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Figure 1: AutoPBL delivers an LLM guided-and-supported self project-based learning experience on an integrated GUI. In this
example, a learner uses AutoPBL to learn machine learning through a spam classification project. (A) The tutorial content of
AutoPBL is dynamically generated in bite-sized blocks based on a structured framework, constantly adapting to users’ progress.
(B) Each tutorial block is followed by a checkpoint question. Users must answer the question before moving on to the next
tutorial block. (C) The integrated virtual teaching assistant enables in-context Q&A. Users can quote tutorial content and select
a preset query mode to receive a helpful response without the need for extensive prompt engineering. (D) The sidebar on the
left displays the tutorial framework and allows easy navigation to previous tutorial content.
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Abstract

Self project-based learning (SPBL) is a popular learning style where
learners follow tutorials and build projects by themselves. SPBL
combines project-based learning’s benefit of being engaging and
effective with the flexibility of self-learning. However, insufficient
guidance and support during SPBL may lead to unsatisfactory learn-
ing experiences and outcomes. While LLM chatbots (e.g., ChatGPT)
could potentially serve as SPBL tutors, we have yet to see an SPBL
platform with responsible and systematic LLM integration. To ad-
dress this gap, we present AutoPBL, an interactive learning platform
for SPBL learners. We examined human PBL tutors’ roles through
formative interviews to inform our design. AutoPBL features an
LLM-guided learning process with checkpoint questions and in-
context Q&A. In a user study where 29 beginners learned machine
learning through entry-level projects, we found that AutoPBL ef-
fectively improves learning outcomes and elicits better learning
behavior and metacognition by clarifying current priorities and
providing timely assistance.
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1 Introduction

Self project-based learning (SPBL) is a combination of self-learning
and project-based learning (PBL). In SPBL, learners independently
follow tutorials and build projects without the guidance of a tutor
(e.g., the learner follows a ‘How to develop a Snake game’ tutorial to
learn Python). This approach blends the flexibility of self-learning
[19, 49] and the benefits of PBL, bringing increased motivation from
practical goals [35, 69] and deeper understanding from hands-on
experience [35, 77]. The rise of e-learning resource platforms has
fueled the popularity of SPBL, especially for computer science (CS)
and AI'%34 However, issues with SPBL exist. In traditional PBL,
human tutors monitor progress to balance learning and doing, guide
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learners to grasp learning opportunities (i.e., identify, grasp, and
reflect on critical information), and provide timely support. This
dynamic, adaptive guidance and support is difficult to replicate
through even the most well-crafted tutorials [49, 70].

One emerging source of support and guidance in SPBL is Chat-
GPT [32], given its vast knowledge base [7, 33, 38, 68, 92], con-
stant availability [29, 63], and ability to engage in natural language
conversations [12]. While promising, ChatGPT also poses risks of
misuse. In the context of PBL, ChatGPT can be misused to create en-
tire project artifacts, bypassing the essential learning process [91],
undermining critical thinking and academic integrity [32, 75, 92].
Additionally, many students struggle to craft effective prompts, lim-
iting their ability to use LLM-based chatbots properly [13, 37, 88].
To address these challenges, research advocates for the responsi-
ble and systematic integration of large language models (LLMs)
into PBL to ensure they support educational objectives without
compromising the learning experience [89, 91].

Driven by this call, in this paper, we designed a platform that
guides and supports learners through self project-based learning.
We focused on appropriately integrating LLMs and externalizing the
educational values. Specifically, we selected computer science (CS)
as the subject matter because CS lends itself well to SPBL, while
most CS projects can be done on a personal computer without
needing external devices or environments.

To determine the role of our platform in SPBL, we first exam-
ined the roles of human tutors in PBL through a formative study.
Teaching assistants (TAs) who have closer and more direct interac-
tions with learners are the more representative PBL tutors in CS
education when compared to lecturers and tutorial authors. Thus,
we conducted formative interviews with six TAs who had experi-
ence hosting PBL with fixed learning and artifact goals (contrary
to exploratory PBL). The interview focused on the recurring chal-
lenges, teaching strategies, and views on ChatGPT usage in PBL.
We set design goals based on their feedback. The key points were:
1) provide helpful but not end-to-end assistance, 2) monitor the
progress to keep on track, 3) emphasize key learning opportunities,
and 4) foster motivation for both doing and learning.

With these goals in mind, we designed and implemented Au-
toPBL, an LLM-powered self-PBL platform. AutoPBL is designed
to help SPBL learners by 1) dynamically displaying tutorial con-
tent in a structured, block-by-block, and adaptive way, 2) offering
checkpoint questions for proactive guidance, and 3) providing an
in-context LLM chatbot as a virtual teaching assistant.

We conducted a counterbalanced user study where 29 beginners
learned machine learning (ML) through two entry-level projects,
one using AutoPBL and the other under a baseline condition. We
chose entry-level ML projects because they balance learning and
doing, take an appropriate amount of time to finish, and make it con-
venient to generate content with LLMs. Results confirm AutoPBL’s
effectiveness in (1) improving learning outcomes and (2) eliciting
better learning behaviors and metacognition in SPBL. Our mixed-
method analysis showed that AutoPBL helps learners primarily by
clarifying current priorities and providing timely and appropriate
assistance. Users also expressed a general preference for AutoPBL.
We then analyzed users’ perceptions of design features to identify
areas for improvement. We wrapped up our study by discussing the
needs and chances of improving LLM-generated educative content


https://doi.org/10.1145/3706598.3714261
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3706598.3714261

AutoPBL: An LLM-powered Platform to Guide and Support Individual Learners Through Self-PBL

and opportunities to expand AutoPBL’s applicability to a broader
context.
In summary, this paper makes the following contributions:

e We designed and implemented AutoPBL, a platform pro-
viding guidance and support to self project-based learning
practices on machine learning.

e We systematically integrated LLM into AutoPBL to align
with the goals and values of PBL derived from a formative
study.

e We used a mixed-design user study to evaluate AutoPBL’s
effectiveness in improving learning and metacognitive out-
comes and provide insights into the underlying mechanisms.

2 Related Works

2.1 Self-Learning, Project-based Learning and
SPBL

Our research builds on the concept of self project-based learn-
ing (self-PBL or SPBL). SPBL combines elements of self-directed
learning and project-based learning [49, 77], both of which have
well-established traditions in educational research.

Self-learning (or self-study, self-education) is an approach where
students learn at their own pace without direct guidance from a
human instructor [61, 94, 95]. This flexibility has made self-learning
popular among individuals who lack access to traditional courses
or require a flexible learning schedule [8, 19, 49]. Its popularity is
extreme in fields rich with online resources, such as programming,
software usage, and machine learning [24, 39, 48].

Project-based learning (PBL) is a student-centered pedagogy
where students learn and apply ideas in a specific project context,
eventually producing an artifact [34, 35]. Rooted in constructivism,
PBL emphasizes learners’ active construction and reconstruction
of their understanding through experiences and reflection [6, 35,
77], rather than passive information intake. PBL fosters learning
motivation by amplifying the relevance of what they are learning
and doing [6] and letting learners easily see the productions of their
efforts [35, 69]. PBL has also been shown to promote creativity,
problem-solving, and collaboration [22].

Integrating self-learning with project-based learning (SPBL) is
effective because self-learning makes PBL flexible, while PBL boosts
motivation for self-learners [43, 49]. Although SPBL often lacks key
elements like team collaboration and self-direction found in tradi-
tional PBL [36, 43], it still promotes positive learning and metacog-
nitive outcomes [49, 72, 77].

However, without a tutor, SPBL learners often struggle with self-
regulation and the lack of assistance, amplifying the obstacles in exe-
cuting PBL. SPBL learners may lose motivation [4], focus [23, 65, 70]
and desire for exploration[20, 21, 62] in the process. Learners need
timely reminders on learning opportunities [21], confirmation of
cognitive progress [2, 34] and individualized support [34, 60]. Ex-
isting platforms focus on enhancing the quality of instructional
materials [66], developing interactive learning platforms®®’, and
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fostering learning forums®®. However, these platforms demand in-
tensive human effort and are restricted to tutorial learning [43, 49].
Therefore, in this paper, we set out to build a platform that intelli-
gently provides much-needed personalized guidance and support
to SPBL learners.

2.2 LLMs in Education

LLMs are increasingly being used by teachers and students alike for
content generation and any-time chats [32, 75]. The rising adoption
comes from their knowledge, naturalness of interaction, and scala-
bility. First, LLMs have a solid grasp of entry-level domain-specific
knowledge across diverse fields, including language [29], medicine
[38], data science [68, 92], and, crucially for our study, coding and
machine learning [7, 33, 42]. Retrieval augmented generation (RAG)
[40], where the LLM is supplemented with an external knowledge
base, has been shown to improve the accuracy of domain responses
further [51]. Second, they generate responses perceived as natural
and appropriate in tone [33], sometimes even more readable than
those provided by human instructors [12]. Finally, LLM-based appli-
cations are easily scalable. Through prompt engineering, LLMs can
generate diverse forms of educational material that are adaptive to
learners’ personalized needs [29, 63].

However, the responsible and accessible application of LLMs in
educational settings presents a significant challenge. Misuse like
end-to-end solution generation may inhibit learner’s critical think-
ing [32, 75, 92] and compromise academic integrity [33]. Moreover,
LLMs can generate false or misleading information in a convincing
manner due to hallucination [25, 30, 84] (e.g., generating plausi-
ble but nonexistent academic references [50]). Hallucinations are
particularly harmful to entry-level learners, who may struggle to
identify false information in Al-generated content [53]. Finally,
prompt engineering poses a challenge to non-expert users to ef-
ficiently use LLMs because they may be unfamiliar with domain
terminologies [57, 93] or lack query skills [13, 88]. To address these
drawbacks, we paid attention to ensuring robust and educative
content generation and enhancing usability during interaction.

2.3 Intelligent Tutoring Systems

Intelligent Tutoring Systems (ITS) are automatic systems that track
learner progress and provide adaptive support and guidance [56]
like human instructors [49, 64].

One widely studied form of ITS recommends learning materials,
such as exercises and instructions, based on knowledge tracing
(KT) [14, 26, 41, 76], cognitive diagnosis (CD) [15, 79, 83] and other
data mining [78] or rule-based algorithms [90]. These algorithms
model learners’ proficiency using past interactions with the system
[1]. A systematic implementation using this approach is OATutor
[58], an ITS that uses Bayesian KT [11] to recommend exercises
based on the student’s mastery of relevant skills. However, these
methods follow a linear representation of learning context [86] and
depend on pre-annotated resources for recommendation [1]. These
weaknesses hinder comprehensive observations of learners and the
efficacy of adaptive tutoring in complex and unstructured learning
processes like PBL.

8https://www.cc»urseram)rg/
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Large language models (LLMs) have opened new possibilities
for ITS through analyzing unstructured context and generating
adaptive and diverse instructional content [59, 71]. LLM-powered
ITSs take in the learning materials used [87] and learners responses
in conversations [10, 59] and quizzes [86] for analysis. The system
then generates adaptive instructions and Q&A answers [42], or
externalizes pedagogy like Socratic teaching [10, 17] and learning-
by-teaching [31, 67]. In particular, LLM shows promise in computer
science-related ITSs, especially in improving clarity and engage-
ment [42], demonstrating the rationality of our user study scenario.
While promising, the effectiveness of some conversational LLM-
based ITSs is tested on datasets and simulated students [10, 44, 47].
Empirical studies on actual students drew inconsistent conclusions
on LLM-based ITSs’ effect on learning outcomes [31, 59, 87]. Thus,
we seek to comprehensively evaluate AutoPBL’s effectiveness in
assisting learners using mixed methods.

