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Abstract

Object-Oriented Programming (OOP) is a programming paradigm in which systems are
created using objects representing instances of important entities in the software’s domain.
These objects have mutable states. Furthermore, they communicate with each-other,
affecting those states. OOP was originally created to help reduce software development
cost, through the application of best practices that result in more modular code that is
easier to change and adapt. Teaching (and learning) OOP has its own complexities: in
OOP, merely implementing something that works is not sufficient: it is important to teach
and promote the aforementioned best practices.

Automatic Assessment Tools are tools used to automatically evaluate students’ code.
These tools are commonly used in Computer Science (CS) courses in order to improve stu-
dent autonomy (through formative and constructive feedback) and reduce teacher work-
load. Such tools have existed since 1960, but certain improvements are still possible, in
particular when using AATSs to validate typical OOP assignments, which a) typically in-
volve multiple classes/objects, b) are focused not only on functional validation, but also on
best practices and code quality, and c) pose specific challenges when constructing feedback.

The advent of Large Language Models (LLMs) has created multiple challenges for the
Computer Science Education (CSE) community. Concerns regarding students’ potential
misuse of these tools have been the cause of discussions between teachers, with some of
them opting for banning or restricting the usage of these tools, while others try to integrate
them in their courses. Although extensive research already exists regarding the use of
LLMs for introductory programming courses, a knowledge gap exists in terms of these
tools” impact on more advanced courses such as OOP. More concretely, not much is known
about these tools’ capacity to generate OO-code and what can be done to responsibly
integrate them in OO courses.

The development of this project contributed to the dual research goals of improving
AATs (and their usage) for OOP education and addressing the knowledge gap regarding
LLMs’ impact on OOP education. Furthermore, we have proposed a new visual notation
for prescribing OO exercises and counter LLM over-reliance, which was well received by
our students who also reported other benefits, such as increased motivation to work on
video-based projects.

Keywords: object-oriented programming, automated assessment tools, large language

models



Resumo

A Programagao Orientada por Objectos (OOP, do Inglés Object-Oriented Programming)
é um paradigma de programacao no qual os sistemas sao criados usando objectos que
representam instancias de entidades importantes no dominio do software. Estes objectos
tém estados mutdveis. Para além disso, comunicam uns com os outros, alterando esses
estados. A OOP foi inicialmente criada para reduzir o custo do desenvolvimento de soft-
ware, através da aplicacao de um conjunto de préaticas que levam a cédigo mais modular
e que é mais facil de mudar e de adaptar. Ensinar (e aprender) OOP tem as suas préprias
complexidades: em OOP, implementar cédigo que funciona nao é suficiente: é importante
ensinar e promover as boas praticas previamente referidas.

As Ferramentas de Avaliagdo Automatica (AATSs, do Inglés Automatic Assessment
Tools) sao ferramentas usadas para avaliar automaticamente o cédigo dos alunos. Estas
ferramentas sao frequentemente usadas em cursos de Ciéncias de Computacao para melho-
rar a autonomia dos alunos (através de feedback formativo e/ou correctivo) e para reduzir
a carga de trabalho necessério por parte dos professores. Estas ferramentas existem desde
1960, mas ainda existem oportunidades de melhoria, em particular quando os AATSs séo
usados para validar tarefas tipicas de OOP, que a) tipicamente envolvem vérias class-
es/objectos, b) sao focadas nao sé na correcgao funcional, mas também nas boas préticas
e qualidade do cédigo, e c) apresentam desafios préprios na construgao de feedback.

A chegada dos Modelos de Linguagem de Grande Escala (LLMs, do Inglés Large Lan-
guage Models) criou miltiplos desafios para a comunidade de Educagao em Ciéncias da
Computacao (CSE, do Inglés Computer Science Education). As preocupagoes sobre o
possivel uso indevido dessas ferramentas por parte dos alunos tém levado a discussoes
por parte de professores, com alguns deles a optar por proibir ou restringir o uso dessas
ferramentas, enquanto outros tentam integra-las nas suas disciplinas. Apesar de existir
investigacao extensa sobre o uso de LLMs em disciplinas de introdugao a programagao, ex-
iste uma lacuna de conhecimento em relacao ao impacto destas ferramentas em disciplinas
mais avanc¢adas, como a OOP. Mais concretamente, pouco é conhecido sobre a capacidade
destas ferramentas gerarem codigo orientado a objectos e sobre o que pode ser feito para
as integrar de forma responsavel em disciplinas de OOP.

