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ABSTRACT
The increasing number of computer science students pushes lec-
turers and tutors of first-year programming courses to their limits.
Existing systems that handle automated grading primarily focus
on the automation of test case executions in the context of pro-
gramming assignments. However, they cannot provide customized
feedback about the students’ errors, and hence, cannot replace the
help of tutors. Based on the research advances in recent years specif-
ically in automated program repair and synthesis, we have built
an intelligent tutoring system that has the capability of providing
automated feedback. Furthermore, we designed a Software Engi-
neering course that guides third-year undergraduate students in
incrementally developing such a system over several years. Each
year, students will make contributions that improve the current
implementation, while at the same time, we can deploy the current
system for usage by first year students for learning programming.
This paper describes our teaching concept, the intelligent tutoring
system architecture, and our experience with the stakeholders. This
software engineering project for the students has the key advantage
that the users of the system are available in-house (i.e., students, tu-
tors, and lecturers from the first-year programming courses). This
helps to organize requirements engineering sessions and builds
awareness about their contribution to a "to–be–deployed" software
project. In this multi-year teaching effort, we have incrementally
built a tutoring system for first-year programming courses.

CCS CONCEPTS
• Software and its engineering; • Applied computing → Edu-
cation;

KEYWORDS
software engineering, education, automated program repair, intelli-
gent tutor
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1 INTRODUCTION
In Computer Science (CS) education, we face the issue of the in-
creasing number of enrolments in the past years [18]. Therefore, it
becomes increasingly difficult to keep up with high-quality and in-
dividual learning support, particularly for novice students [15, 25].
Mirhosseini et al. [15] recently conducted an interview study with
CS instructors to identify their biggest pain points. Amongst oth-
ers, they identified that CS instructors struggle with no or limited
Teaching Assistant (TA) support and the generally time-consuming
task of providing student feedback and assignment grading. There-
fore, CS instructors would greatly benefit from automating tutoring
activities to support TAs in their responsibilities. Another typical
problem in CS education is the provision of Software Engineering
(SE) projects. Software engineering is typically a compulsory course
in the university’s curriculum for computer science students, and it
is often followed or accompanied by development projects, in which
students can collect hands-on experience in software development
in a team going beyond a programming exercise. Such projects
come with inherent difficulties like acquiring industry partners
and the dilemma that such software projects are often under- or
over-specified. Additionally, such projects are often one-time efforts
within one team or one course, and students cannot experience the
evolution of a software system.

In this work, we report our experience in tackling these two
problems in CS education by building an Intelligent Tutoring System
(ITS) with and for students. As a multi-year research and teaching
effort, we combine third-year SE teaching and first-year program-
ming teaching via a long-term, practical, self-sustained software
system. We use the latest research results in automated program
repair (APR), e.g., techniques like Clara [9], SarfGen [22], and Refac-
tory [10], to build such intelligent tutoring system that can be
deployed in first-year programming courses. Figure 1 shows the
general idea of such a system. It can provide automated and individ-
ual feedback for student code submissions and grading support for
tutors and lecturers. Further, we involve third-year undergraduate
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Figure 1: General idea of an intelligent tutoring system that
supports students and tutors in CS-1 programming courses.

students in the incremental development of such a system. We offer
various SE projects for the students in our advanced SE course. In
this course, the students can choose from a wide range of projects,
which essentially represent the development or extension of ITS
components. Based on the nature of the overall project, we can con-
duct requirements engineering activities (e.g., surveys, interviews,
and user studies) in-house because the various stakeholders are
available in the university context. Each student project has the
chance to contribute to the overall long-running SE project and
eventually impact the learning experience of hundreds of other CS
students. In our experience, this creates additional motivation be-
cause the effort is not lost, and they can relate to the users because
they (at some point in their studies) also faced the challenges of
learning programming. Based on our experience with around 125
undergraduate students who helped develop the system throughout
two years of teaching, the students enjoyed the course project. In
particular, they liked the potential reuse of their implementation in
the real deployment of the ITS. They also enjoyed the fact that there
is already a system, which they have to extend (i.e., also the added
complexity in understanding the already existing design and code-
base). Our user studies revealed that in the current version of the
ITS, the students and tutors benefit the most from the error localiza-
tion capabilities, which pinpoint the student’s error to the specific
lines in their submission. It helps the students find their errors and
allows the tutors quickly understand the problems in the student
submissions. In particular, for the students, the auto-generated feed-
back can help them to understand their problems and correct their
mistakes. The students reported that they see the potential of ITS
to provide automated, and hence, always available feedback. We
also received new requirements that can further help to improve
the current implementation, e.g., more error explanations and in-
tegration into other learning platforms, as well as feedback about
non-functional properties and advanced visualization and interac-
tion features. Overall, more than 78% of our participants would like
the ITS to be deployed in their next programming course.

Throughout the two years we have taught this SE course, we
learned that students prefer certain types of projects (e.g., in our
case, they preferred front-end projects and avoided the projects
about core APR capabilities), which influenced how we organized
the project selection. Further, we noticed that students benefit from
the additional help from graduate-level mentors. Our course not
only impacts the first-year programming courses in our university
but also has the potential to impact other universities which adopt
a similar teaching concept linking the teaching of software engi-
neering with the teaching of programming. In the future, we plan
to conduct more user studies to explore learning success across
university boundaries.

