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Abstract: This study describes the pedagogical impact of a project-based Advanced Computer
Control course that combines theoretical rigor with hands-on algorithm implementation in
Python, MATLAB, and C++. We have conducted a post-course survey assessing students’
understanding of control theory, practical coding skills, and exposure to advanced techniques
such as reinforcement learning and robust control. This survey also explores the role of generative
AT tools like ChatGPT in learning and implementation, including their ethical implications and
future potential. The findings provide insights into the effectiveness of this unique approach in
the context of this course installment, highlighting its ability to empower students and prepare
them for real-world control challenges in academia and industry.
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1. INTRODUCTION

Modern control engineering education must balance a
rigorous theoretical foundation with practical, hands-on
experiences to effectively prepare students for the demands
of industry and academia. Increasingly, this preparation
includes engaging learners with state-of-the-art algorith-
mic design methods, emerging machine learning and re-
inforcement learning techniques, and, more recently, gen-
erative Al tools that can augment the learning process.
The Advanced Computer Control course, conducted at
the Department of Mechanical Science and Engineering
at the University of Illinois Urbana-Champaign (Urbana,
IL, USA), represents a concerted effort to empower control
engineering students by integrating these elements into a
single, cohesive learning experience. This work focuses on
teaching outcomes observed in the Fall 2024 installment of
the Advanced Control Course, as gathered through a post-
course survey filled out by all students that completed the
course.

The course employs a half-flipped classroom model wherein
theory-focused lecture content—covering topics in both
discrete-time and continuous-time control, adaptive and
robust control frameworks, and select elements of machine
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learning—is posted online prior to in-person sessions. In-
class activities emphasize interactive material reviews, lab
demonstrations, and a comprehensive project-based learn-
ing component. Students gain not only a deeper appre-
ciation for theoretical concepts—such as linear quadratic
regulation (LQR), Kalman filtering, receding horizon con-
trol, robust control, dynamic programming, and imitation
learning—but also direct experience in implementing these
algorithms in Python, MATLAB, and C++. Furthermore,
the course leverages advanced platforms, including GPUs
and FPGAs, to highlight implementation nuances and
prepare students for real-world challenges.

This multifaceted approach draws upon a rich tradition in
engineering education research, where project-based and
problem-based learning (PBL) models have been shown
to enhance student engagement, improve knowledge re-
tention, and develop problem-solving skills in authen-
tic industrial contexts. For instance, a systematic litera-
ture review by Lavado-Anguera et al. (2024) highlights
how project-based learning in engineering education con-
tributes to the development of real-world skills among
students. Within the field of control education specifically,
evidence suggests that hands-on projects and laboratory-
based instruction improve conceptual understanding and
boost student confidence in applying theoretical principles
to real systems (Rengifo and Bravo, 2020). More recently,
the incorporation of machine learning and reinforcement
learning concepts into control curricula has aligned with



industry trends, situating students at the cutting edge of
the discipline.

In parallel, the rapid emergence of multi-modal genera-
tive AT tools (e.g., ChatGPT and Claude) in educational
contexts represents a novel and underexplored modality
for learning. Initial studies in engineering and computer
science education indicate that such tools can assist with
coding, problem formulation, and conceptual explanation,
potentially accelerating student comprehension and skill
development (Peres et al., 2023; Morales et al., 2023).
For instance, research has shown that generative Al can
aid in generating complex learning activities, thereby en-
hancing student engagement and understanding (Fatahi
et al., 2023). However, the body of literature specifically
examining the interplay between generative Al and con-
trol engineering education is virtually nonexistent. To the
authors’ knowledge, this paper is among the first works to
investigate the role and perceived impact of generative Al
tools in a control engineering course setting, adding a new
dimension to ongoing dialogues about Al-assisted learning
in STEM fields. While some studies in related disciplines
have begun addressing similar topics, such as the use of
generative Al in electrical engineering education (Zhong
et al., 2023), no prior work has comprehensively examined
how generative Al might influence student empowerment
and learning outcomes within control theory education.

