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Abstract

In a prior paper, we argued that Artificial Intelligence (AI)
should be placed on a different foundation, one based on pat-
tern recognition and feature learning rather than symbol ma-
nipulation and feature engineering. In this paper, we provide
a proof of concept of an AI course that follows that proposed
approach. Students study how these systems become so in-
credibly powerful through machine learning of features and
through pattern matching. Students learn how those systems
represent knowledge and they study their currently limited
reasoning abilities. Students spend time discussing the ac-
complishments of current systems, positive as well as nega-
tive and they study the projected impact of anticipated sys-
tems. In this paper, we give a brief argument of why one
would want to offer such a course. We present a detailed
outline of the contents of such a course, together with learn-
ing materials and their proposed use. We summarize relevant
anonymous student feedback and offer a subjective evaluation
of the pilot course.

Course Materials —
https://www.rose-hulman.edu/class/cs/csse313/schedule/

Introduction
In the final report of the CS2023: ACM/IEEE-CS/AAAI
Computer Science Curricula (Kumar et al. 2024), in partic-
ular, in the portion relating to AI, Neural Networks (NNs)
are taking a backseat to symbol-based AI. In (Lawless et al.
2024), we propose that AI be placed on a foundation of Neu-
ral Networks, feature learning and pattern recognition, rather
than on symbol manipulation, heuristic search and feature
engineering. Looking back at some early work in this field,
we see that some researchers were aware that feature learn-
ing by machines and pattern recognition, the sort of things
that are the hallmark of modern NN-based systems, would
be necessary to develop powerful AI systems. For example,
Minsky stated in (Minsky 1968): ”Today, machines solve
problems mainly according to the principles we build into
them. Before long, we may learn how to set them to work
upon the very special problem of improving their own capac-
ity to solve problems.” Selfridge et al. (Selfridge and Neisser
1963) wrote ”The most important learning process of all is
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Figure 1: Five Big Ideas in Artificial Intelligence.

still untouched. No current program can generate test fea-
tures on its own. The effectiveness of all of them is forever
restricted by the ingenuity or arbitrariness of their program-
mers.” Dreyfus, in (Dreyfus 1965, 1972) argued for the im-
portance of pattern recognition in order to develop AI that
operated like humans.

In the late 1960’s, the field did not have sufficiently pow-
erful computers and algorithms, nor the data storage capac-
ity or digitized data to develop powerful NN-based systems.
We believe that AI researchers pursued the next best thing:
symbol-based AI systems. We believe it is time to change
course and make NNs the basis of AI and develop a theory
and learning materials around them.

In this paper, we provide a proof of concept of an AI
course that follows our proposed approach. This course cov-
ers the big areas of AI, as documented by AI4K12 and dis-
played in figure 1.

The areas shown in the poster are independent of the ap-
proach taken towards AI. However, looking at the specifica-
tions of an AI course as found on page 84 of CS2023 (Ku-
mar et al. 2024), we do cover some areas, in particular an
introduction to AI, Machine Learning, knowledge represen-
tation and reasoning and society, ethics, and professionalism
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(SEP).

• ”AI-Introduction (4 hours)
• AI-Search (9 hours)
• AI-KRR (4 hours)
• AI-ML (12 hours)
• AI-Probability (5 hours)
• AI-SEP (4 hours - integrated throughout the course).”

To understand the difference between symbol-based and
NN-based systems, we do cover a very limited amount of
search. We do not cover probability.

Motivations for Offering the Proposed Course
In this section, we provide some arguments about why one
might base a general AI course on NN-based systems.

1. Powerful Tools to Develop Powerful
Systems. We believe that one should introduce stu-
dents to powerful tools, so they can accomplish amazing
work. Currently, NN-based systems are more powerful
than symbol-based systems.

2. Motivation. Students are fascinated by and curious
about NN-based systems. Systems like the AlphaGo set
of systems and ChatGPT made a big splash and students
are curious to learn more about them. As such, motivat-
ing the course materials is fairly straight-forward.