O desenvolvimento deste projecto contribuiu para dois objectivos de investigagao: mel-
horar os AATs (e o seu uso) no ensino da OOP e preencher a lacuna de conhecimento que

existe em relacao ao impacto dos LLMs no ensino da OOP. Para além disso, foi proposta



uma nova notacao visual para apresentar exercicios OO e contrariar a sobre-dependéncia
dos LLMs, que foi bem recebida pelos nossos alunos, que também reportaram outros
beneficios, tais como um aumento da motivacao ao trabalhar com projectos com enunci-
ado apresentado em video.

Palavras-chave: programacao orientada por objectos, ferramentas de avaliacao au-

tomatica, modelos de linguagem de grande escala
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Chapter 1

Introduction

Object-Oriented Programming (OOP) is a programming paradigm in which systems are
created using objects representing instances of important entities in the software’s domain.
These objects usually aggregate multiple data and have mutable states. They also have
specific behaviours which represent relevant actions in the system. Furthermore, they
communicate with each-other, affecting those states.

Imagine, for example, a race-car computer game in which a human player drives a car
around a track, trying to execute the fastest possible lap time. Such a software might
contain objects to represent Cars, Engines, Wheels, the Race Track, among others. A Car
will have a number of attributes (e.g., brand or maker) and will also be composed of other
objects, such as the Engine, its four Wheels, and so on. Now, consider that the game
starts and the player presses the key to accelerate its Car: this action will change the car
itself, since the acceleration will impact the Car’s Engine, which, in turn, will impact the
Car’s Wheels. Finally, the Race Track itself will be impacted, since the Car’s position will
change.

OOP was originally created to help reduce software development cost, through the
application of best practices that result in more modular code that is easier to change
and adapt. Teaching (and learning) OOP has its own complexities: in OOP, merely
implementing something that works is not sufficient: it is important to teach and promote
the aforementioned best practices. Also, typical OOP exercises involve multiple code files,
which raises other challenges which will be discussed later.

Automatic Assessment Tools (AATs) have been used in Computer Science courses
since the 1960s [59]. These tools validate students’ code by using strategies such as unit-
testing or output matching [86]. Some benefits of using AATs are the increase of students
autonomy [66] and the reduction of teacher workload [139]. On the negative side, some
students tend to over-rely on the AAT, neglecting proper analysis and delegating all their
testing efforts to the assessment tool [86].

Research related with AATs is varied, with many studies focusing on the tools, their
learning impact, advantages, disadvantages and limitations. Strategies to mitigate the

disadvantages have also been proposed (e.g., the use of time penalties to prevent, or at
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least reduce, student over-reliance).

Multiple such tools can found in the literature. Some of them are based on virtual
environments, implemented to abstract students from certain complexities of programming
(e.g., abstract away the need to manually invoke the compiler), while others try to promote
that students use real-world software development tools (e.g., version control systems such
as Git).

Unfortunately, not all of these tools can easily be experimented and tested by educators
wanting to use an AAT. This happens because many of them were developed for a single
course or to run an experiment, not having been developed to the point of distribution.
In some cases, the issue is the lack of (updated) binaries, while in other cases, parts of the
source code are missing. Finally, the lack of documentation is also a problem with some
tools.

Furthermore, as we have discussed before, OOP has certain requirements (e.g., support
for multiple code files) which not all available tools support. Also, certain validation
strategies, such as output matching, are not ideal for OOP, where merely ensuring that
the code works is not sufficient.

The quality of the feedback given by AATs is also particularly relevant for OO edu-
cation. The interactions between objects have the potential to create certain bugs which
are hard to debug without proper feedback. This must be taken in consideration when
creating test cases for supporting OO assignments and when defining the feedback given
by those test cases.