Core Contributions. In summary, we make the following core con-
tributions:
• We present our teaching concept that involves the incremental

development of an Intelligent Tutoring System (ITS) spanning
multiple semesters.

• We share our experience with the user (i.e., student) engage-
ments, where more than 78% of them want to see the ITS de-
ployed in their next programming course.

• We suggest a pathway for linking the teaching of software
engineering project with the teaching of programming.

Paper Structure. We first present the research background and dis-
cuss the related work in Section 2, then we describe our teaching
concept and detailed course arrangement in Section 3. Section 4
explains the overall architecture of our ITS and Section 5 high-
lights the system’s key student-facing functionalities: feedback and
grading. In Section 6 we report the results of our user study and
Section 7 discusses our insights from the ongoing deployments in
a CS-1 course. Finally, we reflect on the challenges in organizing
the course in Section 8 and share our future vision in Section 9.

2 RELATEDWORK
Capstone Software Engineering Projects. Project-based software en-
gineering courses are essential for students to get training for
professional software development skills like architecture design,
team management, software maintenance, etc. Students are often
required to work as a team to develop software either from in-
dustrial partners or simulated real-world topics via semester-long
projects [5, 7, 11, 20, 21]. However, there exist certain barriers and
challenges to this teaching setting. For example, continuously col-
lecting project topics from industry companies and establishing an
efficient communication channel between stakeholders (students
and company clients) are challenging tasks for the instructor. More
importantly, the students work on different project topics each year,
which means they usually do not have a general picture of the
entire system, therefore they cannot experience the evolution of a
software system.

In this work, our focus is presenting the idea of having an in-
house, long-running, sustainable software engineering project in
the university context. This kind of long-running SE project shares
characteristics with other community-driven course concepts [3].
Our proposed teaching concept is however novel in the sense that it
links the teaching of software engineering courses and the teaching
of introductory programming courses. This is done by developing
an intelligent tutoring system. Students not only get training for
software development but also gain exposure to the latest research
in the software engineering community.

Automated Program Repair for Feedback Generation. Automated
program repair (APR) [13, 14, 16] is a technique that is designed
to automatically provide program patches to reduce developers’
manual debugging burden. Prior research [24] has shown the pos-
sibility of applying APR techniques in introductory programming
courses. Over the last decade, a number of CS-1 specific APR tools
have been introduced to rectify programming mistakes and pro-
vide feedback for novice programmers. AutoGrader [19] takes in
a reference solution and manually-curated program error model

2
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to automatically synthesize patches for common mistakes in stu-
dents’ incorrect programs. Clara and SarfGen [9, 22] assume the
availability of multiple reference solutions and repair students’ in-
correct programs at the basic-block level by editing students’ faulty
statements with expression ingredients from reference solutions.
Refactory [10] addresses the assumption of having multiple refer-
ence solutions by using refactoring rules to automatically produce
more semantically equivalent but syntactically different reference
solutions based on a single reference solution. Verifix [1] aims to
improve the trustworthiness of generated patches and performs
program equivalence verification to guarantee the correctness of
the generated feedback. There are also works specifically designed
for repairing syntax issues in students’ submissions [2, 23], where
our ITS primarily focuses on the semantic error repair techniques,
which is one step further.

Despite these tools having shown promising results in CS-1
teaching [12, 24], their research outcomes have different focuses
that cannot be best utilized in a single system. Our Intelligent
Tutoring System represents an evolving platform that can integrate
the latest research results in APR for education.

3 EXPERIENCE IN SOFTWARE ENGINEERING
TEACHING

In this section, we first discuss our teaching concept at a high level
(Section 3.1), then share our course arrangement in detail for others
to adapt (Section 3.2).

3.1 Teaching Concept
Our teaching concept combines lectures about the foundations of
software engineering with hands-on project experience. The goal is
to deepen the understanding of software engineering and practice
the already learned principles in a realistic environment. In the lec-
tures, we teach foundations with a focus on requirements, modeling
notations, software architecture and design, software testing, de-
bugging, and foundations of static program analysis. We also teach

Intelligent Tutoring 
System

each project group focuses on one
component (short-running SE project)

students and tutors in 1st
programming courses

Deploy updated and new 
requirements

Baseline 
Codebase

Initial 
Requirements Maintenance and 

Improvements

Course

1

3

2
4

6

Oversee 
evolutionimproved and new 

components

5

Figure 2: Concept of a long-running software engineering
project that is incrementally improved by short-running
projects inside a teaching environment.

non-functional properties like performance and security aspects
of software (e.g., software timing analysis and taint analysis). The
project focuses on contributing to a more significant, long-running
software engineering project to allow the students to go beyond
programming-in-the-small. The project aims to develop a func-
tional and ready-to-use intelligent tutoring system incrementally.
Developing such a system in the context of a SE course is particu-
larly interesting because (1) the third-year students who develop
the system can relate to the users (first-year students) since they
once had to learn programming, and (2) all project stakeholders
are available in the university. The presence of stakeholders allows
embedding requirements elicitation as part of the SE project class.