As a case study, this paper focuses on the Fall 20241
delivery of the Advanced Computer Control course. We
make no claim of generalizable findings; rather, we aim to
provide a detailed evaluation of one particular course in-
stallment. Students were asked to complete a comprehen-
sive survey, administered at the conclusion of the semester,
to assess their growth in theoretical understanding, algo-
rithmic implementation skills, exposure to advanced con-
trol techniques, and engagement with generative Al tools.
Students also reported on their sense of preparedness and
empowerment moving forward, whether into research, in-
dustry, or further academic study. The students consented
to their responses being used for this analysis.

The survey’s multi-faceted design allowed for a holistic as-
sessment of student experiences, with questions spanning
seven categories: demographics and context, theoretical
concept mastery, practical implementation skills, exposure
to advanced techniques, project-based learning, use of
generative Al in learning, and overall empowerment. By
incorporating paired pre- and post-course self-assessments,
we employed statistical testing methods (e.g., a paired
Wilcoxon signed-rank test) to detect significant shifts in
student sentiment and perceived proficiency. These sta-
tistical analyses quantify how student sentiment evolved
throughout the course, providing insights into the effec-
tiveness of project-based pedagogy, generative Al-assisted
learning, and the theoretical-practical integration champi-
oned by the curriculum.

In what follows, after a brief description of the course
structure and content, we present the methodology for
survey design, detail the statistical analysis protocols, and
discuss the observed outcomes. Although the scope of this
study is intentionally narrow—concentrated on a single
course instance—it may serve as a valuable reference for

L Fall 2024 instruction ran from Aug. 26, 2024—Dec. 11, 2024.

educators seeking to harness emerging technologies and
pedagogical strategies to enrich the educational experience
in control engineering and beyond.

2. COURSE STRUCTURE AND CONTENT

The ME 462/597 Advanced Computer Control course was
designed to build foundational knowledge in modern real-
time control systems and incorporate machine learning
elements into advanced control algorithms. The emphasis
was on bridging theoretical knowledge with practical im-
plementation, fostering an understanding of both discrete-
time (DT) and continuous-time (CT) control systems. The
course content and structure were as follows:

(1) Core Topics: The course covered a wide spectrum
of topics, starting from system-theoretic properties of
DT systems and advancing to topics like nonlinear
filtering, reinforcement learning, robust control, and
adaptive control. Students explored machine learning
applications in control, nonlinear control techniques,
and model predictive control (MPC) with constraints.

(2) Lecture Format: A half-flipped approach was used,
where lecture recordings and slides were provided in
advance. In-class sessions were reserved for material
reviews and lab presentations, allowing students to
focus on applied learning during scheduled time.

(3) Grading: The grading emphasized holistic under-
standing through a mix of homework (50%), labs
(30%), and a final project (20%). The final project
doubled as the course’s capstone, integrating knowl-
edge across topics.

The course emphasized project-based learning through
eight hands-on laboratory assignments. Labs provided
practical exposure to coding control algorithms in MAT-
LAB, Python, and C(++), including basic tutorials for
students unfamiliar with these languages, and real-time
implementation of controllers on modern hardware plat-
forms like GPUs and FPGAs. Lab topics include sys-
tem modeling, LQG/LTR design, Model Predictive Con-
trol, self-tuning controllers, wavelet-based machine learn-
ing, nonlinear filtering, reinforcement learning, and robust
adaptive control. Real-world applications such as UAVs,
wind turbines, and industrial systems are emphasized
throughout.

The culmination of these activities was a final project
where students designed, implemented, and demonstrated
a control system using state-of-the-art tools. For grad-
uate students enrolled in ME 597, the project involved
additional advanced components, such as combining global
optimizers with adaptive control and deep learning.