As discussed, AATs are technological solutions with a notable role in CSE, designed
specifically for tasks such as assessment and feedback. However, new scientific develop-
ments have brought us a different kind of technology: Large Language Models (LLMs),
which, while not originally built for education, are increasingly being applied in educa-
tional contexts and influencing the way we teach and learn.

LLMs are Artificial Intelligence (AI) tools trained on very large amounts of data to un-
derstand and generate human-like text, enabling diverse applications in natural language
processing tasks.

The increasing capacities of LLLMs in terms of code generation has placed the CSE com-
munity on alert, spawning discussions on how to to react and adapt the current teaching
practices to these models, since students are likely to use and abuse these tools, possibly
using ‘copy-and-prompting’ to pass their home-works, tests and other assignments, which
results in the risk of producing graduates who are weak in fundamental computing skills
such as computational thinking and program design [104]. Some educators choose to fight
these models — by blocking access, deploying Al-generated content detection tools and
other similar mechanisms —, while others decide to embrace them and adapt the respec-
tive courses in order to prepare students for a professional future where they are expected
to interact with these and other similar tools [104].

Although the CSE community has faced technological challenges in the past, such as

Lcopy-and-prompting: copying an assignment into an LLM’s input area in order to get a solution
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the calculator, the Internet, Google and StackOverflow, LLMs pose a different and specific
kind of challenge, since, unlike those other tools, they are not a helper, but an automation
instead. This poses specific challenges which must be addressed when bringing in and
accepting LLMs in the classroom.

Even though extensive research has been conducted on LLMs’ capacity to handle in-
troductory programming assignments, which are typically based on the implementation of
single functions that receive an input and transform it into an output, not much is known
about these models’ capacities to handle OOP assignments consisting of the implementa-

tion of multiple classes which must interact with each-other.

1.1 Research goals

This research project has two main goals: 1) improve AATs and/or their usage in CSE,
taking OOP’s particularities in consideration, and 2) help fill the knowledge gap which
exists in regards to LLMs and OOP, namely in terms of informing the CSE community of
the nuances of LLM-generated OOP code, and in finding ways of responsibly integrating

these models in OOP courses.

1.2 Thesis scope

This work falls under the field of computer science education (CSE), also known as com-
puting education research (CER). This field focuses on how computer science is taught
and learned. It seeks to understand how students grasp CS concepts, while also inves-
tigating and developing innovative pedagogical methods to enhance teaching practices.
Additionally, it aims to improve curriculum design and course content to better support
student learning and engagement.

More concretely, this thesis focuses on the Teaching of Object-Oriented Programming,
on the implementation and usage of Automatic Assessment Tools, and on the integration
of Large Language Models in CS courses.

Figure 1.1 visually explains the intersection between the three relevant sub-topics.

1.3 Contributions
This work makes the following contributions:

1. Presents an Open-Source AAT apt for supporting students working on OOP assign-
ments and assisting teachers in evaluating those assignments (i.e.,an unit-tests-based
AAT with support for multiple-file submissions and code quality validations), as well

as a student evaluation of the tool;

2. Proposes an extension of the aforementioned AAT aimed at improving students’

workflows when dealing with small assignments;



1.3. CONTRIBUTIONS 18
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Figure 1.1 — This thesis falls in the intersection between OOP Education, Automatic Assess-
ment Tools, and Large Language Models.

3. Presents a list of recommendations for defining unit tests for automatic assessment,
aimed at enhancing student autonomy and grading fairness in multiple-types of
assignments (i.e.,small exercises as well as projects) in and different types of courses,
including OOP;

4. Provides an overview of LLMs, their evolution, and their impact on the educational

area, with a particular focus on Computer Science Education;

5. Evaluates the capacities of current state-of-the-art Large Language Models to solve

OOP assignments;

6. Discusses the current limitations of said models in terms of being used to support

teaching and learning of OOP;

7. Proposes a new pedagogical approach for teaching OOP, based on diagrams and
videos designed for this paradigm’s particularities, and presents an evaluation of its

effectiveness.
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1.4 List of Publications

This thesis comprises material previously published on two journal papers and four con-

ference papers. An extended abstract (and respective poster), as well as a demo paper,

were also presented at conferences. Two other papers dedicated to the intersection be-

tween CSE and LLMs were also developed, one as a first author and the other as a second

author, but they were not included in the thesis document due to not being focused on

OOQP. Finally, a non-published paper was developed as a second author.