3. Needs. As LeCun points out in (Stebbings 2001), neu-
ral networks are not nearly as powerful as they ought to
be. As such, there is demand for research in NN. As Le-
Cun also mentions in (Stebbings 2001), we will see ap-
plications based on NN. This requires engineering talent.

4. Informing the Public Debate. In 2023, sev-
eral organizations expressed concerns about the state of
the art and expected progress in AI, see (Future of Life
Institute 2023; Center for AI Safety 2023; Bengio et al.
2024; AAAI 2023). We need domain experts who are ca-
pable of informing decision makers and the public about
the power and limitations of modern AI systems and who
can give sage advice about future directions of AI as well
as how to steer it in a good direction.

5. A Better Way to Make AI. One might argue
that all of the above are just fine and should be taught
in a Machine or Deep Learning course. As we argued
in the Introduction, we believe that feature learning by
machines and pattern recognition are a more powerful
way of developing AI systems than feature engineer-
ing by people and symbol-manipulation. To be clear, re-
searchers in our field were not concerned about existen-
tial risks until NN-based AI became powerful. Yes, there
were debates on the use of autonomous weapons, but
they were few and far between.

Course Characteristics
To begin, we like to address how this course differs from
a Deep Learning course, something that is offered at many
institutions. We were not able to study courses at other insti-
tutions in detail, only the course offered at our institution.

The major component of our Deep Learning course asks
teams of students to propose a term project which they then
develop with the use of existing packages. Instead, our AI
course aims for students to understand the inner workings of
NN. This is part of the overarching goal to explain the na-
ture of AI and how modern AI is produced. In other words,
this course is focused on students understanding what AI is
and how it works at a fundamental level. This course is very
much in flux and it is by no means perfect. However, we
make significant revisions and improvements every time we
teach it.

In this context, we believe that it is necessary to develop
new learning materials, those that conceptualize AI in terms
of pattern recognition, feature learning and many other con-
cepts related to NN. We started this process, but we are
clearly just at the beginning and hope to collaborate with
others so as to place AI on a foundation appropriate for mod-
ern, NN-based systems.

Next, we provide learning outcomes and describe assess-
ment items. Our school is on the quarter system and our
quarters have ten weeks of instruction. This course meets
four times a week for 50 minutes each. This course is
placed in the Junior year so that students have taken sev-
eral software development courses, including a data struc-
tures course. Additionally, our students are expected to have
some maturity. Below is the current catalog course descrip-
tion.

In this course, we will study modern AI systems, their
current accomplishments, positive as well as nega-
tive, issues surrounding their training, and their in-
ner workings. We will formalize those systems as pat-
tern recognizers and distinguish them from classical,
symbol-manipulating AI. We will study how these
systems become so incredibly powerful through data-
driven feature learning. We will look at how they rep-
resent knowledge and study their reasoning abilities.
We will additionally spend some time discussing the
projected impact of anticipated systems and study the
building of beneficial AI systems.

The learning outcomes are as follows. Students who suc-
cessfully complete the course will be able to:

1. Explain the architectures and training regimens of feed-
forward and convolutional neural networks as well as
key network architectures used for sequential natural lan-
guage processing tasks, including transformers.

2. Explain how key hyper-parameters, data sets, data cu-
ration, and the data itself affect the quality and perfor-
mance of neural network systems. Explain ethical issues
surrounding copyright of and bias in the data.

3. Explain pattern recognition, feature learning, knowledge
representation and reasoning in key neural network ar-
chitectures.

4. Explain key reinforcement learning algorithms.
5. Explain current applications of artificial intelligence.
6. Explain the anticipated impact of neural network sys-

tems, ethical issues surrounding the anticipated impact
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and how to mitigate risk and ensure beneficial neural net-
work systems.

7. Implement a feed-forward and a convolution neural net-
work.

8. Fine-tune a large-language model.

The assessment items are described below; the percent-
ages indicate the weighted contributions to the course grade.