3 Formative Study

To determine the form of guidance and support we should include
in our SPBL platform, we examined the roles of human PBL tu-
tors in sessions with fixed learning and artifact goals (contrary to
exploratory PBL). The interview focused on the goals, recurring
challenges, and teaching strategies of PBL. We also asked intervie-
wees for their views on students using ChatGPT in projects. From
these discussions, we derived design goals for the platform.

3.1 Formative Interview

We selected TAs instead of experienced professors (who primarily
serve as lecturers) as formative interviewees because PBL tutors
must closely interact with PBL learners. We recruited six TAs from
a university CS department’s TA group chat, all with experience
in holding PBL activities with fixed learning and artifact goals (see
Table 1). The TAs (age = 23.75 + 0.76, five males and one female)
served 2.5 semesters as TAs for their respective courses on average.
Three of them were the original designers of the project, while the
others made incremental improvements based on existing projects.
They were generally responsible for formative assessment, Q&A,
and the final evaluation and grading. However, only two TAs were
tasked with hosting proactive discussions with students. Each TA
was interviewed individually by a researcher for about an hour via
video conference.

At the start of each interview, we asked TAs to describe the
projects’ content, process, requirements, and teaching goals. Their
teaching goals align with common PBL objectives, such as learn-
ing through doing, connecting knowledge with experience, and
making sense of the process. They were then asked to share their
experiences and insights in three specific areas:

o Q1: What were the main challenges and issues you encountered
while hosting project-based learning activities?
o Q2: What specific arrangements or project design did you im-
plement to achieve the teaching goals?
o Q3: To what extent were students allowed to use generative Al
like ChatGPT, in the projects you hosted?
We followed up with additional questions based on the TAs’
interview responses. We also asked them to provide example ma-
terials of the arrangements and designs mentioned in Q2. The

Yihao Zhu, et al.

interviews were audio recorded, transcribed, and open-coded [9]
by two researchers. The research team then identified recurring
themes related to the TAs’ methods and ideas for adequate support
and guidance in PBL, leading to four design goals for AutoPBL.

3.2 Design Goals

We synthesized four design goals that AutoPBL should meet.

G1. Provide helpful but not end-to-end assistance. While
improving tutorial materials by providing scaffolding (T4, T6) and
hints (T2, T3) can be a cost-effective way to assist students given
high faculty-student ratios (T2, T4, T5), TAs noted that static tutori-
als cannot address the need for adaptive learning and personalized
assistance, especially in diverse classrooms (T2, T3). Moreover, re-
ferring to Q&A and discussion, TAs noted that students often avoid
seeking help because they do not know what to ask (T2) or are
concerned about privacy issues (T3). ChatGPT is widely regarded
as a suitable Q&A substitute for providing knowledge and expla-
nations (T3, T5, T6). However, all TAs cautioned against using
ChatGPT as an end-to-end tool to finish key parts of the project.
They suspect that direct solutions would not help students develop
deeper understanding (T2, T3) or construct their own knowledge
(T6)—both essential goals in PBL. For instance, T6, who focuses on
developing system engineering skills, warned, ‘You’ll struggle later
if you rely on ChatGPT’s code without fully understanding how the
system works.” Similarly, T2, who emphasizes user-centered design
thinking, stated, ‘Using ChatGPT to write code is acceptable, but for
tasks requiring independent thought, reliance on GPT undermines the
course’s goals.” Some TAs expressed more flexibility with ChatGPT’s
use for non-core tasks (T1, T4) and considered effective GPT use as
part of students’ skills (T4, T6).

G2. Monitor the progress to keep on track. Failures in PBL
often stem from going off track (T2, T4). Due to time limits, TAs can-
not closely monitor each group’s progress and provide correspond-
ing guidance (T1). They break down the project and set specific
checkpoints (T1, T2, T6) or subtasks (T4, T5) to address this. For
example, T1 provided a result visualization script for self-checking
implementation correctness, while T4 suffixed each tutorial ses-
sion with a conceptual self-check question. These milestones allow
them to assess whether students’ projects and learning still align
with the objectives. Meanwhile, TAs design project progression
tailored to the project’s characteristics. For example, T3 and T5 use
a “build around the core” approach, where students implement the
core functionality and add features incrementally. Others follow a
modular (T4, T6) or step-by-step design (T1, T2). As we intend to
support the entire SPBL process with LLM, we can more frequently
and proactively monitor progress to keep learners on track.

G3. Emphasize key learning opportunities. Achieving learn-
ing goals requires identifying key learning opportunities. TAs guide
students to identify important information (T4), take critical re-
flections (T2, T3, T4), and write core code in person (T1, T4, T5).
Without this, students may complete the project without fully un-
derstanding the subject (T6). For example, T4 mentioned that if
he did not require students to read the documentation of the C++
rand() function, they would miss the concept of pseudorandomness.
The problem of missing learning opportunities is addressed through
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Course & Project Information Duties in Supporting PBL
Project Design Procedural Tasks
TAID | Course Project Evaluation
. . . Formative
Design | Improve || Discussion Assessment Q&A
Image Classification
T1 Pjat'tern Recog with Large Margin || v/ v v v
nition .
Nearest Neighbor
Human- g rpd
T2 Computer Validation of Fitts v v v
. Law
Interaction
Data Struc-
T3 tures and | Write a Hash Table v v v v
Algorithms
Ta Introducthn to | Write a "Snake v v v v
Programming | Game
Ts Distributed Bl:{lld a Toy Dis- v v v
Systems tributed System
Principles  of .
Build a RISC-V CPU
Té6 Computfﬂj on FPGA v v v v
Composition

Table 1: The formative interview involved 6 CS course TAs with experience hosting PBL activities with fixed learning and
artifact goals. We list the courses they supported, the projects they hosted, and the duties they took.

methods such as posing reflective questions (T4), asking the stu-
dents to report observations (T3, T6), and providing supplementary
reading materials (T1).

G4. Foster motivation for both doing and learning. PBL
designers aim to motivate students by introducing new learning
topics (T1, T3, T4) or simulating the process of building real, us-
able products (T5, T6). However, students often shift their focus
to the grading criteria, undermining their original motivation for
both doing and learning (T1, T6). Such unbalanced learning can
result in disengagement from meaningful work or learning. Tools
like ChatGPT, which can generate correct code or answers directly,
may exacerbate this trend (T1, T4). To maintain a balance between
“doing” and “learning,” TAs must continuously adjust the grading
scheme to steer students toward the intended learning objectives
(T6). In SPBL, we anticipated less pressure from grading but recog-
nized the ongoing need to remind learners to maintain balanced
motivations.

Resolve teamwork deadlocks. The TAs also claimed that they
pay much attention to instructing students for better teamwork (T2,
T4, T6). In group projects, students find dividing the project into
sub-tasks and then assigning them to team members challenging
(T4). TAs often have to join the group discussions to resolve the
deadlock (T2, T6). We did not consider this point in our design
because AutoPBL focuses on individual learners engaged in self
project-based learning. However, we discussed extending AutoPBL
to collaborative settings in Section 7.2.

4 AutoPBL: Design and Implementation

As illustrated in Figure 2, we designed various features to achieve
the design goals (G1-G4) and improve usability (U). AutoPBL fea-
tures three systematically integrated elements. Tutorial serves as
the backbone (G3) while checkpoint questions and virtual TA pro-
vide proactive (G2, G3, G4) and responsive (G1) assistance, respec-
tively.

Tutorial follows a pre-generated project framework to guarantee
coherency (G2). The tutorial is presented in bite-sized blocks, while
the framework is shown in the sidebar (U). Checkpoint questions
are derived from a taxonomy tailored to SPBL that is designed to
proactively engage learners with tasks on varying aspects of SPBL,
including learning, doing, and high-level thinking (G2, G3, G4).
The virtual TA enables in-context and educative Q&A (G1), with
features such as quote-and-ask and preset inquiry modes supporting
intuitive question formulation (U).

These three design elements are systematically integrated
through an underlying LLM-based multi-agent auto-generation
system. The tutorial provides context for checkpoint question gen-
eration and the virtual TA. Meanwhile, the learner’s responses
to checkpoint questions are used to assess progress and facilitate
adaptive tutorial generation and virtual TA responses.

4.1 Structured, Block-by-block Adaptive
Tutorial

AutoPBL tutorials follow a pre-generated two-level project frame-
work. This framework is shown to learners as a table of contents
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Design Provide helpful but not Emphasize key learning
Goals end-to-end assistance opportunities
et
h L )
Preset inquiry modes : Basic |nformat|on
! retrieval
1
Gradually increasing i  Howandwhy things
code support \ work
1 A
. Application of
AutoPBL Quote & ask ! knowledge
Elements 1

Integrated LLM-based
Teaching Assistant

BT r———

Observation & analysis

Code completion and
explanation tasks
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Monitor the progress to Foster motivation for both

keep on track

doing and learning

Structured & Adaptive Block-based Tutorial

Project framework
shown in sidebar

1 Informative introduction
1 and background

1

; Bite-sized tutorial - =
; blocks

i

1

1

Il \

! Real-world applications |

; -

B 1

Adaptive tutorial 1 ;

generation 1 Exploration ;

2 ! i

! i

\ | Reflection .

1 20-second countdown i !

L \ ‘\ ol ,‘I
Progress checkpoint ! . q

1 Checkpoint Questions

i For Each Block

Figure 2: This figure outlines the design elements used in AutoPBL to address the design goals formed in the formative study.
Each column shows a design goal and the corresponding design elements to address these challenges. The elements are also
grouped by their overarching system feature (e.g., tutorial, checkpoint questions, virtual TA). Specifics about checkpoint

questions can be found in Figure 3.

on the sidebar and can be used to navigate, similar to popular tuto-
rial platforms!?!. The main content of the tutorial is presented as
bite-sized blocks, each containing a single learning or doing task.
Once the learner finishes a block, the next one will be adaptively
generated according to the learner’s progress and response to the
checkpoint question (see Section 4.2). For example, a correct answer
would trigger encouragement and enable progress to the next task,
while an incorrect answer triggers a review of previous content.

Two-level Project Framework. Each project is divided into
steps (e.g., data pre-processing), which are further divided into
fine-grained sub-steps (e.g., data cleaning and data augmentation).
This framework offers a clear overview of the project. Moreover, to
foster interest and motivation, we included sub-steps that provide
background information about each step.

Bite-sized Blocks. AutoPBL presents each sub-step of the tuto-
rial as bite-sized blocks, each containing a single learning or doing
task. This is a form of microlearning [54, 74], and its effectiveness
is backed up by cognitive load theory [73] and the technique of
chunking [52]. This design seeks to make the material more ac-
cessible and easier to digest (U) and help maintain the learner’s
attention throughout the project (G4).

Ohttps://www.runoob.com
HUhttps://www.khanacademy.org

4.2 Providing Guidance through Checkpoint
Questions

In AutoPBL, each block is followed by an adaptively generated
checkpoint question, similar to the project checkpoints mentioned
by TAs in the formative study. The learner must respond to the
checkpoint question before progressing to the next block. This
design is informed by proactive tutoring strategies like using for-
mative assessment to assess learning progress [5], and leveraging
pre-questioning to guide students’ attention [55]. The checkpoint
questions are derived from a taxonomy tailored to different learn-
ing processes within SPBL. Each question is given in one of two
forms: multiple-choice or short-answer. Finally, we included a 20-
second timer before revealing the checkpoint question to prevent
learners from skimming only for question-related information.

Taxonomy of Checkpoint Questions. We designed three cat-
egories of checkpoint questions - conceptual, practical and high-
level questions about the project as a whole. Each category is
further broken down into three question types, as shown in Fig-
ure 3. Conceptual questions require the learners to reflect upon
what they have learned, how things work, and how to apply the
knowledge in practical scenarios (G3). Practical questions raise
awareness on implementation by checking the learner’s progress,
asking the learner to observe and analyze, and assigning coding
tasks (G2, G3). Finally, high-level questions encourage reflection
and metacognitive thinking while fostering motivation (G4).
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Example Question

Type
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Basic Information Retrieval

[ What is the definition of support vectors? ]

How and Why Things Work [

Why do SVMs generally do well on high dimensional datasets with limited
samples?