The list of publications and their contribution to this thesis is presented below.

Papers:

1.

Cipriano, B. P., Fachada, N., & Alves, P. (2022). Drop Project: An automatic
assessment tool for programming assignments. SoftwareX, 18, 101079.

SoftwareX is a Q2 journal dedicated to publishing Open-Source educational and
research software.

This paper contributes to chapter 3 of this thesis.

Cipriano, B. P., Baltazar, B., Fachada, N., Vourvopoulos, A., & Alves, P. (2024)
Bridging the Gap between Project-Oriented and Exercise-Oriented Automatic As-
sessment Tools. Computers 2024, 13, 162.

This paper was published in the special issue ‘Future Trends in Computer Pro-
gramming Education’ of the ‘Computers’ journal. ‘Computers’ is dedicated to the
publication of computer science papers, focusing particularly on Computer and Net-
work Architecture (Q2 in 2023), as well as in Human-Computer Interaction (Q3 in
2023).

This paper contributes to chapter 3 of this thesis.

Cipriano, B. P., & Alves, P. (2024, June). Seven Years Later: Lessons Learned
in Automated Assessment. In Proceedings of the 5th International Computer Pro-
gramming Education Conference (pp. 3:1-3:14). Schloss Dagstuhl-Leibniz-Zentrum
fiir Informatik.

ICPEC is an international conference dedicated to Computer Programming Educa-
tion.

This paper contributes to chapter 3 of this thesis.

Cipriano, B. P., & Alves, P. (2023, June). GPT-3 vs Object Oriented Program-
ming Assignments: An Experience Report. In Proceedings of the 2023 Conference
on Innovation and Technology in Computer Science Education V. 1 (pp. 61-67).
ITiCSE is a B-level conference dedicated to Computer Science Education.

This paper contributes to chapter 4 of this thesis.

Cipriano, B. P., & Alves, P. (2024, April). LLMs Still Can’t Avoid InstanceOf: An
Investigation Into GPT-3.5, GPT-4 and Bard’s Capacity to Handle Object-Oriented

Programming Assignments. In Proceedings of the 46th International Conference on
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Software Engineering: Software Engineering Education and Training (pp 162-169).
ICSE is an A*-level conference dedicated to Software Engineering. This paper was
featured on the Software Engineering Education Track.

This paper contributes to chapter 4 of this thesis.

6. Cipriano, B. P., Alves, P., & Denny, P. (2024, September). A Picture Is Worth a
Thousand Words: Exploring Diagram and Video-Based OOP Exercises to Counter
LLM Over-Reliance. In Proceedings of the 19th European Conference on Technology
Enhanced Learning (pp. 75-89). Springer Nature Switzerland.

EC-TEL is a B-level conference dedicated to the presentation of topics in the field
of Technology-Enhanced Learning.
This paper contributes to chapter 4 of this thesis.

7. Cipriano, B. P., & Alves, P. (2025). ”"ChatGPT Is Here to Help, Not to Replace
Anybody”: An Evaluation of Students’ Opinions On Integrating ChatGPT In CS
Courses. To appear in the Proceedings of 17th International Conference on Computer
Supported Education, 2025.

A paper presenting the results of a student survey evaluating students’ opinions and
perceptions with regards to the use of tools such as ChatGPT in CS courses. The
paper will be presented in CSEDU 2025 (B-level).

8. Alves, P. & Cipriano, B. P. (2025). ”Give Me the Code”: Log Analysis of First-
Year CS Students’ Interactions with GPT. To appear in the Proceedings of 17th
International Conference on Computer Supported Education, 2025.

An analysis of how students interacted with ChatGPT to implement a requirement in
the scope of a Data-Structures and Algorithms project. The paper will be presented
in CSEDU 2025 (B-level).