• Projects. [50%] Around six projects related to coding,
training, experimenting with AI systems. Some are pair
projects.

• Essays. [10%] About seven summaries of key papers in
the field.

• Cutting-Edge work presentation and report. [10%] Pre-
sentation of an AI application that is at the forefront of
the field. This is a pair assignment. You may choose the
topic. One of the topics you may choose is an evaluation
of an LLM in a specific domain.

• Impact of AI presentation and report. [10%] Presentation
of an assigned article concerned with the impact of AI.
This is a small team assignment.

• Quizzes. [20%] Three in-class quizzes, covering the big
items: FFnets, CNNs and Transformers and related archi-
tectures.

Course Contents
We have taught the course during this past Spring term.
Based on that experience, discussions with students and
anonymous student feedback, we made some significant
changes, as discussed in the Evaluation section. The details
below describe the course as we are teaching it during the
current Fall term.

We use the following color coding to indicate the type of
learning materials. The materials are listed roughly in order
of appearance in the course.

• Instructor class presentation
• Writing assignment
• In-class discussion
• An assignment related to the use or development of soft-

ware
• Student class presentation

• What is Intelligence? On the first day of classes, we like
to address the following question: ”What is intelligence
and where do we find it?” Students are asked to form
small groups and discuss the following prompt: ”What is
the lowest life form you consider intelligent and why?”
After students discuss this prompt, we ask each group to
tell us their top answer. The answers are recorded on the
whiteboard and a brief class discussion follows each sub-
mission. This assignment helps students identify critical
requirements or at least features of intelligent behavior.
To offer perspective on human intelligence, we also dis-
cuss a quote ascribed to park a ranger: ”There is consid-
erable overlap between the intelligence of the smartest
bears and the dumbest tourists.” (Sienkiewicz 2023).

• Five Big Ideas in AI. On the first day, we additionally
present and discuss the poster entitled ”Five Big Ideas
in Artificial Intelligence”, developed by AI4K12.org
(AI4K12.org 2020). This poster focuses on ideas that are
fairly independent of an underlying approach towards AI.

• Constraint Satisfaction. The first programming assign-
ment asks students to develop code to solve Sudoku prob-
lems. To support the assignment and to help us under-
stand the symbol-based and NN-based approach towards
AI, we introduce constraint satisfaction, backtracking,
and optimizations through forward chaining and arc con-
sistency.

• Turing Test. Students are asked to read and summarize
key portions of Turing’s paper entitled ”Computing Ma-
chinery and Intelligence.” (Turing 1950) It is a classic pa-
per that enables us to discuss how to best assess systems
considered intelligent.

• Turing Test Discussion. After the reviews of the ”Com-
puting Machinery and Intelligence” paper are due, we en-
gage in a class discussion of the power and limitations
of the Turing Test. Among others, we discuss limitations
of a conversational test and discuss additional properties
that make us human.

• Powerful Human-made Tools. When discussing the chal-
lenges of assessing intelligence, students are asked to
form groups and produce a list of powerful engineered
tools. This is to provide perspective of human acceptance
of engineered systems that perform better than humans.
Tools that are mentioned include cars, bulldozers, air-
planes and pocket calculators. We mention people’s dis-
comfort when it comes to powerful engineered tools that
exhibit cognitive abilities, such as Large-Language Mod-
els (LLMs).

• Backtracking Sudoku Programming Assignment. Stu-
dents are asked to implement a backtracking Sudoku
solver. This is a warm-up assignment in which students,
primarily non-majors, may relearn some of the intricacies
of the Java programming language. We build up solving
Sudoku problems as requiring intelligence. We point out
that the student newspaper used to contain Sudoku prob-
lems, suggesting that they are sufficiently challenging to
our student population. In addition to writing code to
solve 9x9 Sudoku problems, students are asked to write
an essay reflecting on whether they consider their soft-
ware intelligent. We provide scaffolding for file I/O and
provide several standard Sudoku problems, including one
considered the hardest. As part of this assignment, we ad-
ditionally provide 16x16 as well as 25x25 and 36x36 Su-
doku problems. An extra credit assignment asks students
to implement Don Knuth’s dancing links data structure
(Knuth 2000), in an attempt to efficiently solve larger Su-
doku problems.