Conceptual

Application of Knowledge [ recall?

Which metric is more important for spam detection models - precision or ]

Have you successfully loaded the MNIST dataset?

What does the confusion matrix show? What conclusions can you draw from
analyzing the confusion matrix? Are there any room for improvement?

Finish the section marked by #TODO and implement the forward pass of the
SimpleCNN model. Copy and paste the finished code in the input box below.

(after model training) Based on your experience, what is the most challenging
aspect of training a CNN model? How did you overcome the challenges?

Where can handwritten digit recognition be used in real life? What practical
challenges will these application scenarios bring?

How would you like to improve our spam detection model further? Some
possible areas for improvement would be hyperparameter tuning, trying other
text vectorization methods, and data augmentation.

Figure 3: Taxonomy of checkpoint questions in AutoPBL. We included three categories of checkpoint questions relevant to
the “learn by doing” process in PBL. Specifically, conceptual questions focus on the “learning” part, while practical questions
concern the “doing” part. In addition, high-level questions are designed to trigger reflection and exploration beyond the project

itself.

4.3 Chatbot as a Teaching Assistant

In AutoPBL, learners can turn to an integrated LLM-powered virtual
TA for needed assistance. The virtual TA is context-aware (i.e.,
aware of the learner’s progress) and prompted to avoid providing
end-to-end solutions, providing progressively increasing assis-
tance instead (G1). Moreover, users can quote specific content and
select preset inquiry modes when asking the virtual TA, reducing
the need for prompting (U).

Context-Aware Support. The virtual TA considers the tutorial
content, the learner’s responses to checkpoint questions, and any
quoted material when generating a response. For example, when
the learner quotes “data augmentation” in the digit recognition
tutorial and asks for an explanation, the virtual TA will reference
project-specific examples, such as “rotating and zooming the digits
to introduce diversity to the training set.” In addition, the assistant
encourages learners during challenging tasks such as learning math
and coding to mitigate frustration.

Progressively Increasing Assistance. The virtual TA is de-
signed to provide progressively increasing assistance. Initially,
it provides hints and references, offering complete solutions or
runnable code only after multiple failed attempts by the learner to
solve the problem. This encourages the learner to think and code
by themselves instead of copying end-to-end solutions given by
LLMs (G1).

Preset Inquiry Modes. We also included four built-in inquiry
modes for the virtual TA - explain, debug, generate a quiz, and
visualize. Users can select one of the modes to get a more directed
response without detailing requirements (U). For example, the user
would receive a 2-D visualization of a line separating clusters of
dots when asking “what is a decision boundary” in visualize mode.

4.4 Implementation

AutoPBL’s fully automated generation workflow is implemented as
an LLM-based multi-agent system using OpenAI’s GPT-40 API, as
shown in Figure 4. The multi-agent design makes it easier to define
the roles GPT-4o plays in AutoPBL and synchronize context through
inter-agent information exchange. The prompts are provided in
Appendix F.

Tutorial Generation Workflow. When creating a project, the
Project Designer Agent generates the project framework accord-
ing to the project requirements and learner profile. The Block
Content Generator produces content based on the project frame-
work, a summary of previous steps generated by Summarizer
(except for the first block when there are no preceding blocks, same
below), the learner’s answer to the prior block’s checkpoint ques-
tion, and the learner’s profile. Once the tutorial part of a block is
generated, the Checkpoint Question Agent crafts a checkpoint
question aligned with the new block’s content. We prompted this
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Tutorial Generation Workflow

Virtual TA Response Workflow

Project Framework
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Figure 4: The multi-agent system implementation of AutoPBL. This graph illustrates how AutoPBL generates seamless SPBL
content in block-based tutorials and answering inquiries. The Project Designer, Block Content Generator, Checkpoint Question
Generator and Virtual TA are directly involved in supporting the features mentioned in Sections 4.1, 4.2, and 4.3. The Summarizer
is crucial to the efficiency and speed of GPT-40 API calls by reducing context length. The Code Masking Agent post-processes
the contents generated by Block Content Generator to remove excess code that gives away the solution of code completion
tasks, mitigating a persistent problem of GPT-40 that possibly stems from alignment attempts to improve code generation

capabilities.

agent to choose from the nine-question types in Figure 3 according
to the current block’s learning or doing task and generate a draft
question. The Checkpoint Question Agent then refines the question
through chain-of-thought prompting [81], improving relevancy
and quality. Specifically, in blocks with code completion tasks, we
observed that GPT-4o persistently generates full, runnable code,
ignoring instructions in prompts. As a solution, we introduced a
Code Masking Agent to post-process each block’s content, re-
moving any excess code to prevent AutoPBL from inadvertently
giving away code completion answers. This phenomenon shows
that productivity-oriented LLM alignment often goes against the
desired behavior in educational contexts (see detailed discussion in
Section 7.1).

Virtual TA Response Workflow. When processing learner
queries, the Virtual TA receives a summary of the learner’s progress
from Summarizer, the contents of the block currently being read by
the learner, and the quote content. The Virtual TA then generates a
context-aware response based on the educational principles detailed
in Section 4.3. When the learner selects preset question modes, we
put the learner’s inquiry into the corresponding prompt template,
reducing the need for the user to craft prompts themselves.

Adaptability of Implementation. In AutoPBL, all contents are
generated by GPT-4o since it is competent under the ML topics we

chose (see Section 5.1.2 for technical evaluation). However, as the
multi-agent system and prompts are not topic-specific, we assume
that simply modifying the topic indicator word (e.g., changing
“Machine Learning” to “C++ Programming”) in prompts can adapt
AutoPBL to more context, as long as the LLM is competent in that
area or supplemented with external knowledge through techniques
such as RAG [40].

5 User Study

We conducted a user study to evaluate AutoPBL’s effectiveness in
supporting self project-based learning (SPBL). This study focused
on the following three research questions:

RQ1. Can AutoPBL improve learning outcomes in SPBL?

RQ2. Does AutoPBL promote beneficial learning behaviors and
metacognition?

RQ3. How do learners perceive (different features in) AutoPBL?

We included a baseline condition to compare the effectiveness
of AutoPBL with current SPBL practices. Participants were tasked
with learning machine learning (ML) through two projects, one
under each condition. An online coding workspace was provided
for all the code-related tasks. We evaluated the learning process
and outcome through quizzes, questionnaires, and semi-structured
interviews during the experiment sessions.
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3 Text Vectorization in Natural Language Processing (NLP)

In natural language processing (NLP), computers need a way to
understand and work with text data. However, computers don't
“understand" language the way humans do. To make text
understandable to a machine, we must transform it into a numerical
format, as computers work with numbers. This process of converting
text into numbers is called “text vectorization”.

What is a Vector?

A vector is simply an array or a list of numbers. In the context of text,
we take words, sentences, or even entire documents and convert them
into vectors. Each vector represents the text numerically so that the
computer can process and analyze it.

Why Vectorize Text?

When we convert text into vectors, the text can be used as input to
machine learning models. For example, a model might predict the
sentiment of a sentence, classify a document into categories, or even
generate new text.

Some key reasons for vectorizing text are:

« Computational Efficiency: Algorithms can more easily process and
analyze numerical data.

« Quantifying Text: It allows text to be represented in a structured
format where similarities, patterns, and differences can be detected.

Common Text Vectorization Techniques
There are several methods to convert text into vectors. Each has its

own strengths and is used based on the task at hand. The most
common techniques include:
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Figure 5: Illustration of Baseline condition. In the Baseline condition, participants followed static tutorials and were supported
with an LLM chatbot attached to OpenAI’s GPT-40 API (same as the API used in AutoPBL).

The study involved 29 participants new to ML. To facilitate fair
comparison, we adopted a counterbalanced user study design (see
Fig. 6). The entire procedure lasted about 3.5 hours, with partic-
ipants receiving compensation equivalent to 50 US dollars. The
following sections detail the experiment setup, participant recruit-
ment and filtering, study design, and evaluation.

5.1 Experiment Setup

Before our user study, we validated that the AutoPBL generation
flow could support the two selected projects. We then designed
a Baseline condition to compare with AutoPBL and prepared a
programming workspace for all participants.

5.1.1 Machine Learning Projects. We selected two projects for the
user study based on the following criteria: (1) they should be widely-
used entry-level machine learning projects, ensuring GPT-4o is
capable of generating tutorials and answering questions accurately,
and (2) the projects should differ significantly in task type and
concepts involved, preventing repetitive learning experiences. After
reviewing several options, we chose Digit Recognition and Spam
Classification.

Digit Recognition involves implementing a convolutional neural
network (CNN) to classify handwritten digits in the MNIST dataset
[16], while Spam Classification requires using a support vector
machine (SVM) to separate spam from ham messages in the SMS
Spam dataset [3]. These projects are commonly included in beginner
machine learning courses like Stanford CS229'%, They represent
two different domains in Al - computer vision and natural language
processing, and use different models: CNN and SVM, respectively.

Zhttps://cs229.stanford.edu/

5.1.2  Technical Evaluation. To examine GPT-40’s competence on
the two projects, we used AutoPBL prompts to generate tutorial and
checkpoint questions, with five novice learner volunteers learning
with the materials, resulting in 291 content blocks. As all partici-
pants’ native language is Chinese, the main content of the tutorial
was prompted to be in Chinese (same in the formal study). Two
researchers reviewed the content and found that 94.8% of the blocks
did not contain errors. There are two types of errors. One is gener-
ating irrelevant questions that misreference previous blocks. For
example, GPT-40 occasionally asks learners about the history of
CNN when learners have progressed to the algorithm details. An-
other is overlooking learners’ over-generalization in its assessment.
For example, towards the question “How does SVM work?” GPT-40
may accept “By classifying data accurately” as correct. We assumed
that these two types of errors stem from LLM’s weakness in long-
context generation [45] and being critical [85]. We asked the users
to press the regenerate block button as a quick repair measure when
these errors occur in the user study.

5.1.3 Baseline Condition. To compare AutoPBL with typical SPBL
workflow, we designed a Baseline condition. In this condition, learn-
ers followed static project tutorials and used a standalone ChatGPT
for assistance (Fig. 5). We first generated a fixed tutorial framework
for each project to ensure content consistency between AutoPBL
and Baseline. Then, using the same content generation prompts as
in AutoPBL (see Appendix F.2), we instructed GPT-4o to generate
the tutorial content, which was then compiled into a webpage. For
a unified experience with LLM support, we provided access to GPT-
4o through an LLM chatbot frontend that resembles the ChatGPT
interface.
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Figure 6: We adopted a counterbalanced design with four groups, where participants completed SPBL on two projects under both
conditions in different orders. Twenty-nine participants were randomly and equally assigned to these groups and completed
two study sessions based on their group assignment. A quiz, questionnaire, and interview followed each session. For the
learning outcome comparison, we used only the results from the first session to remove the influence of learning gains. We
combined data from all groups and sessions for subjective and behavioral analysis. We believe the counterbalanced design

mitigates the impact of irrelevant variables.

5.1.4  Programming Workspace. In both AutoPBL and the Baseline
condition, participants completed their programming tasks using
Jupyter Notebook, an interactive programming tool ideal for begin-
ners. The service was hosted on our server. All necessary packages
and GPU drivers were pre-installed to streamline the experiment
process.

5.2 Participants

We recruited 32 participants from campuses through advertisements
on social media. Three dropped out at the entry stage for scheduling
conflicts, leaving 29 valid participants (17 male, 12 female) with an
average age of 20.5 years (std = 3.9).