Figure 2 illustrates the project evolution over multiple years. Be-
fore we started any development, we collected initial requirements
(step 1) from the lecturers of some first-year programming courses.
In step 2, we developed a baseline codebase, which included design-
ing the artifact and the desired workflow. This first version already
defined interfaces between components and provided common data
structures. The baseline also included a prototypical implemen-
tation for most of the initially planned components to test their
feasibility. Having the baseline provides the students with addi-
tional requirements like the existing architecture, which should not
be changed. On the other hand, it also provides them with existing
functionalities similar to a real-world long-running SE project.

For our third-year course (step 3), we design multiple short-
running SE projects based on the feedback from first year course
instructor in the requirement elicitation session of our course, and
these projects essentially representing the implementation variants
of existing or new components. For example, in the first year, we
mainly had projects to build program analysis capabilities. We
further designed projects to extend core features like Automated
Feedback, Automated Grading, Automated Repair in the second year.

After our course, we evaluate all projects and integrate the best
contributions into our baseline implementation (step 5). Therefore,
over the years, the baseline will grow and improve. At the same
time, we also deploy the increments of the system in its real-world
context, i.e., with users from first-year programming courses, and
collect additional feedback and requirements from students and
tutors (step 4). To keep the implementation standards high and to
ensure that our architecture and design can copewith the increasing
codebase and the possibly new and changing requirements, we
constantly maintain and improve the implementation (step 6).

Overall, our SE project course is structured so that the teaching
of SE projects is accomplished over multiple years via a real-life
SE project. This project builds an intelligent tutoring system for
teaching programming. In the first offering of the course, many
system components are not entirely built yet, but these components
get built and improved by offering the course over multiple years.

3.2 Course Curriculum
The course curriculum focuses on the main activities in SE. Fur-
thermore, we introduce selected relevant SE topics for our project,
e.g., automated program repair, static analysis, and fault localiza-
tion. Each lecture is separated into two parts: (a) the teaching of
foundations in the aforementioned areas, and (b) the teaching of
project-specific knowledge and corresponding applications.

3
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Table 1: Course assignment overview that accompanies the major project milestones.

ID Topic Details
1 Requirements Analysis & Elicitation Preparations and questions for the interview session with the customer.
2 Requirements Modeling Requirement modeling with UML Use Case and Activity diagrams.
3 Architectural Drivers and Architecture Variants Discussion of architecture variants and the requirements that influence architectural design.
4 Strategy and Project Planning Project-specific planning including a Gantt-Chart and a resource plan.
5 Detailed Design Structural and behavioral design of the students’ implementation with UML models

6 Intermediate Deliverable Towards the middle of the course, we ask the students to submit a minimal project implementation and a report
with their project plans and various models.

7 Validation (i.e., Unit Testing) Test case design and test report.
8 Presentation & Final Artifact At the end of the course, all teams need to present their project and submit their code.

9 Final Report After the presentation, the students additionally need to submit a final report, including a retrospective of their
project and design decisions.

Requirements Analysis and Modeling. The course starts with a fo-
cus on requirements engineering, their elicitation, and modeling.
Therefore, we invite stakeholders like lecturers and teaching as-
sistants from the first-year programming courses to an interview
session with the third-year students. This interview session is pre-
pared with corresponding assignments about question design and
followed up with requirements modeling exercises using UML Use
Cases. We also teach other means for requirements modeling, e.g.,
with finite state machines and sequence diagrams.

Software Architecture and Design. Afterwards, we introduce gen-
eral principles for software architecture design and modeling. The
project-specific part of the lecture introduces the existing architec-
ture and its components, including the available interfaces, which
need to be used by the students in their own implementations. We
further discuss architecture variants of the existing architecture to
discuss pro and contra of the made design decisions.

Our baseline Java implementation already provides the students
with elementary classes and functionalities, which they can and
need to reuse. To illustrate the fine-grained design, we first in-
troduce relevant design principles and patterns that occur in our
implementation. We do not give a comprehensive introduction to
design patterns because there is another dedicated software design
course in our institution. Instead, we only introduce the most rele-
vant design aspects to enable the students to work on the projects.

Project Planning and Implementation. As part of the assignments,
the students have to submit a project plan. Therefore, we also in-
troduce the basics of project planning, work package design, and
milestone and resource planning, including necessary models like
Gantt-Charts. The coding itself is a major part of the project and
is mostly supported by the mentors in project-specific meetings.
The lecture introduces general principles like Clean Code and test-
ing and debugging techniques meant to help the students in their
concrete implementation efforts.

Testing, Debugging, and Integration. As automated testing and de-
bugging is a major part of an intelligent tutoring system, we also
introduce several validation concepts and debugging techniques. In
particular, we teach foundations in test-suite estimation, functional
testing, whitebox testing, structural testing, dataflow testing, and
mutation testing. To this end, we also introduce the basics of static
analysis like control-flow graphs (CFGs) and Define-Use Analysis
(DUA). Furthermore, we discuss the basics of debugging with the
TRAFFIC principle and delta debugging and dive deeper into the
basics of static and dynamic slicing and statistical fault localization.

Towards the end of the curriculum, we also discuss integration
testing strategies and the related challenges.

Project-Specific Topics. In addition to the foundations in general
software engineering, we teach the background in automated pro-
gram repair and provide an overview of existing solutions for ITS
components. Depending on the advertised projects, we also discuss
more specialized topics like taint analysis and Worst-Case Execu-
tion Time (WCET) analysis to ensure the students have the relevant
background and material to work on their projects.