• Backtracking Search and Intelligence. After the deadline
of the Sudoku assignment, we engage in a class discus-
sion in which we address whether our students consider
the backtracking Sudoku player intelligent. This ties into
our day 3 discussion of the behavioral nature of the Tur-
ing test as well as our day 1 discussion of the nature of
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intelligence. An unwritten goal of this class is to help stu-
dents understand the nature of AI and what it can bring
to the table. The discussion of the Sudoku code is a first
significant step in honing students’ understanding of AI.

• Deep Blue and Brute Force Search. Students are asked
to read and summarize key portions of the paper about
IBM’s ”Deep Blue” (Campbell, Hoane, and Hsu 2002).
This paper is assigned soon after the reflection of stu-
dents’ backtracking Sudoku solver and serves to con-
tinue the discussion about brute-force problem solvers
that additionally follow a classical symbol-manipulation
and feature engineering approach.

• Deep Blue Discussion. After the reviews of the ”Deep
Blue” are due, we engage in a class discussion of the
engineering accomplishments of the Deep Blue team as
well as the long history of computer chess and the im-
pact of Deep Blue. We watch a Youtube video about
the historic match(Computer History Museum 2005) and
discuss the nature of the brute-force approach of Deep
Blue. We discuss to which degree we may wish to con-
sider Deep Blue intelligent, continuing our discussing
of whether Sudoku is considered intelligent. While this
course is focused on NN-based AI, we believe it is im-
portant for our students to understand the exact nature
of classical AI, in additional to understanding NN-based
AI. This is so that students may appreciate the power of
NN-based methods.

• Monte-Carlo Tree Search. We cover this algorithm to
provide background for the reading assignment of the Al-
phaGoZero paper; see below.

• Feed-forward Networks. This set of presentations typi-
cally last for about five class sessions. It includes work
sheets and an in-depth introduction the programming as-
signment as well as the testing data. During class, we in-
troduce perceptrons and their learning algorithm as well
as feed-forward networks and backpropagation. We ex-
plain the limitations of a perceptron and how multi-layer
feed-forward networks overcome those limitations. We
discuss simple pattern recognition such as in an AND
perceptron. We also discuss how a FFnet with a single
hidden layer processes the input pattern so that the ac-
tivation at the hidden layer becomes linearly separable
at the output node. In class, we ask students to trace the
learning algorithms for a given perceptron and for a very
simple FFnet, one that implements XOR. This helps stu-
dents understand the learning algorithms as well as the
test data we provide. We demonstrate the use of various
training data in class and we demonstrate and explain the
testing of the FFnet that is to recognize the MNIST data
set; see the write-up of the assignment. We cover the im-
portance of data curation, the importance of selecting a
relevant training set, bias, and out-of-domain errors. In
essence, we address how to properly train a neural net-
work.

• FFnet programming assignment. In this assignment, stu-
dents are asked to implement perceptron and feed-
forward networks and to experiment with several hyper-
parameters to develop an understanding of their effect

on neural network learning and performance. The assign-
ment culminates in training an FFnet on the MNIST data
set (LeCun, Cortes, and Burges 2012). We provide stu-
dents with the paper that explains how to read the data.
There is a certain amount of curation that students may
perform to increase learning efficiency. The purpose of
this assignment is to help students develop an intuition
of the necessary size of a NN as well as good values
of various hyper-parameters for successful training of a
NN and how they affect each other and learning. We ex-
plicitly ask students to experiment with hyper-parameter
ranges that significantly delay learning. We discuss the
algorithms in detail during class, and work out some of
the intricacies through worksheets. Among the scaffold-
ing we provide is test-code as well as a procedure that
visualizes the MNIST input in 2D.