Participants were required to have basic Python programming
and debugging skills and prior knowledge of linear algebra and cal-
culus. To ensure this, we validated their self-reported qualifications
with three questions (See Appendix A.2), all of which had to be
answered correctly.

We excluded applicants with prior knowledge of the project
topics. They were asked to report any machine learning experi-
ence and solve four multiple-choice questions on related concepts
(See Appendix A.3). We filtered out those who 1) had experience

with machine learning projects, 2) explored relevant topics, or 3)
answered more than one multiple-choice question correctly.

Participants also completed a 5-point Likert scale survey on their
confidence in self-directed project-based learning (SPBL) and their
proficiency in using LLM chatbots like ChatGPT for learning sup-
port (see Appendix A.1). Confidence was moderately low (average
= 2.3, std = 0.6), and chatbot usage proficiency was neutral (aver-
age = 3.0, std = 0.89). There was no significant difference between
the four experimental groups (see the following section) in SPBL
confidence (one-way ANOVA, same for next, p = 0.92) or chatbot
usage tendency (p = 0.88).

5.3 Study Design

The main challenge in our study design is the inevitable changes
in knowledge state and fatigue levels after each SPBL session. To
address this, we used a counterbalanced design where participants
worked on two projects in two SPBL conditions but in varied or-
ders. Participants were randomly assigned to one of four groups,
determined by the order of using the two conditions and learning
two projects.
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As illustrated by Fig. 6, this design allows for a fair comparison
between AutoPBL and the Baseline condition. By using only the re-
sults from the first session, we ensure an even-handed comparison
of learning outcomes, as participants started as complete novices.
For subjective and behavioral analysis, we combined results from
both the first and second sessions, relying on the counterbalanced
design to minimize the impact of irrelevant variables such as knowl-
edge changes and fatigue.

5.4 Procedure

Out of twenty-nine experiments, six were conducted in person and
twenty-three via video conference due to participants’ difficulty
traveling on-site. Online participants were required to find a quiet,
interruption-free environment, while on-site participants were pro-
vided with private office rooms. All experiments were conducted
on participants’ personal computers with internet connection. We
obtained participants’ consent to record audio and screen activity
during each session.

At the start of the first session, we introduced the Jupyter Note-
book, ensuring participants understood how to write, run, and
organize code cells. Next, we introduced the learning condition. In
AutoPBL sessions, participants were guided through AutoPBL’s key
features—such as tutorial block generation, checkpoint questions,
integrated virtual TA, and the table of contents in the sidebar. In
Baseline sessions, we sent participants URLs for the static tutorials
and LLM chatbot and asked them to learn at their own pace. Using
external resources was allowed for both sessions as long as we were
informed. At the start of each session, we emphasized that the goal
was to 1) complete the project and 2) learn through the process.
They were also informed of a closed-book quiz after the session.

Sessions ended once participants completed the projects (con-
firmed by the correct visualization of validation) and felt they
learned everything they could. AutoPBL sessions typically lasted
about 110 minutes, including GPT-40 API response time (around
25 minutes per participant), while Baseline sessions averaged 58
minutes. After each session, participants took a quiz, filled out
the questionnaire, and participated in the interview. A minimum
15-minute break was required between sessions to allow for some
rest.

5.5 Evaluation
5.5.1 Evaluation Metrics.

Quizzes. To assess the learning outcomes of the two SPBL ses-
sions, we invited a teaching assistant from the university’s CS
department to design quiz questions. He crafted ten questions for
each project: four on conceptual knowledge, three on execution
interpretation, and three on machine learning cognition. Of the
ten questions, seven were single-choice, and three were multiple-
choice. All of the questions assess learners’ understanding of con-
cepts or practical skills. The questions were reviewed and refined
to eliminate ambiguity and errors. The final version of the quizzes
is provided in Appendix B. We examined the static tutorials for
Baseline and the AutoPBL tutorials generated in technical evalua-
tion in 5.1.2 and ensured that everything tested by the quizzes was
covered in tutorials.
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Questionnaires. To gather quantitative data, we used a question-
naire consisting of three (for Baseline) or four (for AutoPBL) sec-
tions. The first section focused on perceived learning outcomes,
including understanding concepts, practical skills, and machine
learning as a whole. Five questions on metacognition in LLM-
assisted SPBL assessed the quality of human-Al interaction and
confidence in future learning ML with LLMs, drawing partially
from the work by Zheng et al. [91]. Furthermore, we used NASA-
TLX to measure cognitive load during the learning process and
adapted usability questions from previous research [80] to evaluate
user experience. For AutoPBL sessions, we added a section where
participants rated their preference for various features of Au-
toPBL and assessed the clarity and effectiveness of checkpoint
questions. All ratings were done on a 7-point Likert scale. The
questionnaire’s content is presented in Appendix C.

Semi-structured interview. After each experiment session, we
conducted a semi-structured interview to gather participants’ feed-
back on their perceived gains and learning processes. We began by
asking about their perceived gains in knowledge, practice, and gen-
eral understanding (RQ1). Next, we asked them to reflect on their
learning process, including workflow, interactions with the LLM,
and mental state (RQ2). Finally, we asked about their overall learn-
ing experience, focusing on the effects of specific AutoPBL features
(RQ3) and any challenges they faced. After the second session, par-
ticipants also compared the two learning experiences. We further
explored additional topics, such as applicability to a broader range
of learning activities and potential improvements, when raised by
participants. The interview questions are in Appendix E.

Behavioral Analysis. As noted by Ma et al. [91], the primary data
for behavior analysis in PBL sessions with ChatGPT comes from
the interactions with the LLM counterpart. Thus, we exported all
inquiry records from both the AutoPBL and Baseline sessions to Ex-
cel for behavioral analysis. Two researchers reviewed the inquiries
of four participants together and generated codebooks based on
inquiry content and motivation (see Appendix D). We treated the
attempts at formulating a query during the prompt adjustment
process as a single inquiry. Both researchers independently coded
all 774 user inquiries, resolving any conflicts afterward. They also
coded 719 checkpoint questions according to the taxonomy outlined
in Figure 3, resolving conflicts collaboratively.

5.5.2  Data Processing. The quiz was graded after the experiments.
Each of the ten questions was worth 1 point. Participants received
0.5 points if they missed only one correct option in multiple-choice
questions without selecting any incorrect options. Meanwhile, all
questionnaire items were presented on a 7-point Likert scale, which
we treated as continuous values for statistical analysis. All inter-
views were recorded via video conference. Transcripts were gener-
ated automatically, reviewed, edited to correct transcription errors,
organized and translated by two researchers.

5.5.3 Statistical Analysis. To assess knowledge-related learning
outcomes, we analyzed relevant results (e.g., quiz scores, perceived
gains, NASA TLX) from only the first session, as the two machine
learning projects inevitably overlapped in some of the knowledge
and concepts. For behavioral statistics, metacognition, and usability
analyses, we combined data from both sessions to compare AutoPBL
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with Baseline, as participants were evenly distributed across groups
using a counterbalanced design.

We applied within-subjects statistical tests only when examining
usability because we think it is unaffected by knowledge state
changes. We applied between-subjects statistical tests for task load,
behavioral analysis, and metacognition because we assume that, for
these three aspects, the same user during different sessions cannot
be considered the same subject due to changes in knowledge state
and fatigue. We also applied between-subject tests to the learning
outcomes because only first-session results were kept for analysis.
Normality tests were applied to each group to determine whether
to use parametric or non-parametric tests. A significance level of
0.05 was used for all analyses.

6 Results

6.1 Improving Learning Outcome

6.1.1 AutoPBL Effectively Improves Learning Outcomes by Empha-
sizing Key Learning Opportunities. In the user study, we used quiz
performance after the first sessions to directly measure learning
outcomes. As shown in Fig. 7(a), AutoPBL participants generally
scored higher on both projects than those in the Baseline condition.
Quiz scores on the four conditions followed normal distributions
(Shapiro-Wilk normality test, p = 0.09,0.92,0.72, 0.43). So we con-
ducted an unpaired t-test to compare between-subjects and found
that AutoPBL users performed significantly better in both projects
(Spam Classification p = 0.02, Digit Recognition p = 0.03).

We then analyzed the average score for each quiz question under
the four conditions. As shown in Fig. 7(b), AutoPBL outperformed
or tied with the Baseline condition on 8 out of 10 questions in both
the Spam Classification and Digit Recognition projects. Notably, for
three of the four questions where the Baseline condition scored
higher, overall scoring rates were low (below 0.5 in both conditions),
likely due to random variability. Overall, AutoPBL appears to help
learners capitalize on learning opportunities that Baseline users
may have missed.

Participants also shared insights that support our findings. Sev-
eral noted that AutoPBL encouraged reflection on concepts that
might be overlooked (P8, P9, P11, P13, P17). P9 observed that Au-
toPBL ‘keeps reminding me to summarize previous knowledge points
on my own and refine them, while P8 remarked that with Baseline,
they felt ‘the knowledge is mine, but it does not seem to have really
sunk in. Some participants felt lost when navigating the lengthy
document in the Baseline condition. P23 stated, ‘You are presented
with a large chunk of text all at once and expected to process it, which
makes it hard to settle down and focus.! In contrast, P23 described
the AutoPBL experience as, ‘It felt like progressing through levels in
a game, defeating challenges along the way.

6.1.2 AutoPBL Helps Maintain a Balanced Focus on Execution,
Learning, and Sensemaking. We also examined the subjective per-
ceived gains in the SPBL process. The learning goal in SPBL can be
divided into three components: conceptual comprehension, mas-
tery of practical skills, and understanding of ML as a whole. In
our study, participants self-reported their gains in each of these
areas. As shown in Fig. 8(a), both projects demonstrated higher
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gains across all three aspects. However, the Mann-Whitney U test
did not show statistical significance.

Evidence from user interviews revealed how AutoPBL helps
learners maintain balance across the three aspects of learning goals.
A common phenomenon observed in both previous [2, 4] and our
studies is the users’ tendency to focus on project completion (P13,
P16, P26) as P13 described their learning process in the Baseline
condition: ‘I just skip over the concepts and theories and go straight to
the goal. After looking at the goal, I skip the background information
as well and go directly to the data loading part.” In contrast, AutoPBL
motivated participants to pay more attention to key knowledge
areas (P11, P17).

Participants reported considerable improvements in their under-
standing of machine learning in both conditions (P20, P23, P24),
likely because they were all novices before the study. However,
some users acknowledged that the Baseline method did not help
them understand the procedure deeply. As P15 explained: ‘I feel
confined by what is given to me. If I'm provided with a document like
this, I just follow along unconsciously. To achieve something, I should
think about the methods I can use, rather than just following step by
step.” Mindlessly following the tutorial is a common issue in SPBL,
where comprehensive guidance limits opportunities for learners
to critically engage with the process [4, 62]. AutoPBL addresses
this by 1) keeping the overall framework visible to learners (P2, P3)
and 2) encouraging reflection on the purpose of critical steps via
checkpoint questions(P3, P26).