Labs and Assignments. Each week in our curriculum is accompanied
by a lecture and a lab session. The labs are used to meet in smaller
groups of students and discuss their assignments. The assignments
track the major milestones in the students’ projects (see Table 1).

Team Management. We ask the students to form groups of 3-4 peo-
ple to work on the project. We allow them to search for their team
members instead of a random assignment by the teaching team. We
prepare an ungraded Assignment 0 for the project selection, which
provides an overview and additional references for all available
projects for the specific year. Each team can bid for three projects,
while the teaching team allocates the final project. We encourage
each team to join the same lab sessions to maximize the possibility
of team interaction. Additionally, each team meets weekly with
a graduate-level mentor focusing on the team’s planning, design,
and implementation progress. The mentors also have access to the
team’s code repository to provide feedback.

The course aims for enabling the students to advance their skills
in software development and grasp a deeper understanding of fun-
damental SE concepts. All student projects eventually contribute to
an intelligent tutoring system, whose details are discussed in the
following section.

4 INTELLIGENT TUTORING SYSTEM (ITS)
The architecture and design of our intelligent tutoring system (ITS)
are inspired by existing research [1, 9, 10, 22] in this area. Figure 3
shows the overview of components and the intended workflow. All
components provide interfaces so that components can be imple-
mented independently. In the following, we discuss each compo-
nent’s purpose and illustrate the workflow. For our example, we use
the program in Figure 4a as the reference implementation that the
lecturer would provide. It is the solution for a simple assignment
that requires reading a number 𝑛 from the console and compute∑𝑛
𝑖=1

∑𝑖
𝑗=1 𝑗 , which then should be printed again on the console.

Figure 4b shows an incorrect student submission with an error in
4
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Figure 3: Illustrates the general workflow of the Intelligent Tutoring System.

the loop condition in line 7. In addition to the programs, we also
assume to have some tests, which can be used to assess the correct-
ness of the student submission. In this example, we only have some
concrete inputs of interest 𝑛 ∈ {2, 4, 10, 3, 1, 20}, and the correct
behavior can be extracted from the reference implementation.

1) Parser. The reference program and the submitted (incorrect)
program are given to the Parser component. For each program, it
generates the corresponding internal program representation. This
representation is based on the Control-Flow Graph (CFG). Finally,
the results are passed to the Syntactic Alignment component. The
objective of the Parser components is to enable the other internal
parts of the Intelligent Tutoring System to work independently
from a specific programming language. The simplified illustration
of the internal CFG-based program representation for the reference
program is shown in Figure 4c. Note that the (incorrect) student
submission has the same structure, i.e., the same number of basic
blocks, although a different content in the blocks.

2) Syntactic Alignment. The Syntactic Alignment component takes
the two Program objects and identifies the matching basic blocks.
Therefore, it aligns the two programs with regard to their CFG
representation. Moreover, it maps the existing variables for each
function inside the programs. The results can later be used to detect
(error) locations where the reference and submitted programs be-
have differently. Additionally, this information helps to attempt the
repair/fix of the submitted program by reusing information from the
reference program. Our current baseline implementation follows
the approach by [9], which attempts to match the two programs
based on their control flow and their variables. In our example, the
structure is the same, so the mapping is straightforward. Internally,
we keep a mapping for each function and its basic blocks:

𝑚𝑎𝑖𝑛 : {1 = 1, 2 = 2, 3 = 3, 4 = 4, 5 = 5, 6 = 6, 7 = 7}

To build the variable mapping, we use a Define-Use Analysis (DUA)
(also see [10]). The resulting variable matching is

𝑚𝑎𝑖𝑛 = {𝑖 = 𝑖, 𝑠𝑢𝑚 = 𝑠𝑢𝑚, 𝑗 = 𝑗, 𝑛 = 𝑁 }

3) Error Localizer. The Error Localizer component identifies loca-
tions that show erroneous behavior in the submitted program. This
enables others components to formulate a repair/fix. The Error
Localizer component has access to the Interpreter component to
execute test cases while observing the values of variables at specific
locations. It can use the Interpreter to detect semantic differences

between the reference and submitted programs. For our example,
we use a trace-based error localizer. It uses the Interpreter to execute
the inputs for both programs and compares the resulting execution
traces. For the input 𝑛 = 2, our Error Localizer identifies a value
mismatch at location 4. It also detects which variable or expression
holds the first observation of this mismatch: the loop condition in
line 7 in the student’s submission, j<=N.

4) Interpreter. The Interpreter component allows the execution of a
program in its CFG-based representation without any compilation
or execution on the actual system. It generates an execution trace
with the sequence of executed basic blocks and a memory object,
which holds the variable values at specific locations.

5) Repair. The Repair component attempts to fix the submitted
program. For example, it can use the mapping to the reference
program (see step 2) and the identified error locations (see step 3)
to generate so-called local repairs that modify single statements
in the submitted program. Multiple local repairs can be combined
to represent more complex changes. The repair process results in
a list of plausible repair candidates. It can also use the Interpreter
component to extract more information from the (correct) reference
program. For our example, we use an ILP-based repair implementa-
tion similar to [9]. It uses the reference implementation information
to search for a minimal change to transform the student’s program
into the reference program. The local repair with the smallest repair
cost is to change the condition location 6 from j <= N to j <=
i. Additionally, we already integrated other repair strategies like
Refactory [10] and particularly allow the use of multiple reference
implementations to maximize the chances of structural matching
between the student’s submission and the reference solution.