• Ethics: Bias and Copyrights. This is an important class
session. To discuss bias, we present the interactive arti-
cle ”Humans are biased. Generative AI is even worse”
(Nicoletti and Bass 2016). We discuss the recent lawsuit
of the New York Times against OpenAI (Grynbaum and
Mac 2023) and we discuss hallucinations and whether
they should be called falsifications instead, as suggested
by (Emsley 2023).

• Transition from Feature Engineering to Feature Learn-
ing. Students are asked to read the New York Times ar-
ticle entitled ”The Great A.I. Awakening” (Lewis-Kraus
2016) and to submit a write-up containing the top-five
things they learned from reading this paper. This article
gives an excellent and well-written account of the devel-
opment and break-through of feature learning with regard
to Google’s language translation system.

• Discussion of Google Translate’s Switch from Feature
Engineering to Feature Learning. After the deadline of
the prior writing assignment, we engage in a class dis-
cussion of the top few items from each student’s list
so as to ensure students understand the power of the
feature learning approach over the feature engineering
approach. We now have made the transition from dis-
cussing symbol-based approaches of AI to NN-based ap-
proaches.

• Early Realization of the Importance of Feature Learning.
In this presentation, we capture the sentiments of early AI
researchers of the importance of learning features rather
than engineering them. We will place this material in the
context of the sort of problems they attempted to solve as
well as the computing power and digitized data available
at the time. Key sources are (Selfridge and Neisser 1963;
Minsky 1968).

• Reinforcement Learning We spend about three days in-
troducing Markov Decision Processes, value iteration,
policy iteration and Q-Learning. We cover these ma-
terials because they are essential in understanding Al-
phaGoZero as well as some of the discussions surround-
ing the impact of AI, in particular the potential of rogue
AIs.

• Convolutional Neural Networks (CNNs). We spend five
days covering CNNs. We explain their architecture and
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demonstrate their processing of data. In this context, we
discuss pattern recognition and, especially how at the
later stages of processing, the patterns become unrecog-
nizable to humans. We provide a brief history of CNNs
and explain the details of the back-propagation algo-
rithm. In the context of studying LeNet5 (LeCun et al.
1998), we revisit data curation.

• AlphaGoZero. Students are asked to read and summarize
the ”Mastering the game of Go without human knowl-
edge” paper (Silver et al. 2017). This paper describes
an early and impactful system that achieved remarkable
public success solely by feature engineering.

• AlphaGoZero Discussion. After the prior writing assign-
ment is due, we discuss the performance of that system.
We focus on feature learning, how reinforcement learn-
ing was employed and the pattern matching performed
by the system.

• CNN Forward Pass Programming Assignment. In this as-
signment, students are asked to implement the forward
pass of LeNet5 (LeCun et al. 1998) for MNIST charac-
ter recognition. This is a new assignment. We are adding
it based on conversations with students during the Spring
term, as well as feedback from anonymous student course
evaluations. During this past summer, we worked with a
student to develop a proof of concept of this assignment
as well as ascertain which sort of scaffolding we wish to
provide. The purpose of this assignment is for students to
get an under-the-hood view of CNNs and pattern recog-
nition. LeNet5 is a pioneering CNN and it has a fairly
simple architecture. Students will need to make minor
changes to their code to read in the data. For the classi-
fier portion of the algorithm, they are asked to use their
existing FFnet. The algorithm will be discussed in class
and explored through worksheets. For this assignment
too, we provide test cases to ensure the implementation is
correct and we provide an adapted version of the visual-
ization software that we made available for the FFnet im-
plementation of MNIST character recognition. Among
others, the visualization software enables students to ob-
serve the processing of the CNN.

• CNN Backpropagation Programming Assignment. Since
implementing a CNN from scratch is challenging, we de-
cided to split this assignment into two. The visualiza-
tion mentioned above would be meaningless without the
backpropagation portion, hence students will reap the re-
ward of visualization only after completing both assign-
ments. We discuss the learning algorithm in detail during
class, complete with worksheets.