6.1.3 AutoPBL Fosters Success By Inducing More Efforts While Re-
ducing Perceived Cognitive Burden. We investigated the perceived
task load during the learning process using the NASA-TLX results
from the first experimental session (Fig. 8(b)). Participants gener-
ally felt they performed well when using AutoPBL. The data also
showed that AutoPBL significantly reduced frustration during SPBL
(Mann-Whitney U test, p = 0.01) and caused less mental burden.
As expected, participants needed more effort to complete SPBL
tasks with AutoPBL. AutoPBL requires users to spend more time
(average net time, removing tutorial block generation time in Au-
toPBL; AutoPBL 85 minutes, Baseline 58 minutes) and effort on
understanding and reflecting on the learning process, which ulti-
mately helps learners better achieve their goals (P9, P24). However,
AutoPBL was perceived as less mentally demanding and exerted
less time pressure. In the Baseline condition, users had to organize
their learning process (P1, P12), craft prompts to get desired as-
sistance (P26), and manage an overwhelming flow of information
(P22, P23, P27). These efforts increased their mental load, leading
to frustration and abandonment of learning goals. As P18 described
the disorganized learning experience in the Baseline condition: ‘It
feels like I just skim through it without really thinking. But when it
comes to actually doing it, I go back to look again, still don’t under-
stand it, and then just give up.” In contrast, AutoPBL offered more
beginner-friendly guidance (P2, P14). P2 remarked: ‘You don’t need
any prior knowledge; it teaches you step by step from scratch. I think
it’s an excellent platform for learning from zero.’

6.2 Changes in Behavior and Metacognition

6.2.1 AutoPBL Elicits More Positive Interactions with LLMs. Aside
from learning outcomes, we conducted behavioral analysis through
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Figure 7: (a) To directly assess the effects of AutoPBL on learning outcomes, we used 10-question quizzes as probes. Since the
two projects in the study are interrelated, we used the quiz results from each learner’s first session. The violin plot illustrates
the score distributions with 5-95 percentile whiskers. Participants using AutoPBL performed significantly better than those in
the Baseline condition across both projects. (b) We also analyzed the average score for each question. A grey line connected data
points for the same question. The AutoPBL group outperformed the Baseline group on most questions, indicating AutoPBL’s
effectiveness in helping learners grasp key learning opportunities during SPBL.
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Figure 8: We examined the subjective aspects reported by users after their first experiment sessions. (a) The perceived gains
were measured in three areas: conceptual comprehension, practical skills, and understanding of ML as a whole. AutoPBL users
generally reported higher gains. (b) We also used the NASA-TLX scale after the first session to assess cognitive load. The results
indicated that AutoPBL caused less frustration and mental demand, though it required comparable effort and physical demand
during the SPBL process. Due to the non-normal distribution of many ratings, we applied the Mann-Whitney U test. Statistically
significant ratings are marked with an asterisk (*).
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Figure 9: (a) We compared how often participants beneficially use LLM chatbots to accelerate understanding and task execution.
Each data point represents a participant’s inquiry behavior statistics across two topics. We found that user interacts significantly
more with Al to fasten their understanding. (b) We visualized the average inquiry times across different motivation types. We
found that AutoPBL promoted more inquiries by checkpoint questions. Statistically significant ratings are marked with an

asterisk (*).

a comparison of how users query LLM chatbots. We first analyzed
the frequency of beneficial inquiries, excluding irrelevant queries
and queries aimed at obtaining direct answers to checkpoint ques-
tions. A Mann-Whitney U test was conducted to assess differences
in inquiry behavior. As shown in Fig. 9(a), AutoPBL elicited sig-
nificantly more questions to accelerate understanding. From the
statistics on motivation types shown by Fig. 9 (b), we found that
while participants asked a comparable number of self-driven ques-
tions, AutoPBL elicited more inquiries via checkpoint questions.

Participants noted that AutoPBL guided them toward key areas
worth exploring, which motivated them to ask more questions (P1,
P3, P16). After using both AutoPBL and the Baseline, P16 com-
mented, ‘If the tutorial doesn’t ask me questions, I also don’t know
what questions I should ask the AL’ The integration of the LLM chat-
bot into the tutorial interface and learning context also encouraged
users to ask more questions by providing greater convenience (P2,
P25). As P25 observed, ‘Because it’s a real-time interaction, asking
questions becomes a bit more effortless. If it weren’t for this interactive
Q&A format during the learning process, I might have hesitated more
about whether to ask a question.’

6.2.2  AutoPBL Promotes High-quality Human-Al Collaboration in
SPBL and Improves Self Confidence. Beyond the frequency of seek-
ing assistance, we gathered metacognitive data on inquiry quality
determined by interaction efficiency, question depth, and task al-
location through self-ratings, as shown in Fig. 10. We found that
participants felt they asked more proper and in-depth questions

Metacognitions Comparison Between and

| asked good
questions for learning

I made more deep
inquiries
| collaborated
efficiently with Al*

1 am confident
learning ML with LLM*

1 am confident doing
SPBL with LLM

1 2 3 4 5 6 7
Ratings

Figure 10: Through metacognitive questions, we found that
AutoPBL enhanced the quality of human-AI collaboration in
SPBL. Meanwhile, participants reported higher confidence
in learning and SPBL with LLM after using AutoPBL. Statis-
tically significant ratings are marked with an asterisk (*).

and collaborated with the AT significantly more effectively (Mann-
Whitney U test, p = 0.03) when using AutoPBL.
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In addition to improving performance during the session, par-
ticipants expressed that AutoPBL enhanced their ability to ask
insightful questions (P2, P3) at the appropriate stages (P1, P9) dur-
ing SPBL. As P1 explained, ‘I think I can first ask about the general
workflow, then break it down into smaller tasks and continue asking
GPT. I've learned a strategy similar to what the platform provides.’
This sentiment is supported by a significant increase in confidence
when learning ML with LLM (Mann-Whitney U test, p = 0.05) after
using AutoPBL. However, no significant change in confidence was
observed regarding self-directed project-based learning with the
LLMs, possibly due to participants’ expressed reliance on AutoPBL
to guide the process (P5, P16).

6.3 AutoPBL’s Usability in SPBL process

6.3.1 AutoPBL Brings Generally Favorable SPBL Experiences. To
assess the overall user experience of AutoPBL compared to the
Baseline, we asked users to rate both conditions on four aspects
of usability: satisfaction, desire for future usage, ease of use, and
pleasantness (Fig. 11(a)). In all four areas, our platform was generally
preferred. We analyzed the ratings using a within-subject Wilcoxon-
ranked test, as we assumed that session order had little impact on
usability evaluation. The results showed that AutoPBL received
significantly higher ratings for ‘ease of use’ than the Baseline. The
significance aligns with our findings in Section 6.1.3, which suggest
that AutoPBL aids workflow establishment and reduces frustration.

6.3.2 AutoPBL’s Features are Generally Liked, With Room for Im-
provement. We further examined user feedback on AutoPBL’s fea-
tures by collecting participants’ ratings (Fig. 11(b)). All features
received an average rating above the neutral level (4), except for
the 20-second countdown. The rating suggests that the design and
implementation of most features achieved the desired effects. We
analyzed participant feedback from interviews to better understand
the variation in ratings. We drew three conclusions based on the
analysis. Further discussions about the lessons learned from the
results can be found in Section 7.1.

The structured block-based adaptive tutorial benefits be-
ginners but should allow more flexibility. Participants valued
features like the sidebar, block-by-block tutorials, and adaptive
learning progress. These tools helped them stay organized (P6, P12,
P20), engaged (P23), and under less pressure (P14). For example,
P12 remarked on AutoPBL’s adaptive generation: ‘You can always
know if you have absorbed the knowledge. If you haven’t, it will tell
you where to improve’ However, some wanted more freedom, such
as skipping complicated steps or content they were not interested
in (P1, P15). P1 noted, ‘Some steps you already know or don’t want to
waste time on, and you should be able to skip them.” The countdown
feature, intended to encourage engagement on tutorial content, was
criticized for not matching the actual reading time needed (P9, P15)
and for preventing goal-setting by looking ahead at checkpoint
questions (P27). Additionally, some participants preferred to read
the tutorial fully to grasp the process and challenges (P1, P4, P11,
P13).

The virtual TA is easy to use, but non-in-context inquiries
should be allowed. The virtual TA received the highest rating due
to its in-context question answering and seamless integration. The
quote-and-ask function and preset question modes made it easier
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for users to express their needs and the context of the inquiry and
receive relevant responses, boosting confidence in asking questions
(P7, P11, P12). However, some users failed to capture the difference
brought by selecting a preset question mode, leading to confusion
(P9, P21). Without switching between the chatbot and tutorial win-
dows, users felt more engaged and willing to ask questions (P6,
P10, P25). However, some participants noted drawbacks of the in-
context Q&A (P7, P13). P13 shared, ‘T wanted to work on each piece
of code one by one, but it gave me everything at once.

Appropriate checkpoint questions should appear in the
right circumstance. Participants praised the design of these ques-
tions for highlighting key learning opportunities (See 6.1.1). Partic-
ipants also noted that checkpoints and adaptive responses helped
them confirm their understanding or correct mistakes promptly
(P9, P12, P19). However, feature ratings indicated some dissatisfac-
tion. Users explained that low ratings stemmed from poorly timed,
which disrupted their learning (P6, P14, P15, P16).

We examined the effectiveness and usability of specific types of
checkpoint questions, as outlined in Fig. 3. Participants rated the
effectiveness and usability of each checkpoint they encountered.
As shown in Fig. 12, checkpoint questions on How and Why Things
Work, Application of Knowledge, and Description of Observation
were generally adequate, helping users reflect on newly learned
concepts or recent practice. However, the effectiveness of Basic
Information Retrieval and Code Completion and Explanation was
debated. Some participants felt these questions were sufficient to
inform them of the key points (P6, P17), while others preferred
more challenging, thought-provoking questions like Application of
Knowledge (P14, P19). As P14 remarked: “I prefer questions that are
a bit more open-ended, ones that encourage me to think, rather than
simply copying or imitating.” Code Completion faced criticism for
low usability (Fig. 12(b)), as participants who were new to machine
learning found it too challenging (P11, P15). In contrast, some felt
it did not adequately help them develop programming skills (P4,
P14, P21). Checkpoints on Real-world Application and Exploration
received limited praise, possibly because participants in a paid user
study setting did not need as much external motivation. Progress
Checkpoints were rated least effective, as they required minimal
thought, which was expected since they were designed to track
learner progress rather than provide direct guidance.

7 Discussion

7.1 Improving LLM-Generated Teaching
Content

All teaching materials, including tutorials for AutoPBL and Base-
line, checkpoint questions, and responses to user inquiries, were
generated using OpenAI's GPT-40 APL. While content quality was
generally acceptable, participants raised concerns about the gener-
ated content’s trustworthiness, teaching methods, and adaptability.
These issues are common in LLM-generated educational content
[12], and we propose solutions.

Building Trust through Quality Content. As we discovered
in the technical evaluation in 5.1.2 and during the experiment,
GPT-4 occasionally made mistakes in generating checkpoint ques-
tions and evaluating user responses. These errors disrupted the
learning experience (P6, P27). Meanwhile, participants with prior
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Evaluations on Usability
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Figure 11: (a) We found that AutoPBL was generally preferred for usability on all four aspects. To test the significance of this
preference, we conducted a Wilcoxon-ranked test and marked the statistically significant difference with an asterisk (*). (b) To
understand how participants perceived AutoPBL’s features, we asked them to rate their overall preference for each. The results
were visualized using a boxplot, which includes the mean value and a 5-95 percentile range.
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Figure 12: We asked participants to evaluate the effectiveness and usability of all the checkpoint questions they received. The
questions were categorized based on Fig. 3. The results for each category are presented using boxplots with 5-95 percentile

ranges.

knowledge of LLM hallucinations (P5, P7) voiced concerns about
trusting LLM-generated content. In response, we plan to integrate
human-reviewed content into future versions of AutoPBL. Possible
solutions include using Retrieval-Augmented Generation (RAG) to
reduce hallucinations [40]. Moreover, references should be directly
displayed in tutorial content and framework to improve trust in
future versions of AutoPBL.

Improving Content Organization. While LLMs can generate
accurate and readable tutoring content [12], participants suggested
improvements to make tutorials more intuitive. These included
reorganizing content, providing examples at the right points, and

offering visual aids based on topic complexity (P9, P15). We be-
lieve these enhancements can be achieved through RAG and more
advanced multi-agent system designs.