3. COURSE EVALUATION SURVEY

To evaluate the effectiveness of the Advanced Computer
Control course in achieving its pedagogical goals, we de-
veloped a comprehensive survey 2 aimed at capturing stu-
dents’ perspectives on their learning experience. This sur-
vey assessed both the theoretical and practical outcomes of
the course, as well as students’ confidence in applying their

2 The raw data of this survey is accessible at

https://tinyurl.com/ME462-597-survey-results



knowledge to real-world control challenges. By examining
these outcomes across multiple dimensions, we sought to
understand how the course’s unique emphasis on theory-
driven, hands-on algorithm implementation influenced stu-
dents’ understanding, skills, and empowerment.

The survey consists of seven categories, each addressing a
specific aspect of the course design and its intended learn-
ing outcomes. The first category collects demographic and
contextual information, enabling us to better understand
how students’ prior experiences and aspirations shaped
their learning outcomes. The second category explores how
well students understood foundational control concepts,
focusing on their growth from pre-course to post-course
comprehension. The third category evaluates their prac-
tical skills in implementing control algorithms in Python,
MATLAB, and C++, emphasizing the value of developing
algorithms from the ground up. In the fourth category,
we investigated students’ exposure to advanced techniques
such as robust control, neural network-based learning, and
reinforcement learning, as well as their understanding of
the practical challenges in implementation.

Next, the fifth category focuses on the project-based learn-
ing approach, assessing its role in bridging theoretical
knowledge and practical application through engaging,
real-world problem-solving tasks. Recognizing the increas-
ing prevalence of generative Al tools like ChatGPT and
Claude, the sixth category evaluates how students utilized
these tools for coding and conceptual learning and their
impact on overall comprehension and problem-solving.
Finally, the seventh category examines whether students
feel empowered by the knowledge and skills gained in the
course, emphasizing their preparedness for academic and
professional pursuits in control systems.

By addressing these diverse areas, the survey provides a
holistic view of the course’s impact beyond its numerical
class average of 73%, offering insights that inform the de-
sign of future control education initiatives and contribute
to broader discussions in the field. We now discuss each
category in detail.

3.1 Demographics and Context

To contextualize the survey results, we gathered infor-
mation about students’ backgrounds, including their level
of study, programming experience, and familiarity with
control theory. We also asked about their future plans
for applying control systems knowledge. This section helps
us understand how students’ prior experiences and aspi-
rations shaped their learning outcomes and the broader
impact of the course on their career trajectories.

3.2 Understanding of Theoretical Concepts

This course prioritizes helping students build a strong
foundation in the theoretical principles of control systems.
We designed the survey to measure how well students
grasped key concepts such as stability, robustness, adap-
tive control, and learning. By comparing their self-assessed
understanding before and after the course, we aimed to
identify conceptual growth and areas that remained chal-
lenging. The questions focus on students’ confidence in

understanding these principles and their perception of how
the course deepened their theoretical knowledge.

8.8 Practical Implementation Skills

This course shifts the focus from using prebuilt tools to
implementing control algorithms from scratch in Python,
MATLAB, and C+4. We emphasized this approach to
give students practical coding experience and a detailed
understanding of how algorithms function at a fundamen-
tal level. The survey examines how confident students feel
in their programming abilities, how they value learning al-
gorithm implementation independently, and how prepared
they are to apply these skills in real-world settings.

3.4 Exposure to Advanced Techniques

We introduced students to advanced control methodolo-
gies, including robust control, neural network-based imita-
tion learning, reinforcement learning, and implementation
considerations like GPU parallelization and ASICs. The
survey evaluates the impact of these topics on students’
learning, their understanding of implementation-specific
challenges, and their relevance to real-world problems. We
asked students to identify which techniques they found
most valuable and how these advanced topics shaped their
learning experience.

3.5 Project-Based Learning Fxperience

This course embeds project-based learning as a core com-
ponent, enabling students to bridge theory with practical
implementation. Through individual and team projects,
we challenged students to tackle complex, real-world con-
trol problems. The survey investigates how this approach
enhanced engagement, solidified understanding, and de-
veloped problem-solving skills. Questions focus on how
effectively the projects reinforced theoretical concepts, en-
couraged collaboration, and sustained motivation.