6) Feedback. With all the collected intermediate information from
previous components, the Feedback component generates a natural
language explanation to guide students to correct their mistakes.

7) Auto-Grading. The Auto-Grading component integrates recent
research on the concept graph of CS-1 programming assignment [8].
More details appear in the following section.

Note that all these components can and are developed in var-
ious variants. For example, our current baseline implementation
includes a C and Python Parser to support multiple languages. The
Error Localizer can compare execution traces for concrete inputs or
perform statistical fault localization. The Repair component can fol-
low various strategies, e.g., an optimization-based repair approach

5
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1 #include <stdio.h>
2 int main()
3 {
4 int i,j,n,sum=0;
5 scanf("%d",&n);
6 for(i=1;i<=n;i++)
7 {
8 for(j=1;j<=i;j++)
9 {
10 sum+=j;
11 }
12 }
13 printf("%d",sum);
14 return 0;
15 }

(a) Reference Program

1 #include <stdio.h>
2 int main(){
3 int i,j,N,sum;
4 sum=0;
5 scanf("%d",&N);
6 for(i=1;i<=N;i++){
7 for(j=1;j<=N;j++){
8 sum=sum+j;
9 }
10 }
11 printf("%d",sum);
12 return 0;
13 }

(b) Incorrect Student Submission

int i,j,n,sum=0;
scanf("%d",&n);
i = 1;

i<=n

printf("%d",sum);
return 0;

j = 1

True
False

j<=i

sum+=j;
j++;

TrueFalse

i++;

1

2

3

4

56

7

(c) Simplified illustration of the CFG-based
internal program representation of the
code in Figure 4a.

Figure 4: Listings and CFG used in the example to illustrate the workflow in Figure 3.

like in [9] or a synthesis-based approach like in [10]. Therefore, the
platform we are developing is not only interesting for educational
purposes but can also integrate new research advances.

5 STUDENT FEEDBACK AND GRADING
In this section, we elaborate the key student-facing functionalities
of the intelligent tutoring system:

• providing feedback to struggling student attempts, and
• auto-grading of student assignments.

Student Feedback. The ITS provides feedback to student program-
ming attempts. The feedback is a repair of the student program, vis-
a-vis the reference solution, based on the patch locations and candi-
dates produced by repair engines (e.g., Clara and Refactory [9, 10])
in our Repair components. We initially started with a pattern-based
baseline approach, where the Feedback component translates the
error type and error location using pre-defined feedback templates.
For the example in Figure 4b, the ITS produces the following feed-
back to give hints on the incorrectly used loop condition. We in-
tentionally hid the fix patch because we aimed to help the students
think instead of explicitly showing the answer.

* At line 7: Error with loop condition. Wrong variables in the
condition. Variables [i, j] should be checked in the loop condition.

However, the pattern-based approach may not be comprehensive
enough and is limited when handling multiple and sophisticated er-
rors. Therefore, we further incorporate the ability of LLM to curate
organized human-readable feedback because of their promising
performance in text generation [6]. We provide the error locations
and error types generated by Repair component as prompt ingredi-
ents and follow a few-shot prompting strategy [4] to tune the LLM
(e.g., ChatGPT) to produce feedback as a human tutor.

Automated Grading. Test-suite based automated grading suffers
from the problem that a small mistake by the student can cause
many test cases to fail. To provide better support for tutors, we inte-
grate an auto-grading capability, which aims to test the conceptual
understanding of the student and awards grades accordingly [8].
This is achieved by constructing a concept graph from the student’s

No experience

Professional 
Experience

3
4
1

1
2

5
7

0 2 4 6 8

5
4
3
2
1

Tutoring Experience Students' Programming Experience

Figure 5: Participants’ Self-Assessed Experience

attempt and comparing it with the concept graph of the instruc-
tor’s reference solution. The aim is to automatically determine
which of the ingredient concepts being tested by the programming
assignment are correctly understood by the student.

Given the instructor-provided reference solutions and students’
incorrect solutions, we apply the abstraction rules to convert stu-
dents’ concrete implementation to conceptual understandings and
compare them against the conceptual requirements in reference so-
lutions. Based on the result, the Auto-Grading component generates
a grading report for the tutor. It assesses the student’s submission
by their missing or improperly used programming concepts to
address the over-penalty issue [8] in the conventional test-based
assessment.

6 EXPERIENCE IN CS-1 TEACHING
After a year of course iteration and system development, we suc-
cessfully developed an end-to-end ITS that automatically generates
customized feedback for students and tutors, and we also deployed
the ITS into our institute’s programming teaching platform, which
will serve hundreds of students each semester. In this section, we
share our initial experiences of using the ITS from the viewpoint
of our customers – students and tutors based on two institutional
review board (IRB)-approved studies.

6.1 Study Methodology
Participants Background. In total, we recruited 15 students and 8 tu-
tors from the CS-1 programming courses at our institution. The
students are all from the same programming course. We sched-
uled the study in the middle of this course so that the students

6
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already obtained fundamental programming knowledge but are
still in the progress of learning programming. Therefore, we have
an interesting scenario where the ITS is deployed to students with
little programming experience (see Figure 5). Our tutor participants
are senior undergraduates from CS-1 programming courses. Based
on their self-assessment, we had experienced tutors who, have
prior experience of tutor duty at least once. All participants were
compensated with $10.