• CNN Sudoku Training Assignment. To compare and con-
trast feature learning with feature engineering, we ask
our students to train a given CNN to self-learn and play
9x9 Sudoku. This assignment is adapted from (Mustafa
2020). As part of this assignment, students learn about in-
stalling and using Tensorflow and Keras. Some students
know about those frameworks already, but for some stu-
dents this is new.

• Knowledge Representation in NNs. In this presentation,
we explain and dissect knowledge representation in em-

beddings. We show how embeddings represent ontolo-
gies and present some work that shows how common
sense emerges from embeddings. We discuss common
sense and how difficult the engineering of common sense
is.

• Reasoning in LLMs. In this presentation, we show and
discuss LLMs reasoning ability as detailed in several re-
sources (Zhang and et al. 2022; Hagendorff, Fabi, and
Kosinski 2023; Russell 2019; Chen et al. 2023). Among
others, we discuss its ability to solve logic puzzles, com-
mon sense problems, and reasoning problems requiring
common sense. We highlight ”chain-of-reasoning” ex-
planations given by ChatGPT and other LLMs. This is
an area of much interest and some progress. Once avail-
able, we will study OpenAIs Strawberry model (OpenAI
2024) to assess its reasoning and problem solving capa-
bilities.

• Future Network Architectures. In this presentation, we
discuss the limitations of LLM when it comes to reason-
ing. We discuss criteria and requirements for systems that
reason, as posed by (Lenat and Marcus 2023; Lake et al.
2016). We discuss approaches that favor the combina-
tion of NN-based and symbol-based approaches (Center
for Integrated Cognition 2023). We believe that advanced
reasoning has to grow organically from within NN sys-
tems. To this end, we present work aimed at developing
new network architectures, work that is actively pursued
by (Stebbings 2001; Heikkilä 2023; Chen et al. 2023; In-
stitute for Foundation of Machine Learning 2023). For
example, in (Heikkilä 2023), LeCun is quoted as follows:
”One of the main challenges to improve LLM reliabil-
ity is to replace Auto-Regressive token prediction with
planning. Pretty much every top lab (FAIR, DeepMind,
OpenAI etc) is working on that and some have already
published ideas and results. [Note: I’ve been advocating
for deep learning architecture capable of planning since
2016].”

• LLMs. Students are asked to read and summarize the arti-
cle entitled ”What Kind of Mind Does ChatGPT Have?”
(Newport 2023). This is a very accessible article that ex-
plains how LLMs work.

• LLM Discussion. After the prior writing assignment is
due, we discuss key points of the article as well as the
challenge of predicting the next word. We point out that
characterizing LLMs simply as next word predictors does
not do them justice. Among others, we challenge our stu-
dents to predict the next word in examples taken from
literature and technical writings. We compare student re-
sponses with those given by ChatGPT.

• Hopfield networks. We spend half a session on Hopfield
networks, primarily to show students that there are net-
works architectures other than the two pass architectures
in prominent current use.

• NLP. During this class session, we cover early work on
natural language processing (NLP). We briefly summa-
rize very early work from the 1950’s (UNESCO 1959;
The University of Washington 1958) and we give a brief
demonstration of Eliza (Weizenbaum 1966) and explain

29082



its architecture. We place NLP in the context of speech
acts and discuss some of the challenges of NLP, sur-
rounding various forms of ambiguity of natural language
processing.

• Networks Designed for Natural Language Processing.
During this set of five class sessions, we examine net-
work architectures designed for natural language pro-
cessing. The class materials lean heavily on the text-
book ”Speech and Language Processing” by (Jurafsky
and Martin 2024). We cover Recurrent Neural Networks
(RNNs), networks based on Long-Short Term Memory
units (LSTMs), and Transformer architectures; culminat-
ing in discussing the ”Attention” paper, see below.

• Attention is All You Need. Students are asked to read
and summarize the paper ”Attention is all you need”
(Vaswani et al. 2017). This is a very technical paper;
however, we do explain transformer architectures in class
beforehand.