8.6 Use of Generative Al in Learning and Implementation

Recognizing the growing influence of generative Al tools
such as ChatGPT, Claude, and GitHub Copilot in en-
gineering education, we encouraged students to explore
these platforms for debugging, coding, and deepening their
understanding of theoretical concepts. The survey investi-
gated the frequency and types of Al tools students utilized,
the specific benefits they perceived, and the challenges
they encountered while integrating Al into their learning
process. Additionally, we assessed students’ perspectives
on the ethical implications of using Al in an academic set-
ting and their expectations for how Al might shape future
iterations of the course. Finally, we considered whether
students believe generative Al should play a more active
role in the course, ensuring it supports educational goals
without undermining foundational learning.

3.7 Owverall Empowerment
We aimed to instill confidence and competence in students,

preparing them to tackle real-world control challenges. The
survey evaluated whether students feel more empowered to



pursue academic or industrial opportunities after complet-
ing the course. We asked students to reflect on the course
elements they found most empowering and provided space
for suggestions on improving this aspect of the curriculum.

4. ANALYSIS OF FINDINGS

To determine if there is a statistically significant shift to
the right between the pre- and post-course self-assessed
student proficiency, we perform a paired Wilcoxon signed-
rank test (Chernick and Friis, 2003, §14.4). This test is
appropriate because the 1-5 scale data is ordinal, making
non-parametric tests like the Wilcoxon test suitable. Fur-
thermore, the pre- and post-course responses are related,
making this a paired test. Our main goal is to assess if
the course has yielded a statistically significant improve-
ment in the students’ self-assessed abilities, and since the
Wilcoxon test directly compares the medians and ranks
to detect shifts, it is well suited for assessing directional
changes.

We apply the same Wilcoxon test on a single-dataset basis
to determine whether there is a statistically significant
shift away from a neutral sentiment to assess the impact
of the course in sentiment-based questions. We use the
following standard statistical significance notation based
on the p-value: ‘«’ (0.01 < p < 0.05); “*x’ (0.001 < p <
0.01); and “x * *” (p < 0.001).

4.1 Demographics

The total number of students who responded was 25, ac-
counting for 100% of the students that participated in the
class. Out of these 25 students, two were undergraduate;
the remaining 23 were graduate students. Students’ self-
assessed prior affinity with control theory shows that the
majority of students (68%) rated their prior experience
with control theory as introductory. When asked whether
or not students plan to apply control theory in their future
career or research, 17 (68%) answered “yes,” and 8 (32%)
answered “maybe;” none answered “no.”

4.2 Project-Based Learning Experience

The survey results demonstrate a strongly positive recep-
tion to the project-based learning (PBL) approach im-
plemented in the course. Fig. 1 illustrates the distribu-
tion of student responses to the question regarding the
engagement and value of the PBL methodology. A ma-
jority of students rated the experience positively, with 11
respondents selecting “3” (neutral), 6 selecting “4,” and 5
indicating “5” (highly engaging and valuable). While one
student rated the approach as having “limited value in en-
gagement” (1), and two selected “2,” the overall sentiment
skews positive, underscoring the success of the PBL design
in maintaining engagement. Furthermore, in a separate
question, 21 students mentioned that the course’s focus
on cross-disciplinary applications helped broaden their
understanding of control theory’s practical applications.

Similarly, Fig. 2 highlights students’ perceptions of the
effectiveness of industry-inspired problems in conveying
practical challenges related to control system design and

implementation. Of the 25 respondents, 11 rated the ef-
fectiveness at “4,” and another 4 rated it at “5” (ex-
tremely effective). Together, these represent the majority
of responses, suggesting that students found the industry-
inspired projects particularly beneficial in bridging the-
oretical concepts with real-world applications. Fewer re-
spondents rated the effectiveness as neutral, and only two
responses fell at the lower end of the scale.