Adapting Teaching Methods to Learners’ Knowledge States
and Habits. We also realized the need to tailor content to users’
knowledge states and learning habits. Some participants preferred
shorter content (P29) and iterative responses to their inquiries (P7,
P13). However, LLMs tend to offer comprehensive answers [42],
which may perform well on productivity-oriented benchmarks
but do not always suit individual learning habits. Some users also
reported that the checkpoint questions were too easy or difficult
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(P15, P19). We recognize the importance of explicitly modeling and
tracking mastery, a key feature of traditional intelligent tutoring
systems [1, 56]. Participants also expressed differing preferences for
checkpoint question types (see Section 6.3.1), leading us to consider
personalizing content based on self-reported or inferred learning
habits.

Crowdsourcing Evaluation of Teaching Content. Tailored
teaching is a central goal in education [46]. Achieving this requires
understanding what, when, and how to teach a specific learner.
AutoPBL shows promise in gathering user feedback on teaching
content. By combining this feedback with users’ knowledge state,
learning style, and context, we could possibly refine adaptive con-
tent generation through methods like fine-tuning.

In conclusion, our study identified challenges with LLM-
generated content in the AutoPBL system and proposed solutions.
These findings are not limited to AutoPBL but apply broadly to LLM-
supported learning. We urge the community to focus on creating
Al-generated content that better suits the learning process.

7.2 Beyond SPBL on Machine Learning

AutoPBL explores LLM-embedded PBL platforms with a focus on
SPBL and the topic of machine learning. SPBL lacks specific com-
ponents valued in traditional PBL, such as self-direction and team
collaboration, due to the nature of self-learning and reliance on
guiding materials [66, 82]. We chose machine learning as an ex-
ample because it allows for convenient progress synchronization.
This section discusses the potential for extending AutoPBL to a
broader PBL context, specifically regarding diverse learning topics,
self-direction, and team collaboration.

Adapting AutoPBL to More PBL Topics. AutoPBL is not lim-
ited to supporting machine learning or computer science projects
(see Section 4.4). As long as LLM is capable in the domain and the
project progress can be communicated to the system (through text
or other format), AutoPBL can potentially work. Participants from
mechanical and environmental engineering departments expressed
interest in using AutoPBL in their fields (P12, P29, P22). Some partic-
ipants also suggested integrating Jupyter Notebook into AutoPBL’s
interface and content generation (P19, P27), which we believe is
feasible. Similar integration can benefit other SPBL topics if the
project’s progress can be effectively synchronized with the LLM
agents.

Enabling Self-Direction on AutoPBL. A key feature of Au-
toPBL is its ability to dynamically generate content for the next
block, allowing for a flexible project path. In our user study, we
only kept the tutorial framework static to ensure equal learning
materials for all participants. However, to enable true self-direction,
we need features that allow users to modify their project paths on
the sidebar framework and adjust the direction of their next steps
after completing each block.

Supporting Team Collaboration on AutoPBL. Initially, we
did not design AutoPBL for collaborative settings. However, one
participant (P13) noted the potential for team members to use the
platform together for project work. P13 envisioned a scenario where
‘when others are responsible for writing certain functions, and you
need to use those functions, collaboration becomes necessary. AI must
not only relate to the tutorial content but also include content written
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by others. The AI can help complete a large project by referencing
teammates’ work.’ Such a feature can enable participants to identify
opportunities for team communication. P13 also suggested improv-
ing the current tutorial framework by using a tree-view structure.
This design would represent each member’s tasks as nodes and sub-
trees, allowing the team to track task allocation, individual progress,
and the timing for integrating their work.

In summary, we used empirical findings on AutoPBL as a lens
to consider its broader applicability in PBL. We identified several
areas for improvement, including supporting more topics, enabling
self-direction, and facilitating team collaboration, which will be
addressed in future work.

7.3 Limitations

First, we evaluated AutoPBL specifically in the context of machine
learning. While we demonstrated its effectiveness in ML, further
work is needed to confirm whether these results generalize to other
SPBL domains, such as programming language learning, software
usage, surgery operations, or cooking. Different learning goals may
require adjustments to AutoPBL’s features. Although the implemen-
tation framework is designed to be generalizable, we have not yet
systematically examined AutoPBL’s performance in areas where
LLM knowledge is limited. If the generated content is subpar, we
remain uncertain whether simple RAG methods would sufficiently
enhance it.

Second, we restricted the participants to novice learners to facili-
tate a fair comparison of learning outcomes. However, in real-world
SPBL, learners may have varying levels of prior knowledge. For
instance, a computer science professional might use SPBL to learn
a new programming language. We did not examine whether Au-
toPBL’s effectiveness for beginners can be generalized to learners
with higher prior expertise.

Third, we focused primarily on participants’ inquiry behaviors
for behavioral analysis. While other behaviors could be studied,
they are challenging to capture. For example, in pilot studies, we
attempted to use a think-aloud protocol [18] but found that speak-
ing interfered with the learning process, and users typically forgot
to talk. We also tried analyzing screen recordings but found that
the behaviors captured were too ambiguous for us to examine. For
example, it was difficult to distinguish whether participants were
carefully reading a tutorial or distracted. To further investigate
AutoPBL’s behavioral impact, we need to collect additional infor-
mation, such as eye-tracking [27] or other physiological data [28],
without disrupting the learning process.

Additionally, due to time constraints and the long timespan re-
quired for SPBL, we conducted only a lab study with 29 participants.
As a result, some of our quantitative evaluation results were not
statistically significant. We expect more robust results with more
participants. To this end, we plan to deploy AutoPBL across multiple
university courses in the following semester to gather more empir-
ical data. Additionally, we aim to test for changes in metacognitive
skills through extended learning sessions across various topics.
We will also focus on shifts in internal abilities, such as creativity,
critical thinking, and problem-solving, which previous research
suggests are also vital benefits of traditional PBL [22].
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Finally, AutoPBL relies on relatively heavy GPT-40 API usage. In
our study, the cost per learning session generally falls in the range
of $2 to $3. While this is not overly prohibitive, we are actively
seeking ways to systematically reduce the LLM usage of AutoPBL
to lower cost and waiting time.

8 Conclusion

We introduced AutoPBL, a self project-based learning platform that
provides guidance and support with systematic and responsible
integration of LLM. By clarifying current priorities and providing
timely assistance, AutoPBL improves learning outcomes and elic-
its better learning behaviors and metacognition. A user study in
which 29 beginners learned through ML projects shows that our
platform makes self-PBL more effective. AutoPBL helps learners
stay engaged, organized, and motivated during the learning process.
We hope our work will inspire future research and development
of LLM-integrated project-based learning tools and platforms that
can make effective PBL ubiquitous.
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A Participant Recruitment Materials
A.1 Self-report Items

In the participant recruitment questionnaire, we asked the partici-
pants to report on the following items:

(1) Have you taken any courses related to analysis, and are you
familiar with the calculation of derivatives, partial deriva-
tives, and similar concepts?

(2) Have you taken any courses related to linear algebra, and

are you familiar with basic matrix operations and vector

operations?

Can you program in Python?

Have you ever run any machine learning program before?

Rate your confidence in following a tutorial to complete an

introductory-level machine learning project on a scale from

1 to 5 (1 for no confidence at all, 5 for complete confidence).

Rate your ability to use ChatGPT on a scale from 1 to 5 ( 1

for never used before, 5 for highly proficient).
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A.2 Validation Questions on Pre-requisites

Q1 - Given a function y represented by the following linear
combination:
y = wl-x1 + w2-x2
Another function, L is the squared difference between y
and a constant t:
L =1/2 % (y-t)-(y-t)
Find the partial derivative of L with respect to wil.
A) x1(y-t)
B) -x2(y-t)
C) -0.5%x1(y-t)
D) 0.5*%x2(y-t)
Answer: A

Q2 - Given two vectors A=(3,-2,5) and B=(1,4,-3), find their
dot product.

A 5

B) -20

c) -12

D) 18

Answer: B

Q3 - Point out the bug type:
File "D:\Lab\PBL\spam_test_0823\main.py", line 61, in
synonym_replacement word to replace =
random. choice(random word list)
File "D: \Miniconda\envs\pbl-test\Lib\random.py", line
373, in choice, raise IndexError('Cannot choose from an
empty sequence' ) IndexError:Cannot choose from an empty
sequence
A) Attempting to read a null reference.
B) An index error occurred because random_word_list is an
empty list.
C) Attempting to access word_to_replace before it is defined.
D) The random.choice() function does not accept a list as
input.
Answer: B

A.3 Testing Questions on Prior Knowledge of
Machine Learning

Q1 - Which of the following methods are commonly used to
mitigate overfitting?

A) Reducing the number of model parameters

B) Increasing model depth
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C) Using regularization

D) Reducing the amount of training data
E) Self-supervised learning

Answer: A and C

Q2 - Please select all the correct options from the
following descriptions about machine learning:

A) Support Vector Machines (SVM) can effectively classify
non-linearly separable data using a kernel function.

B) In decision trees, the closer a feature is to the root
node, the more information it contains for classification
and the higher its discriminative power.

C) Support Vector Machines (SVM) perform poorly in
high-dimensional data and are, therefore, only suitable for
classification in low-dimensional data.

D) Principal Component Analysis (PCA) can reduce the
dimensionality of input data, thereby reducing computational
power consumption.

E) One of the reasons for the success of deep learning is
that neural networks can learn features automatically.
Answer: A, D, and E

Q3 - In deep learning, the learning rate is an important
hyperparameter. Please select all the correct statements
regarding the learning rate from the following options:

A) The learning rate refers to the proportion of samples
involved in gradient computation during a single
backpropagation.

B) A higher learning rate may cause difficulties in the
convergence of the training process.

C) A lower learning rate makes it less likely for the model
to converge to a local optimum.

D) Modern optimization algorithms like Adam and AdamW can
adjust the learning rate adaptively to some extent.

E) Although the optimal learning rate needs to be found
through multiple trials, in general, setting the learning
rate to 1e-4 is a good starting point.

Answer: B, D, and E

Q4 - Skip connections (residual connections) are widely used
in various neural network architectures. Please select all
the correct statements about skip connections from the
following:

A) Skip connections aim to address performance issues in
deep neural networks.

B) In this context, "residual" refers to the result of
subtracting the output value of a layer from its input value.
C) The theoretical basis of skip connections is that neural
networks struggle to learn the identity transformation
during training.

D) Skip connections are widely used in recurrent neural
networks (such as RNNs and LSTMs).

E) Skip connections are an important part of the Transformer
architecture.

Answer: A, C, and D

B Quiz Questions
We present the questions used in the closed-book quizzes to assess
learning outcomes here.

B.1 Spam Classification

Q1 - In spam detection, which text vectorization technique
should we use to consider the frequency of a word in the
corpus?

A) Word Embedding

B) Bag of Words

C) TF-IDF

D) One-Hot Encoding

Answer: C

Q2 - Which option best describes how SVMs work?
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A) Maximizing the number of support vectors.

B) Finding a hyperplane with maximum margin.

C) Finding a support vector that minimizes its distance from
other samples.

D) Minimizing the distance between support vectors and other
samples.

Answer: B

Q3 - Suppose you have a dataset containing 1000 samples and
5000 features. You split the dataset 80/20 into a training
set and a test set. Which of the following descriptions
about the shape of the datasets after the split is correct?
A) Train set: (1000, 4000), test set: (1000, 1000)

B) Train set: (800, 5000), test set: (200, 5000)

C) Train set: (800, 1000), test set: (200, 1000)

D) Train set: (800, 4000), test set: (200, 1000)

Answer: B

Q4 - When using a Support Vector Machine (SVM) for text
classification, which of the following descriptions about
linear kernels is correct?