Study with Students. The student study focused on understanding
how the ITS can help students. Therefore, we conducted a con-
trolled experiment and, based on their experience (see Figure 5),
we equally divided the student participants into two groups, A
and B. The participants are instructed to solve programming tasks
using an institution-internal submission system that allows them
to run provided test cases. For each task, they had 20 minutes and
were allowed to make any number of submission attempts. Addi-
tionally, group A had access to the ITS, i.e., these students were
able to receive additional feedback. Before they started with the
programming tasks, we briefly introduced the ITS to ensure they
could use it. Overall, the study was structured in three parts: (1) a
background survey, (2) the programming tasks, and (3) a feedback
survey. Through parts 1 and 3, we collected additional expectations
and feedback for the ITS. So that the students from group B also can
provide feedback on the idea of an ITS, we provided group B with a
brief introduction to ITS after they solved their programming tasks.
After the study, we clarified any related questions for both groups.

Study with Tutors. The tutor study focused on understanding the
needs of tutors and their feedback on the current deployment of
the ITS. The study was structured in three parts: (1) a background
survey, (2) the grading of programming tasks with the help of the
ITS, and (3) a structured interview about their experience. After
part 1, we also provided tutors with a brief introduction to the ITS.

Programming Tasks. We have chosen four entry-level programming
tasks covering various programming topics. Table 2 shows the
details of each task and their respective topics. We selected these
programming tasks for two reasons: (1) they were taken from past
mid-term exams of the CS-1 course, which accurately represent
the practical challenges students may face, and (2) they followed
the weekly course curriculum, which teaches new programming
concepts to students.

Table 2: Subjects of programming tasks in our surveys

Tasks Description Topic

Remove Extras Remove duplicate elements from tuple For loop, Tuple ma-
nipulation

Reverse String I Iteratively reverse a string For loop, String ma-
nipulation

Reverse String II Recursively reverse a string Recursion

Reverse Numbers Iteratively reverse an integer While loop

6.2 Result Analysis
We recorded the submitted solutions and their timestamps for each
programming task of non-duplicate students’ attempts. Students

were considered to have solved a task if their attempts passed all test
cases. In total, we received 128 attempts for the four programming
tasks; 65 by Group A and 63 by Group B. For all open-ended ques-
tions, we conducted a qualitative content analysis coding [17] that
summarizes the themes and opinions. First, one author performed
the analysis and coding steps; afterwards, another author reviewed
them. Finally, after a discussion, we completed the analysis.

6.3 User Evaluation Result for Students
Students’ Expectations. Based on the Background (Part 1) survey,
we identified the main challenges for novice programmers and their
expectations for an ITS (see Figures 6a and 6b). Their general un-
derlying difficulties in learning programming are (1) understanding
programming tasks and starting to program, (2) debugging the code
and rectifying identified errors, (3) translating their own solution
strategy into actual code, (4) having trouble with the syntax of a
specific programming language, and (5) getting the program right
in the first place. In addition, we asked the students more specif-
ically about the difficulties the ITS can address. Generally, they
confirmed that their main difficulties are with (1) figuring out what
goes wrong in the program and (2) finding the error location. Only
half of them (7/15) mentioned that identifying a fix is a problem.

Students’ Performance. Table 3 presents the quantitative results of
the students’ performance in the two controlled groups. Specifically,
we focus on students who failed on their first attempt. The second
column represents the average number of students’ attempts for
each task, if their first attempt failed. The third column represents
the rectification rate (X/Y) of students who failed to solve a particu-
lar task on the first attempt; X represents the number of students
who eventually rectified their solutions, and Y represents the num-
ber of students who failed to solve a task on the first attempt. The
column "Avg Rectifying Time" indicates the duration taken by a
student to correct an incorrect solution for a programming task.

Table 3: The average number of failed attempts, rectification
rates, average rectifying time of failed attempts in minutes.
A, B represents Group A and Group B.

Tasks Avg # Failed Attempts Rectification Rate
Avg Rectifying
Time (mins)

A B A B A B
Task 1 4.8 4 4/5 0/2 7 -
Task 2 1.9 5.5 7/7 3/4 9.2 9.3
Task 3 2.3 2.8 5/5 2/4 4.6 2.5
Task 4 2.3 3.1 5/6 5/7 4.5 11.3
Total 2.7 3.7 21/23 10/17 6.7 8.9

Fewer attempts, higher accuracy. As shown in Table 3, students who
received assistance from ITS (Group A) solved more programming
tasks with fewer attempts compared to students without ITS (Group
B). Although Group A students made more attempts than Group B
students for Task 1, it is important to note that the two students in
Group Bwho failed Task 1 could not rectify their solution. Therefore,
the fewer average attempts made by Group B students may be due
to a lack of knowledge on how to fix their solutions after a few
attempts, resulting in giving up on the task. On average, Group
A students made 2.7 failed attempts compared to 3.7 for Group
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Figure 7: Results from Study Surveys and Interviews.

B students, indicating that Group A students submitted slightly
fewer attempts during the experiment. Even though the difference
in attempts is not very significant, Group A students had a higher
success rate in rectifying their solutions; they successfully fixed 21
(91.3%) out of the 23 failed attempts. While Group B students had
a higher success rate on their first attempt, they struggled more
when they failed on their first attempt, only succeeding in fixing
10/17 (58.8%), demonstrating the effectiveness of ITS guidance.