These findings emphasize the efficacy of integrating PBL
with industry-relevant challenges in achieving the course
objectives. The results suggest that such a structure not
only enhances engagement but also prepares students for
practical challenges they are likely to encounter in pro-
fessional settings. The overall positive sentiment further
supports the notion that project-based approaches are ef-
fective pedagogical tools in engineering education, aligning
with prior studies in the field.

4.8 Impact of Generative Al

In terms of generative Al tool usage among students
during the course, the survey results indicate a high degree
of use, with 24 out of 25 participants reporting that they
employed Al tools. ChatGPT was the most commonly
used tool (24 responses), followed by GitHub Copilot
(5 responses) and Google Bard/Gemini (1 response). A
significant proportion of students used multiple tools,
reflecting the diverse utility of generative Al in addressing
various learning and coding needs.

Students were asked about the frequency of generative
AT usage for coding problems and debugging. Responses
reveal that most students used Al tools occasionally to
frequently, with 11 respondents selecting “3” (neutral),
7 selecting “4,” and 2 reporting “5” (always). Only 5
students reported infrequent usage, with 2 selecting “1”
(never) and 3 selecting “2.”

Fig. 3 illustrates the perceived impact of generative Al
on understanding control system concepts and algorithm
implementation. A majority of students found AI tools
beneficial, with 7 and 6 respondents rating the impact
as “4” and “5” (significant positive impact), respectively.
Nine respondents selected “3” (neutral), while only 3
students perceived limited or no impact, selecting “1” or
“2'77

How engaging and valuable did you find the project-based learning

approach in this course?
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Fig. 1. Self-assessed value and impact of the project-based
learning approach adopted in the course.



How effective were the industry-inspired problems in helping you
understand the practical challenges in control system design and
implementation?
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Fig. 2. Perceived practicality and impact of industry-ins
pired projects on students’ understanding of practical
control challenges.

How would you rate the impact of generative Al tools on your
understanding of control system concepts and algorithm implementation?
X
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Significant Positive
Impact
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Fig. 3. Perceived impact of generative Al tools on student
understanding of control theory concepts and imple-
mentation. A significant positive impact is observed.

Challenges and limitations of generative Al use, shown in
Table 1, highlight critical areas of concern. The most com-
mon challenge was a “lack of trust in the accuracy of Al-
generated solutions” (21 responses), followed by the “in-
ability of AT tools to address highly technical or niche con-
trol problems” (15 responses) and “concerns about over-
reliance on Al reducing independent problem-solving” (13
responses). Other notable challenges included “difficulty
understanding or verifying Al-provided explanations” (6
responses) and “Al tools providing overly generic or irrel-
evant responses” (11 responses).

In terms of ethical considerations regarding generative Al
use, a majority of students (14 respondents) believed that
AT use aligns with ethical academic practices, considering
it a valuable tool for learning and skill-building. Three
respondents supported its use under the condition of
proper transparency and attribution. However, a small
number expressed concerns, with 1 respondent stating that
it may encourage academic dishonesty, and 2 indicating
that it could undermine the value of learning foundational
concepts. Four students were neutral or unsure.

When asked whether the use of generative Al should be
actively encouraged in future course installments, 14 out
of 25 respondents answered “yes,” while an additional 6
supported encouragement under the provision of ethical

Table 1. Challenges and limitations faced while
using generative Al tools.

Challenge or Limitation Responses
Lack of trust in the accuracy of Al-generated solu- 21 (84%)
tions.

Difficulty understanding or verifying Al-provided 6 (24%)
explanations.

AT tools providing overly generic or irrelevant re- 11 (44%)
sponses.

Inability of AI tools to address highly technical or 15 (60%)
niche control problems.

Concerns about over-reliance on Al, reducing inde- 13 (52%)
pendent problem-solving.

Ethical concerns regarding the fairness or appropri- 7 (28%)
ateness of using Al tools.