• Attention Paper Discussion. After the prior writing as-
signment is due, we discuss key points of the paper. Due
to the highly technical nature of this paper, part of the
discussion serves as a review of the materials covered in
class. However, we additionally study the kind of pattern
recognition performed by the system.

• Fine-tuning LLaMA Assignment. In this assignment,
pairs of students are asked to fine-tune a Large Language
Model (LLM) using an existing data set. Students are
asked to fine-tune LLaMA 2 (Kaparthy 2023) to build
a model of the TinyStories dataset (Eldan and Li 2023).
This assignment is adapted from (Sridykhan 2023). We
expect to further develop this assignment during the next
summer.

• Cutting-Edge Work. In order to get a sense of the breadth
of AI, as well as of current work in this field, pairs of
students are invited to choose a research article, a re-
search project, or an interesting AI application, study it
and present the chosen project to class. Students need to
seek instructor approval, primarily to ensure the scope of
the selected project is well-chosen. As an alternative to
this project, pairs of students are invited to conduct ex-
periments with which to establish the power and limita-
tions of current LLMs. Students are encouraged to select
a fairly narrow domain and conduct well-chosen experi-
ments aimed at ascertaining the usefulness and quality of
the knowledge exhibited by their chosen LLM. Here too,
students need to seek instructor approval to ensure an ap-
propriately chosen domain. Among others, the cutting-
edge work presentations enable students to perform an
initial study of a topic which they may wish to pursue
further, among others, through pursuing a senior thesis.

• Cutting-Edge Work Presentation. The cutting-edge work
presentations are scheduled through-out the second-half
of the term, typically on Fridays to end the week on a fun
and interesting note. Pairs of students are asked to give
a 12-minute class presentation, followed by 4 minutes of
discussion.

• Impact of AI. Teams of 5 to 6 students read and discuss
one of the following papers. They are asked to develop

a slide-presentation that captures the key points of the
assigned paper and to lead a class discussion of those key
points.

1. Bengio, Hinton et al. ”Managing AI Risks in an Era of
Rapid Progress” (Bengio et al. 2024)

2. Henry Kissinger: ”How the Enlightenment Ends”
(Kissinger 2018).

3. E. M. Forster: ”The Machine Stops” (Forster 1909)
4. Stuart Russell: ”Provably Beneficial Artificial Intelli-

gence” (Russell 2017)

• Impact of AI Presentation. The teams of students from
the prior assignment present their slides and lead a class
discussion on the presentation topic. To ensure an in-
depth discussion, we ask students to spend about 10 min-
utes presenting key points and lead a 15-minute discus-
sion.

• Alchemy and AI. For this assignment, students are asked
to summarize the first portion of the paper that ques-
tions the early symbol-manipulation approach towards
AI, entitled ”Alchemy and Artificial Intelligence” (Drey-
fus 1965). This paper focuses on pattern recognition and
other cognitive processes pertinent to human information
processing.

• Alchemy and AI Discussion. After the deadline of the
prior writing assignment has passed, we engage in a class
discussion of the paper.

• HCI. We cover this area in the context of natural inter-
action. This is an area with tremendous job-growth, see
(Ellingrud et al. 2023) and a lot of engineering. We be-
lieve that our students might be interested in the engi-
neering aspect of this field.

• Internet of Things (IoT). We cover the IoT, to raise stu-
dents’ awareness of the untapped potential of AI. By
generating data and combining data from many devices,
many aspects of our lives can be automated by the use of
AI.

Evaluation
So far, the response to the refocused course has been over-
whelmingly positive.