Regarding rectifying time, GroupA students outperformedGroup
B, with an average of 6.7 minutes to repair one incorrect solution,

compared to Group B’s average of 8.9 minutes. Note that the av-
erage rectifying time for task 1 in Group B is not available since
no student could rectify their incorrect attempts. Moreover, the
average rectifying time for Group B is significantly lower for Task
3 (2.5 minutes) because the two incorrect solutions were almost
correct. One student used the wrong function name in the recursive
call, and the other made an error in concatenating when returning
the recursive case. These mistakes were easily identified with the
test cases reducing the rectifying time. Our supplemental material
includes more details about the attempts and feedback.
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Usefulness of ITS. Figure 7a shows feedback survey results for stu-
dents, where we queried their satisfaction with the ITS. We were
particularly interested in their feedback regarding the usefulness
of the features, such as highlighting the potential error lines in
the code editor and showing hints about error categories for their
mistakes. The results of the questions indicated that the majority
of Group A students found the ITS to be helpful and were satis-
fied with its performance. For example, over 80% of the students
responded positively to the usefulness of highlighted lines and
mistake categories for their code. Furthermore, over 73% of the
students would like the ITS deployed in their programming course.
However, we found that one student showed negative feedback
toward all questions. This student failed to solve any tasks with
correct syntax and struggled to find proper solution strategies. As
a result, the ITS could not generate any feedback, as it could not
explain the student’s intuition at this stage. While this particular
experience highlights the limitations of the ITS, the overall positive
feedback from the other students supports the potential of ITS in
enhancing CS-1 programming education.

Summary regarding Students: The collected performance re-
sults support that the ITS indeeds helps the students to take fewer
attempts to solve more programming tasks in a shorter time.

6.4 User Evaluation Result for Tutors
Tutors’ Expectations about the ITS. Similar to the students, we also
asked tutors to identify their general difficulties and expected fea-
tures (see Figure 6c). They are primarily concerned about generating
the actual feedback for students, for which they first need to iden-
tify the semantic and syntax errors in the submission. Generating
high-quality feedback becomes increasingly difficult because of
the large number of submissions that tutors have to handle. Error
localization techniques are helpful as they can help tutors to pin-
point erroneous code areas faster than going through the complete
submission themselves. Once identified, fixing the actual error or
grading the overall submission appears to be less of a problem for
them. Therefore, the most useful feature from the already imple-
mented ones also mentioned by the students (see Figure 6d) is the
error localization and explanation. Although we observed the stu-
dents’ demand for addressing compilation/syntax mistakes, tutors
showed low interest in compilation error repair, which shows the
discrepancy in requirements between tutors and students. Tutors
prefer semantic error-related feedback over syntactic errors.

Tutors’ Expectations: Tutors mostly expect support in error
localization and explanation, and need less support for fix sug-
gesiton, particulary for syntax errors.

Tutors’ Satisfaction with the ITS. We interviewed the tutors after
they finished the grading activity of student submissions in Sec-
tion 6.3. Figure 7b shows that for all tutors, the ITS’s currently
available error localization capabilities are indeed most beneficial
for them. Most of them mentioned that the ITS helps them to speed
up their work in understanding the student’s errors (5/8) and for-
mulating their own feedback (6/8). However, none of them found
that the feedback given by the ITS can be directly used or can di-
rectly determine the mark of the student. Note that at the time of

the study, the ITS had no automated grading capabilities. Overall,
the participants presented varying opinions about the usefulness
of the feedback (see Figure 7c). The tutors noticed that the given
feedback is biased towards only having one reference solution: the
suggested feedback/repair of a submission can be non-minimal
if the student submission follows a different strategy. We plan to
address this limitation by fully integrating the approach by Refac-
tory [10], which generates additional semantically-equivalent, but
structurally-different reference solutions via refactoring. The over-
all satisfaction with the tool is diverse, which can bemainly ascribed
to the limited feedback capabilities. Still, almost all of the tutors (7/8)
would like to see an ITS deployment in their next programming
course, primarily because of the strong support for error localiza-
tion, which provides a good starting point for understanding the
student’s problem and for grading. Furthermore, most of the tutors
(5/8) see the additional help by the ITS as an improvement on the
already available information from failing test cases. Regarding
potential improvements, the tutors mentioned that the ITS would
benefit from better feedback and error visualization, these appear
in Figure 7d.

Tutors’ Experiences: The tutors reported that the ITS can help
them to handle their grading tasks faster via its automated er-
ror localization capability. Despite their concerns regarding the
current feedback and grading capabilities, they identified ITS as
helpful and would like to use it in their next CS-1 course.

7 ONGOING DEPLOYMENT
The ITS was integrated into the programming learning platform
at our university. After two years of development, it is currently
being used in a CS-1 programming course to aid the human tutors
in their manual feedback and grading efforts.

