximately 10 cents, eliminated all 8 ESP32 reset failures:
a 100 percent fix for that category and an example of how a trivial
hardware change can completely resolve a failure class that would
otherwise require complex software fixes. The lighting fix reduced
the single largest failure category by 68 percent. Per-motor cali-
bration, requiring about 10 minutes of setup, reduced motor drift
failures by 71 percent. These three fixes together accounted for the
majority of total improvement. Future developers should prioritize
the power supply and lighting environment before investing time
in model or algorithm improvements, since the data shows those
physical factors dominate failures more than any software variable.

6.2 Comparison to Prior Work
Patil and colleagues [8] demonstrated lane following on a Rasp-
berry Pi 3, which has roughly 100 timesmore processing power than
the ESP32, without any sign classification capability. This project
achieves comparable navigation on dramatically cheaper hardware
while adding trained sign recognition and reporting more thorough
quantitative values. The systematic 500-trial accuracy analysis, con-
fusion matrix, per-stage latency profiling, and before/after failure
analysis are more rigorous than most prior published work on
ESP32-class educational robotics.

6.3 Limitations and Future Work
Without position tracking, heading errors accumulate over paths
longer than about 2 m. The 32 by 32 pixel input limits discrimina-
tion between visually similar signs. Training on one environment
limits generalization. Future work should prioritize: IMU-based
dead-reckoning for longer paths; domain-randomized training aug-
mentation for lighting robustness; 96 by 96 pixel input if PSRAM
allocation can be optimized; and an ESP32-S3 upgrade to reduce
inference latency. Results here are specific to the tested environ-
ment and should be baselined once again in any new deployment
context.
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7 VERIFICATION, VALIDATION, AND
ACCREDITATION

7.1 Verification
Each software module was verified independently. Canny edge
detection output was compared pixel-by-pixel against a reference
implementation on 10 test images with known ground-truth edges.
Serial packet serialization and CRC-8 checksum were verified by
loopback testing all command types, including intentional bit-flip
errors that correctly triggered rejection. Motor calibration was
verified by current measurement at five PWM setpoints, confirming
straight-line travel. The CRC-8 implementation was verified against
the published SMBUS standard test vector.

7.2 Validation
Two independent observers confirmed all 500 ground-truth labels
with 100 percent agreement. Firmware timestamps were cross-
validated against oscilloscope measurements with 1.3 ms mean
absolute error. The confusion matrix provides full representation
of classifier behavior rather than a single number, enabling future
researchers to identify systematic failure modes rather than just
overall accuracy.

7.3 Accreditation
This project covers real-time microcontroller firmware and FreeR-
TOS task management; applied machine learning from data collec-
tion through INT8 quantized deployment; classical computer vision
algorithms; serial protocol design with error detection; and system-
atic experimental methodology with failure analysis. All materials
for independent replication are at https://github.com/Abhiram03-
2009/Low-Cost_Autonomous_Robot_Navigation_Research_Project.

8 STUDENT REFLECTION AND
EDUCATIONAL IMPACT

This project ran for approximately eight months as a self-directed
computational science research exercise. The goal was to build a
system that worked in the physical world, not a simulation, and
to measure its performance. Most of what was learned came from
problems that were not anticipated, which is precisely what makes
the project valuable as an educational experience.

The hardest technical problem was memory management. The
ESP32's 4 MB PSRAMmust hold the camera DMA buffer, the neural
network tensor arena, the OpenCV working buffer, and FreeR-
TOS task stacks simultaneously. At 64 by 64 pixel resolution, the
board crashed. At 32 by 32, it worked. Understanding why required
reading hardware reference documentation about PSRAM bank
switching, DMA alignment constraints, and FreeRTOS heap alloca-
tion, the kind of low-level systems knowledge that does not appear
in typical machine learning courses. Splitting work between the
two cores to prevent DMA interrupt latency from causing frame
drops required understanding the processor's task scheduler from
hands-on debugging.

The machine learning pipeline produced several insights that
reading about ML had not. Collecting 2,500 labeled images by hand,
deciding what angles and distances to include, and then watching
specific training choices show up as specific weaknesses in the

confusion matrix made the concept of training set quality feel
concrete. The confusion matrix result itself, that T Intersection and
Forward Arrow accounted for almost all errors, was not predicted
in advance but was immediately explainable once seen, which is
what a well-designed evaluation should produce.

Looking at the confusion matrix in detail, the stop sign, left turn,
and right turn categories each achieved near-perfect discrimina-
tion with almost no cross-class confusion. The T Intersection and
Forward Arrow pair accounts for essentially all misclassifications.
At 32 by 32 pixels, both signs contain a dominant upward-pointing
shape, and the distinguishing horizontal bar of the T Intersection
occupies only 3 to 4 pixels in height. Under even lighting this bar is
usually visible. Under shadow it frequently disappears into the blur,
causing the model to classify T Intersection as Forward Arrow. This
specific failure points to a direct fix: increasing input resolution
to 64 by 64 pixels if PSRAM allocation can be reorganized to fit,
or adding training images of T Intersection from slightly elevated
angles that make the horizontal bar more visible.

Themost significant educational impact of this project is a shift in
how multi-disciplinary engineering problems feel. Problems requir-
ing circuits knowledge, firmware understanding, and experimental
methods simultaneously, like the motor voltage issue, used to feel
overwhelming. After working through several such problems dur-
ing this project, they feel approachable and interesting. This shift
in confidence and the specific technical skills developed, includ-
ing reading hardware datasheets, managing real-time operating
system tasks, training and deploying quantized models, and run-
ning controlled experiments with logging, are directly applicable to
embedded systems, robotics, and machine learning research going
forward.

9 CONCLUSION
This paper presented a complete autonomous robot built from an
ESP32-CAM and Arduino Uno for 103 US dollars. A 18.2 KB INT8
quantized neural network running on the ESP32 recognized five
traffic sign types from 32 by 32 pixel camera frames with 91.78
percent accuracy under even lighting and 66.6 ms end-to-end deci-
sion latency. An OpenCV pipeline ran alongside for lane tracking
and obstacle avoidance. A CRC-8 serial protocol communicated
decisions to the Arduino motor controller.

Across 500 controlled trials, systematic error logging revealed
that uneven lighting caused more than half of all failures, reframing
the improvement priorities from model tuning to environmental
changes. Five targeted fixes reduced the failure rate from 36.8 per-
cent to 11.4 percent, with a single capacitor completely eliminating
ESP32 reset failures. The confusion matrix showed that almost all
classification errors involved one specific pair of visually similar
signs at the chosen image resolution, giving a solid roadmap for
future improvement.

The project also served as a comprehensive educational ex-
perience, developing skills in firmware, FreeRTOS task manage-
ment, applied machine learning, computer vision, serial protocol
design, and experimental methodology through real-world prob-
lem solving. All firmware, training data, code, and documentation
are publicly available at https://github.com/Abhiram03-2009/Low-
Cost_Autonomous_Robot_Navigation_Research_Project so that
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other students and educators can reproduce these results and build
on them.
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