Lack of awareness or familiarity with how to effec- 2 (8%)

tively use generative Al

How empowered do you feel by the knowledge and skills you gained in
this course?
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Fig. 4. Self-assessed empowerment of students with respect
to the knowledge and skills that they perceive to have
gained in the course.

guidelines. Only 2 respondents opposed further integration
of Al tools, and 1 was neutral or unsure.

Overall, the findings suggest that while generative Al tools
like ChatGPT significantly contribute to students’ learn-
ing experiences, key challenges such as accuracy, relevance,
and ethical considerations warrant careful attention in fu-
ture course designs. These insights underline the potential
for generative Al to complement traditional educational
methods while highlighting the importance of establishing
clear guidelines for its use.

4.4 Owverall Empowerment

The survey highlights a significant shift in students’ per-
ceptions of their knowledge, skills, and career readiness
after completing the course. Fig. 4 illustrates the self-
assessed empowerment students felt regarding the knowl-
edge and skills they gained. Out of 25 respondents, 14
students selected “3” (neutral), indicating moderate em-
powerment, while 8 students rated their empowerment as
“4” and 1 student rated it as “5” (highly empowered).
Only two students rated their sense of empowerment as
“1” or “2.” These results indicate a generally positive
sentiment, with the majority feeling at least moderately
or highly empowered.

A more detailed assessment of pre- and post-course out-
comes is shown in Figs. 5-6, which reveal substantial



How would you rate your understanding of theoretical control concepts
before and after taking this course?
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Fig. 5. Self-assessed shift in understanding.

How would you rate your programming skills in relation to implementing
control algorithms before and after taking this course?
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Fig. 6. Self-assessed course shift in programming profi-
ciency.

improvements in students’ understanding of theoretical
control concepts and programming proficiency. In Fig. 5,
pre-course ratings show that 13 students rated their un-
derstanding as “3” (neutral), and 9 rated it as “2” (mini-
mal). Post-course, 13 students shifted their ratings to “4,”
and 9 selected “5” (deep understanding), demonstrating a
statistically significant improvement in conceptual under-
standing.

Similarly, Fig. 6 highlights a striking shift in programming
proficiency. Pre-course, most students rated their skills as
“3” (neutral) or “2” (basic), with 13 and 8 responses,
respectively. Post-course, 14 students rated their program-
ming proficiency as “4” (advanced), and 6 selected “5,”
showing a significant increase in confidence and skill level
in implementing control algorithms.

Finally, we asked students about the influence of the course
on their confidence in pursuing careers or further studies in
control systems. A majority of students reported a positive
impact, with 13 selecting “3” (moderate influence) and 7
selecting “4” (significant boost). Only 4 students reported
minimal or no influence. These results suggest that the
course not only strengthened students’ technical and the-
oretical foundations but also increased their confidence in
applying these skills to future endeavors.

Overall, the data emphasize the effectiveness of the course
in fostering both technical competence and career readi-
ness. The marked improvements in theoretical understand-
ing and programming proficiency, coupled with a positive
influence on career confidence, reflect the course’s success

in empowering students to navigate complex control chal-
lenges in academic and professional contexts.

5. CONCLUSION

This study evaluated the Fall 2024 installment of the
Advanced Computer Control course at the University
of Mlinois Urbana-Champaign, focusing on project-based
learning, the integration of theory and practice, and the
use of generative Al tools like ChatGPT. Survey results
show significant improvements in students’ understanding
of control theory, programming proficiency, and overall
empowerment. The project-based and industry-inspired
challenges effectively bridged theoretical concepts with
practical applications, while generative Al supported com-
prehension and debugging.

While these findings highlight the success of this specific
course delivery, they are not intended to produce generaliz-
able conclusions. Instead, this case study provides insights
into the pedagogical effectiveness of integrating project-
based methods and emerging technologies within control
education. Future iterations of the course should continue
refining these elements, addressing challenges such as eth-
ical concerns and the limitations of AI tools, to further
enhance student outcomes and engagement.
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