So far, we received qualitative positive comments from the tu-
tors: "Automated, 24 hours and always readily available.". During
this deployment, we experienced organizational and technical chal-
lenges that may also affect the wider deployment of ITS. For ex-
ample, in each deployment, we must carefully adapt the ITS to
the specific expectations and pedagogical strategies of the various
departments that offer CS-1 programming courses. This involves
the used programming language, the leveraged coding editors or
learning management platforms for integration, and the support
for specific assignment types (e.g., GUI programming). These are
particularly important because the expectations and pedagogical
strategies differ for students in various departments, ITS should
provide customized feedback to students, but also to the course.

We note that this deployment in the CS-1 course is ongoing.

8 CHALLENGES AND LESSONS LEARNED
To further share our experience with our combined research and
teaching effort, we report about the challenges we faced and the
lessons learned concerning the organization and technical aspects.

Incentives for Stakeholders. We have three main user groups: the
students who receive feedback, the tutors who can use the ITS to
understand the students’ errors better and get grading support,
and the lecturers who provide the inputs like assignments and ref-
erence implementations. Lecturers are naturally concerned about
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deploying more tools, including the potential negative effects on
the learning outcome caused by inaccurate output. To gradually
convince the lecturers, we decided to first focus on a targeted de-
ployment for tutors. For tutors, an imperfect output is less critical
and still can provide helpful guidance to them and helps us to get
feedback continuously. In contrast to the lecturers, the tutors have a
generally more positive attitude regarding the ITS; they are willing
to join longer interviews to share their experience in the tutoring
process and their requirements. As a result, we have been able to
successfully invite tutors to our requirements elicitation sessions
as well as to our user studies. To engage with first-year students, we
designed a user study that not only has a monetary reimbursement
but also provides additional programming training and an extra
tutorial after the user study to explain the programming tasks to
them individually. The third-year students who develop the compo-
nents in our course, showed great interest in our project because
it is (or will be) deployed in a real context and because they like
working on a larger project with existing parts. Overall, it is a valu-
able experience for them, as shown by the following student quotes
about the question of what they liked the most in the course:
“The project component – It’s really interesting, and I like that it will
actually be used. I think that makes it one of the most interesting
modules I’ve taken so far. It’s very cool to understand the reasoning
for design details with the teaching team that actually built it."
“Participation in an actual to–be–deployed software project is

exciting and makes your effort somewhat worthwhile."

Project Preferences. In the first instance of our course, we allowed
students to pick projects on their own. Therefore, we ended up
with an imbalanced selection of projects. Students tended to prefer
a project with clearer requirements, e.g., a Parser component, in-
stead of a Repair project that involves more research. In the second
instance, we therefore only allowed bidding on projects while the
teaching team made the final decision.

Mentoring support for third-year students. In the second instance of
our course, we had dedicated, experienced mentors (i.e., graduate
students) who helped the student groups organize their efforts.
While we did not observe the students without mentors in our
first course instance perform poorly, we still experienced that the
additional mentorship helped them get the best out of their project.
This is not only helpful to improve our system but also creates a
better project experience for them.

Managing Software Evolution. Overall, we experienced that our
general approach is feasible and helps both the third-year and
the first-year students. However, we have also seen that we must
invest significant time from our side in managing the software
evolution. This includes selecting and integrating the best projects,
maintaining the code base, updating the design to cater to new
requirements, and implementing new components to check their
feasibility before we can offer them as a project in the course.

9 IMPACT AND VISION FOR THE FUTURE
In this work, we presented our concept for linking teaching of
software engineering projects with the teaching of programming
and introduced our intelligent tutoring system (ITS). Further, we
discussed our experiences from using the ITS in our course and the

Student/Novice 
Programmer AI Assistant

Intelligent 
Tutoring System

Learn a model of the 
student’s understanding 

and problems

3

Guided Formulation of 
Prompts1

Help to understand the 
auto-generated code2

Figure 8: Envisioned three-way interaction between Student,
ITS, and AI Assistant.

observations from the conducted user studies. In the following two
sections, we discuss the observed impact of our work and provide
a concluding outlook for intelligent tutoring in the AI era.

Impact: Teachers, Students, Research. Based on our experience, the
presented ITS impacts several aspects of programming. With our
long-running teaching effort, we incrementally develop and im-
prove the ITS into a usable product. We change how first-year
students learn programming and support teachers in the introduc-
tive CS courses. Furthermore, we provide the platform for senior
students to practice software engineering in a realistic scenario.
Additionally, they get encouraged to work on research-oriented
topics by selecting the corresponding projects. Overall, we received
positive feedback in our user studies: from the 23 students and
tutors, more than 78% would like to see the ITS deployed in their
next programming course. Moreover, the ITS helps to integrate the
latest research in educational APR and related topics. Our teaching
innovation can also impact students from other universities as they
adopt our concept and join the ITS development team. In fact, we
have already successfully exported the ITS teaching concept to
another university.

Intelligent Tutoring in AI Era. With the shift from manual program-
ming to AI-assisted programming, CS education must also be inno-
vated. We think the ITS represents a well-suited platform to help
students learn an effective way of using AI-based code generation
tools like GitHub Copilot and ChatGPT. Therefore, instead of ex-
posing the student directly to the AI assistant, the ITS canmoderate
the prompts and explain the generated code, achieving a three-way
interaction between the student, ITS, and AI assistant (see Figure 8).
Based on the student’s performance, mistakes, and interaction with
the AI assistant, the ITS can learn a model of the student’s cur-
rent mental model. This can be achieved by mapping the student’s
mistakes and questions to the underlying programming concepts.
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