A) Linear kernels are suitable for data that cannot be
linearly separated in high-dimensional space.

B) Linear kernels have relatively low computational
efficiency and are suitable for handling complex non-linear
relationships.

C) Linear kernels are suitable for data in high-dimensional
feature spaces, especially when the number of features far
exceeds the number of samples.

D) Linear kernels perform poorly in text classification
problems and are generally less effective than polynomial
kernels.

Answer: C

Q5 - John is applying for PhD and does not want to have any
message related to the application process sent to the spam
box. Which metric of the spam detection algorithm concerns
John the most?

(We define spam messages as positive samples in this
question)

A) Accuracy

B) Recall

C) Precision

D) F1 Score

Answer: C

Q6 - Which line of code can generate predictions using a
trained model?
A) predictions
B) predictions
C) predictions
D) predictions
Answer: A

model.predict(X_test)
model . transform(X_test)
model.fit(X_test)
model.score(X_test)

Q7 - Which of the following statements about grid search is
correct?

A) Grid search optimizes the model by randomly choosing
hyperparameter combinations.

B) Grid search is capable of optimizing several
hyperparameters simultaneously.

C) Grid search is suitable only for optimizing linear models.
D) Grid search can only be used to optimize the
regularization parameter C.

Answer: B

Q8 - Which of the following factors should be considered
when choosing the kernel function of SVMs?

A) Whether the dataset can be linearly divided

B) The size of the dataset

C) The number of support vectors needed

D) The computing resources needed

Answer: A, B, and D

Q9 - Which of the following feature engineering practices
might work in spam detection?
A) TF-IDF
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B) Choosing the most frequent word as the main feature
C) Using the existence of certain words or phrases as a
feature

D) Using the length of the message as a feature

Answer: A, C and D

Q10 - Which of the following lines of code can be used to
pre-process data for spam detection?

A) datal'message'] = datal'message'].dropna()

B) datal'message'] = datal'message'].fillna(-1)

C) X = TfidfVectorizer().fit_transform(X)

D) X = MinMaxScaler().fit_transform(X)

Answer: A, C

B.2 Digit Recognition

Q1 - What is the primary function of the convolutional layer
in a Convolutional Neural Network (CNN)?

A) Extracting features

B) Reducing feature dimensions

C) Reducing overfitting

D) Introducing non-linearity

Answer: A

Q2 - Why are the images in the MNIST dataset 28x28 pixels?
A) 28x28 is the optimal kernel size.

B) Smaller images reduce the computational load.

C) Most handwritten digits are easier to recognize in 28x28
images.

D) 28x28 is the optimal input shape of CNNs.

Answer: B

Q3 - What does data augmentation do?

A) Increasing the amount of training data.

B) Speeding up the training process.

C) Increasing the number of parameters in the model.
D) Making the model converge faster during training.
Answer: A

Q4 - Which line of code normalizes image data?
A) x = x.view(-1, 64%7%&)

B) x = F.relu(self.convi(x))

C) torch.nn.functional.normalize(x, p=2.0)

D) x = x / 255.0

Answer: C

Q5 - Which of the following statements about cross-entropy
loss is correct?

A) Cross entropy loss is unsuitable for binary
classification.

B) Cross entropy loss has been implemented in PyTorch as
torch.nn.MSELoss.

C) Softmax cannot be applied before calculating
cross-entropy loss.

D) Cross entropy loss is used in image classification
instead of MSE loss because it better distinguishes the
difference between classes.

Answer: D

Q6 - If a model trains very slowly, with very small (almost
zero) gradient updates in each batch, what is the most
probable cause?

A) Unsuitable activation functions.

B) Improper regularization techniques.

C) The learning rate is too low.

D) The learning rate is too high.

Answer: A

Q7 - Which of the following terms best describes the case
where a model performs poorly on both the train and test
sets?

A) Underfitting

B) Generalizable

C) Overfitting

D) Regularization

Answer: A
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Q8 - Which of the following components make up CNNs?
A) Fully connected (or linear) layers

B) Convolutional layers

C) Recurrent layers

D) Pooling Layers

Answer: A, B, and D

Q9 - Which of the following metrics is suitable for the
MNIST dataset?

A) Accuracy

B) Area under curve (AUC)

C) Mean absolute error

D) Confusion matrix

Answer: A and D

Q10 - Which lines of code update model parameters?
A) optimizer.step()

B) loss.backward()

C) model.zero_grad()

D) model.fit(X_train, y_train)

Answer: A and D

C OQuestionnaire

We presented the participants with a questionnaire to collect their
quantitative subjective feedback. All the questionnaire questions
were asked on a 7-point scale.

C.1 Perceived Gains

1 for I have learned nothing, 7 for I have learned a lot.

(1) Conceptual Understanding
(2) Practical Skills
(3) Understanding of ML as a whole

C.2 NASATLX
1 for very low, 7 for very high

(1) How mentally demanding was the task?

(2) How physically demanding was the task?

(3) How hurried or rushed did you feel during the task?

(4) How successful do you think you were in accomplishing the
task?

(5) How hard did you have to work to complete the task?

(6) How insecure, discouraged, irritated, or stressed did you feel
during the task?

C.3 Metacognition on Learning ML with LLMs
1 for strongly disagree, 7 for strongly agree

(1) T'asked good questions for learning.

(2) I made many deep inquiries

(3) I collaborated efficiently with Al

(4) I am confident learning ML with LLM

(5) I am confident doing self project-based learning with LLM

C.4 Usability

1 for strongly disagree, 7 for strongly agree

(1) I am satisfied with the general experience.
(2) I want to use it in the future.

(3) It is easy to use.

(4) It was a pleasant experience.
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C.5 Feature Usability (for AutoPBL)

We asked participants how they liked the following key features (1
for no use at all, 7 for highly useful): (1) Sidebar Table of Contents, (2)
Bite-sized Blocks, (3) Adaptive Content, (4) Checkpoint Questions,
(5) 20-second Countdown, (6) Virtual TA, (7) Quote & Ask, (8) Preset
Inquiry Modes.

D Inquiry Behavior Analysis Codebook

We present the codebooks for inquiry behavior analysis. Table 2 is
the codebook for inquiry content, while Table 3 is for the motivation
behind inquiries.

E Interview Script

In the post-session interviews, we asked participants the following
questions:

(1) Can you evaluate your recent learning experience? What
knowledge do you feel you have gained? What skills have
you acquired? Have there been any changes in your under-
standing or perception?

(2) Please evaluate the SPBL process. How did you carry out
your PBL learning? What was your internal state during the
process? What did you do with the LLM chatbot?

(3) Do you think the recent method was effective? How did you
feel while using it? Which features helped you the most in
completing the project and learning? Which features con-
fused you?

(4) How does the experience of using AutoPBL compare to the
combination of tutorials + ChatGPT? What aspects were
better? What aspects were worse?

F Prompts
F.1 Project Designer

Agent Functionality: Generate the framework (steps and sub-steps)
of a project based on the learner’s needs and profile.
System Prompt:

"role": "You are an expert in project-based learning. You

specialize in teaching AI and deep learning through

projects."

"task": "Design the framework of an AI/DL tutorial

according to the needs and interests of the learner. Take

the learner's level of knowledge into consideration in

your design."

"requirements": [
"The project must be self-contained, covering the entire
process from data processing to testing and evaluation.",
"The framework should be divided into steps, which in
turn is divided into sub-steps. For example, the step
Data Processing might contain the sub-steps
Visualization, Data Processing, and Data Augmentation.",
"The tutorial should not be about finishing a project
only. It must be designed to teach knowledge, concepts,
common practices, and tricks about the relevant field of
AL and deep learning.",
"Step @ must be an introduction to the project and what's
being taught, its background and history, and its
real-world applications. Also, explain in layman's words
what the learner will do in the tutorial.",
"Beginning from step 1, sub-step @ of each step must be
about the background and historical information in
layman's terms. Interesting anecdotes are welcomed, too.
The title must be \"Background Information\".",
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"Beginning from step 1, sub-step 1 from each step must be
related knowledge, theories, and concepts related to
this step. The title must be \"Concepts\". For example,
if the step is about defining a neural network model, go
through the basic concepts like artificial neurons, MLP,
gradients, and backpropagation.",

"You can break down each step into many (ideally 3 to 6)
sub-steps. The division can be more fine-grained. The
content of each step should be detailed and well
organized.",

"For deep learning projects, use PyTorch. For
traditional ML projects, use Scikit-Learn. The learner
is using Visual Studio Code as the IDE.",

"Whenever possible, use common, readily available
datasets in the tutorial. You must clearly indicate
which dataset to use in the overview section of the data
processing step.",

"You only need to give an overview of the steps involved
in the project. You do not need to generate detailed
contents or code for each step.",

"You must use the following JSON format: {\"title\":
(the title of the tutorial), \"step_cnt\": (the number
of steps), \"steps\": [{\"id\": (index, starts from 0),
\"name\": (name of the step), \"overview\": (a brief
overview of this step), \"sub_step_cnt\": (number of
sub-steps), \"sub_steps\": [{\"id\": (index, starts from
0), \"name\": (name of sub-step), \"overview\": (a brief
overview of this sub-step)}, ...13}, ...I1}"

F.2 Block Content Generator

Agent Functionality: Respond to the learner’s answer to the previous

checkpoint question and generate the content of the next block.

System Prompt:

"role": "You are an expert in project-based learning. You
specialize in teaching AI and deep learning through
projects.",

"task": "Given the overall framework of a tutorial and the
learner's current progress, generate the next part of the
tutorial. The purpose of the tutorial is to teach the
learner, not just to speed through the project, so you
should include the key concepts, maths, theories, and
other details in your content when appropriate."
"requirements": [

"We divide the tutorial into steps, steps into sub-steps,
and sub-steps into blocks. Blocks are bite-size pieces
that are atomic in the sense of user interaction,
meaning that the learner only needs to respond at the
end of each block. You only need to generate the next
block in the tutorial. Your block must correspond to one
sub-step of a step only and must not cover any other
sub-steps of the framework.",

"Compared to the previous block, you may stay in the same
sub-step or move into the next sub-step. You must not
skip any sub-steps. For example, you may move from step
@ sub-step @ into step @ sub-step 1.",

"There are two types of blocks: tutorial (contents of the
tutorial, including text and code) and gpt_follow_up
(follow-up to the user's answer to your questions).",
"You must generate the appropriate type of block
according to the framework of the tutorial, the current
context, and previous blocks.",

"DO NOT TEACH OR CODE DURING STEP @. THE INTRODUCTION
STEP IS ONLY FOR PROVIDING BACKGROUND AND INVOKING
INTEREST IN LAYMAN'S TERMS.",

"YOU MUST FOLLOW THE FRAMEWORK OF THE TUTORIAL. YOU MUST
NOT DEVIATE FROM IT.",

"You must ensure continuity with the previous block.",
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Category Code

Example

Understanding | Asking for an explanation of concepts or math

What is a hyperplane?

Execution

Asking for code explanation

What does the argument » means in RandomHorizon-
talFlip(p=0.5)?

Understanding | Asking directly for checkpoint question solutions (concep- | Answer this question: Why does maximizing the margin
tual)

improve generalization when using SVMs for classification
tasks?

Execution Asking directly for checkpoint question solutions (coding) | Finish the TODO sections of the code I quoted.

Execution Asking about Python package usage How can I use the forward function in PyTorch?

Execution Requesting code as specified by the user Provide an example of applying weight initialization to a
model.

Execution Asking for debug support I got this error message. What’s wrong?

ValueError: Found input variables with inconsistent num-
bers of samples: [1115, 4457]

Understanding | Asking for visualization

Visualizing a decision boundary for me.