Feedback from Colleagues
When we developed this course, we obtained positive feed-
back from two alumni, one is a PhD working in NLP and
the other is a trailblazing PhD student in NLP focusing on
developing and using foundational models. We additionally
obtained positive feedback from two colleagues at other aca-
demic institutions, one is a logician who recently bridged
the gap to NN-based systems the other one is an expert in
human-machine teaming. Two colleagues in my department,
both with expertise in AI, are tasked with reviewing course
assessment documents for our AI course. Both gave posi-
tive feedback and during a department meeting at which we
discussed this new course, we obtained positive feedback.
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Feedback from Students
Perhaps most importantly, our Spring term students were
very supportive of the new version of this course as judged
by the numeric and written course evaluations. Even dur-
ing the course, we received excellent feedback for improving
this course. Among others, students volunteered to complete
additional or more in-depth versions of the assignments.
There was a lot of excitement, as judged by the number and
kind of feedback we received from our students.

Next, we will summarize confidential student feedback as
well as corresponding changes we made to this course.

Learning. Students were excited about their learning. Stu-
dents explicitly mentioned the refocused learning on NN, the
software development assignments and the readings as con-
ducive to their learning. There were a few scattered remarks
about adding more scaffolding to the software development
assignments, by providing more detail in class, and by pro-
viding what might be called ”warm-up” assignments. Addi-
tionally, it appeared that those students who already took the
Deep Learning class wished for more technical depth of the
assignments. For various reasons, the software development
assignments were not as developed as we would have liked
them to be. However, we obtained a summer grant from our
department that enabled us to revise the FFnet and CNN as-
signments so as to provide technical depth. Students are now
asked to implement those two architectures in Java.

Strengths. Students indicated that the software develop-
ment assignments as well as the readings are a strength
of this course. Several students stated that refocusing the
course on NN was a strength. Students felt that the course
materials reinforced each other. Some students called out the
class discussions as a strength of this course. Some students
named the diversity of the materials, i.e. readings, discus-
sions, exploration of topics of their choosing, as a strength
of this course and liked the ability to perform some research
and to become independent learners.

Improvements. Our students suggested to improve the
write-ups of the assignments, refocus them on learning key
items and expand them. As indicated above, this is exactly
what we did. We were thinking of removing the ChatGPT
assignment, however, a fair number of students stated that
they liked it. One student had an excellent suggestion: to of-
fer the investigation of the power and limits of ChatGPT as
part of the cutting-edge presentations. This is exactly what
we are doing now.

Changes Made Based on Feedback
Based on our own thinking as well as student feedback, we
made the following changes for the current version of this
course. Please notice that this paper does describe the re-
vised version of the course.

1. Ask students to implement an FFnet for MNIST charac-
ter recognition.

2. Ask students to implement a simple CNN, again, for
MNIST character recognition.

3. Provide additional learning materials for all three ma-
jor network architectures covered in this course: FFnets,

CNNs, and Transformers. This includes lecture materi-
als, in-class worksheets and where applicable, a more in-
depth discussion of the challenges and requirements of
the programming assignments. The latter includes an ex-
planation of the test-data we developed.

4. Discuss data curation in more detail.
5. We removed a learning outcome and assignment related

to assessing the power and limitations of LLMs. Instead
we made that assignment an option for the ”cutting-edge
work” assignment.

6. We added three quizzes, related to the three major net-
work architectures. Since we have, and continue to pro-
vide, more and more technical details of those architec-
tures, we believe that the quizzes help in learning about
their details.

7. One change we did not make is related to the LLMs as-
signment. We are keeping it for now, hoping that we will
have time next summer to modify it.

Conclusions
In this paper, we provide a proof of concept AI course that
is focused on feature learning and pattern recognition. We
provide a brief argument of why one would want to refocus
an introductory AI course in this manner rather than simply
ask for a deep learning course. We provide a catalog course
description, learning outcomes and a description of assess-
ment tools. The majority of the paper is dedicated to justify-
ing and describing the various learning components of this
course. Among others, we highlight where feature learning
and pattern matching is covered in the learning materials.
We end the paper with a subjective evaluation as well as
by summarizing relevant anonymous student course evalu-
ations. We welcome collaborating with colleagues who are
interested and willing to refine the proposed approach and to
develop and refine learning materials towards an AI course
based on NNs.
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