Understanding | Asking for confirmation of statement

Is it OK to assume that most samples do not influence the
decision boundary in SVMs?

Understanding | Asking exploratory questions

Can we go deeper into the math behind the Adam opti-
mizer?

Irrelevant

Irrelevant question

Hi, how are you doing?

Table 2: Inquiry Content Codebook

Code

Example

Debug-Driven

I got this error message. What’s wrong?

ValueError: Found input variables with inconsistent numbers of samples: [1115, 4457]

Self-Driven

What does the argument p mean in RandomHorizontalFlip(p=0.5)?

Checkpoint-Driven

Answer this question: Why does maximizing the margin improve generalization when using SVMs for classification

tasks?

Irrelevant

Hi, how are you doing?

Table 3: Inquiry Motivation Codebook

"You should go a bit deeper into how the models and

algorithms work. For example, you should teach through
math and simple examples how neurons, linear layers,
convolution kernels, backpropagation, and word
embeddings work. Get into the specifics, such as how to
calculate convolution in CNNs, how to do TF-IDF, how to
calculate gradients, etc."

"Each block must have a defined purpose, and the purpose
must be chosen from one of the following - invoking
learner's interest, teaching knowledge and concepts,
explaining the step or sub-step from the top down,
setting up environment or dataset, providing the coding
for the next task, providing directions for further
exploration (such as more model architectures or tricks),
invoking reflection on what has been learned and done,
and providing code for visualizing concepts (such as
positional encoding, data augmentation, feature
engineering, etc.),"

"Each block must have one and only one purpose. You MUST
NOT mingle together for 2 different purposes. For
example, a block must not simultaneously introduce new
concepts and provide code."

"When invoking interest, provide additional background
information or even intriguing anecdotes to keep the
learner's attention.",

"When providing the coding for the next task, if the code
is related to the core part of the model or algorithm
taught in the tutorial, leave the most important parts
blank and let the learner figure out how to do it
themselves. These blanks should be marked by a comment
line in this format: #TODO: Define a Conv2d layer. When
generating the code snippet, leave out the lines of code
corresponding to the TODO comment. You may explain how
to write the code for these parts but must not give the
code to the user directly. You may provide complete code
for dirty work like data preprocessing."

"When teaching knowledge and concepts, you can give a
general direction and have the learner try to come up
with the rest. For example, you can give them an example
of how to calculate the gradient for the output layer
and let the learner try to figure out how to calculate
the gradient of the hidden layer.",

"Do not end the contents in a question. The interactive
section of the block will be dealt with later.",

"Invoke reflection at the end of each step, except for
the introduction step and environment setup step.",
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"You must use the following JSON format: {\"step\": (the
step this block belongs to), \"sub_step\": (the sub-step
this block belongs to), \"block_type\": (tutorial,
gpt_follow_up or gpt_answer), \"purpose\": (the purpose
of the block, chosen ONLY from the ones listed above),
\"needs_coding_by_learner\": (1 if this block needs the
learner to independently fill #TODO lines, 0 if this
block provides code in entirety or is not related to
code at all), \"learner_coding_task\": (If
needs_coding_by_learner is 1, explain which core parts
need to be coded independently by the learner and should
be marked as #TODO in the code given.), \"content\":
(the content of this block in text)}",

"All math formulas should be written in KaTeX format and
surrounded with dollar signs ($ or $$)."

"All hyperlinks should be written in markdown format
like this: [link text](link URL)."

"Include only one block in your response! Write one JSON
object and NOTHING ELSE. DO NOT WRITE ANYTHING OTHER
THAN THE JSON OBJECT! USE DOUBLE QUOTES (\") IN JSON!",
"You only have two options with the step and substep.
After considering the context, you can either 1) STAY
WITHIN THE SAME SUBSTEP AS THE PREVIOUS BLOCK or 2) MOVE
ON TO THE NEXT SUBSTEP AS GIVEN IN THE TUTORIAL
FRAMEWORK. You MUST NOT move to a previous substep or
skip substeps altogether."
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"When teaching the top-down overview of some pipeline or
practice, ask the learner to reiterate the rationale
behind the top-down design.",

"When presenting code, ask the learner to fill in the
blank parts and give back the complete code, ask them to
provide the results from running the code, or ask them
to explain core parts of the code given.",

"When directing further exploration, you may want the
user to report what they observed during the exploration
and ask them to explain the observed results or ask them
to provide their intended direction for the next step of
exploration.",

"When invoking reflection, ask the learner to reflect how
and why they did what they did.",

"When providing visualization, ask them what they have
seen or whether they gained a clearer understanding of
the concept being visualized.",

"YOU MUST FOLLOW THE FRAMEWORK OF THE TUTORIAL. YOU MUST
NOT DEVIATE FROM IT.",

"You don't need to ask for detailed questions every time.
Sometimes a single_choice question asking for
acknowledgment that the learner is following the
tutorial is enough.",

"Please do not ask questions that are too obvious or too
easy. You should guide the learner to think actively
when possible.",

"To provoke active thinking, do not ask the learner to
repeat or reiterate what has been taught simply. Guide
them to go deeper and think harder.",

F.3 Checkpoint Question Generator

"Do not insult the learner by asking questions with an
obvious answer already present in the contents of the
block. If you have nothing meaningful to ask, use the
single_choice option and ask for a single acknowledgment.
For example, if the block tells the user basic facts

Agent Functionality: Generate a checkpoint question based on the
contents of a block.
System Prompt:

"role": "You are an expert in project-based learning. You

specialize in teaching AI and deep learning through

projects.",

"task": "Given part of a tutorial, as well as the overall

framework of the entire tutorial, generate an appropriate

interactive section for the user to improve the outcome of

the tutorial.",

"requirements": [
"We divide the tutorial into steps, steps into sub-steps,
and sub-steps into blocks. Blocks are bite-size pieces
that are atomic in the sense of user interaction,
meaning that the learner only needs to respond at the
end of each block. You only need to generate the next
block in the tutorial. Your interactive section must
correspond to the block given to you.",
"There are two types of blocks: tutorial (contents of the
tutorial, including text and code) and gpt_follow_up
(follow-up to the user's answer to your questions).",
"Each block has a defined purpose, chosen from one of the
following - invoking learner's interest, teaching
knowledge and concepts, explaining the step or sub-step
from the top down, setting up the environment, providing
the coding for the next task, providing directions for
further exploration (such as more model architectures or
tricks), invoking reflection on what has been learned
and done, and providing code for visualizing concepts
(such as positional encoding, data augmentation, feature
engineering, etc.),"
"The interactive section must enhance the purpose and
function of the block given to you. When invoking
interests, you may ask the user to envision potential
applications or ask if they want to know more about how
the concept or technique taught can be used in practical
applications.",
"When teaching knowledge of concept, you may ask the user
to try and design their solutions and compare them to
the standard answer, or ask them questions about
theories and tricks.",
"When setting up environment, you want to make sure the
learner got the environment right.",

like what they will do in the project or what a certain
dataset contains, you only need to ask a single_choice
question for acknowledgment. In this case, the single
choice being something like \" Understood\" is enough.",
"Apart from factual questions, you may also ask about
whether the learner wants to explore some more details.",
"There are three types of user interaction section:
multi_choice (where the user may choose ONE of several
options given by you), single_choice (where the user can
acknowledge a statement given by you), and text_input
(where the user can respond by text).",

"Your output must be in one of the following JSON
formats.",

"\"multi_choice\" should follow this JSON format:
{\"interative_section_design_rationale\": (the rationale
behind the design of the interactive section), \"desc\":
(description of the multi-choice question for the user.
The question must have only one correct choice among the
several choices), \"type\": \"multi_choice\,"
\"choices\": [{\"choice_index\": (the index of choice,
starting from @), \"choice_content\": (the content of
this choice)}, ...1}"

"\"single_choice\" should follow this JSON format:
{\"interative_section_design_rationale\": (the rationale
behind the design of the interactive section), \"desc\":
(description of the single choice question for the user),
\"type\": \"single_choice\", \"choice\": (the content of
choice)}",

"\"text_input\" should follow this JSON format:
{\"interative_section_design_rationale\": (the rationale
behind the design of the interactive section), \"desc\":
(description of the question for the user), \"type\":
\"text_input\"}",

"All math formulas should be written in LaTex format and
surrounded with dollar signs ($ or $%$).,

"All hyperlinks should be written in markdown format
like this: [link text](link URL)."

"Include only one interactive section in your response!
Write one JSON object and NOTHING ELSE. DO NOT WRITE
ANYTHING OTHER THAN THE JSON OBJECT! USE DOUBLE QUOTES
(\") IN JSON!"
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F.4 Summarizer

Agent Functionality: Summarize the current progress based on the
project framework and blocks.
System Prompt:

"role": "You are an expert in project-based learning. You
specialize in teaching AI and deep learning through
projects.",
"task": "Summarize what has happened in the tutorial so
far. The framework is for reference only. If a step in the
framework is not in the context given to you, you should
not put it in the summary.",
"requirements": [
"We divide the tutorial into steps, steps into sub-steps,
and sub-steps into blocks.",
"There are four types of blocks: tutorial (contents of
the tutorial, including text and code), gpt_follow_up
(follow-up to the user's answer to questions),
user_question (the learner's questions about tutorial
contents), and gpt_answer (the answer to the learner's
questions).",
"Summarize the blocks given to you, focusing on what each
step (denoted in the block by step_index) taught, what
the learner did in that step, and what question, if any,
the learner raised during the step.",
"Be brief and concise. The output should be a list of
summaries, one for each step.",
"The framework of the tutorial may contain steps yet to
be done. Ignore these and focus on the contents of the
blocks given to you."

F.5 Code Masking Agent

Agent Functionality: Remove excess code from the content of a
block. This prevents AutoPBL from giving away the answers to
code completion tasks.

System Prompt:

"role": "You are an expert in project-based learning. You
specialize in teaching AI and deep learning through
projects.",
"task": "Given part of a tutorial, remove the lines marked
with #TODO and leave only the #TODO comment behind,
creating a code completion task for the learner.",
"requirements": [
"We divide the tutorial into steps, steps into sub-steps,
and sub-steps into blocks. Blocks are bite-size pieces
that are atomic in the sense of user interaction,
meaning that the learner only needs to respond at the
end of each block.",
"You are given a block described in JSON. Remove lines
marked with #TODO comments and keep everything else the
same. You MUST keep the JSON format the same and
everything else apart from the \"content\" field the
same.",
"You can modify the #TODO comments to explain in greater
detail what needs to be done and even link to
documentation websites for things like NumPy, sklearn,
and PyTorch.",
"Do not just comment out the lines that do the function
entailed in #TODO comments. Delete them entirely. You
must not show the learner the standard solution when
they are supposed to independently finish these parts of
the code.",
"If there are no #TODO comments in the block given to
you, keep the output the same as the JSON given to you."
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F.6 Virtual TA

Agent Functionality: A conversational virtual TA assisting the
learner.
%ystem Prompt:

"role": "You are an expert in project-based learning. You
specialize in teaching AI and deep learning through
projects.",
"task": "The learner wants to discuss some content in the
tutorial with you. You will be given the framework of the
tutorial, a summary of the learner's learner's current
progress, and the content they have questions about."
"requirements": [
"Be engaging, helpful, and ready to answer questions as
long as they relate to the tutorial. Do not give away
the full answer to a complex question right away. Guide
the learner to think first. Progressively provide more
assistance if the learner has trouble figuring out the
problem on their own.",
"If the learner deviates too much from the tutorial,
remind them to stay on track.",
"Encourage the learner when needed, such as when they
have trouble fixing a bug.",
"All math formulas should be written in LaTex format and
surrounded by dollar signs ($ or $$).",
"All hyperlinks should be written in markdown format
like this: [link text](link URL)."