Other:

e Cipriano, B. P. (2024, July). Towards the Integration of Large Language Models
in an Object-Oriented Programming Course. In Proceedings of the 2024 Conference
on Innovation and Technology in Computer Science Education V. 2 (pp. 832-833).
This publication consisted of an extended abstract and a poster highlighting the
main aspects of the LLM-component of this thesis (i.e., Chapter 4). It was featured
in ITiCSE’s 2024 Doctoral Consortium and also presented at the main conference
(B-level).

e Cipriano, B. P., Silva, M., Correia, R. & Alves, P. (November, 2024). Towards the
Integration of Large Language Models and Automatic Assessment Tools: Enhancing
Student Support in Programming Assignments. In: Proceedings of the 24th Koli
Calling International Conference on Computing Education Research.

This publication consisted of a demo paper and a demonstration of an early stage
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prototype which integrates an AAT with a LLM in order to help student get LLM-
generated tips for errors and issues reported by the AAT. The presented tool was
built on top of the Plugin described in section Project-Oriented and Exercise-Oriented
AATs (3.3) of Chapter 3 of this thesis. The demo was featured in the ‘posters &
demos’ track of the Koli Calling Conference 2024 (B-level).

e Alves, P., & Cipriano, B. P. (2023). The centaur programmer — How Kasparov’s
Advanced Chess spans over to the software development of the future. arXiv preprint
arXiv:2304.11172. https://arxiv.org/pdf/2304.11172
A position paper exploring potential Human/AI collaboration models for software
development. This paper was motivated by LLMs’ capacity to generate computer

code.

Conference rankings obtained from ICORE?.

Journal rankings obtained from Scimago Journal and Country Ranking?.

1.5 Thesis Structure

This thesis is structured as follows:

Chapter 2 - Background gives an overview of relevant literature on the three rel-
evant topics: a) Teaching and Learning of Object Oriented Programming, b) Automatic
Assessment Tools, and ¢) Large Language Models.

Chapter 3 - Automatic Assessment Tools for Object-Oriented Programming
address the problem of creating an AAT with the necessary characteristics for teaching and
learning Object-Oriented Programming. Furthermore, it presents guidelines for defining
unit-tests and the respective feedback for supporting students working in multiple types
of assignments and courses, including OOP.

Chapter 4 - Large Language Models and Object-Oriented Programming
addresses the impact of LLMs in Object-Oriented Programming courses by presenting an
evaluation of the capacity of 3 such models to generate code to solve real-world OOP
assignments. Furthermore, this chapter also introduces a new diagrams-and-video-based
approach for prescribing OOP exercises, which aims at reducing LLM over-reliance.

Chapter 5 - Conclusions and Future Work summarizes the work presented in

this thesis, and proposes some avenues for future research.

https:/ /portal.core.edu.au/conf-ranks/
3https://www.scimagojr.com/



Chapter 2

Background

2.1 Teaching Object-Oriented Programming

Object Oriented Programming was developed in order to help reduce the cost of main-
taining the software [196], by introducing some practices that lead to more modular code
that is also easier to change and adapt, which is relevant since most software is not static
and tends to evolve with newer features and bug fixes [196, 130].

In OOP, systems are created using objects which represent instances of important
entities in the software’s domain [196]. For example, imagine a software whose goal is
supporting architects in their workflow. In such software, objects will probably exist to
represent entities such as windows, doors and walls. These objects will have properties
(such as height, width and weight), but they will also have behaviours. For example,
some windows can be open simply by sliding, while others require manipulation of a lever.
These behavioural differences within the same object sub-type are supported in OOP
by techniques such as inheritance and polymorphism. Furthermore, these objects will
interact with each-other: the windows and doors will be integrated within walls and walls
which have windows will be displayed differently. This leads to further complexity when
designing and implement such systems.

Furthermore, although OOP is the common name of this paradigm, the ‘programming’
part is not the most important one: analysis and design are important tenets of OOP,
allowing the developer to identify and define which entities exist in the system, how they
communicate with each other and what is the result of that communication.

To quote Sandi Metz!, “Object-oriented design requires that you shift from thinking
of the world as a collection of predefined procedures to modelling the world as a series of

messages that pass between objects.” [129].

2.1.1 OOP Concepts

The following are some of the most important concepts in OOP.

! Author of Practical Object-Oriented Design in Ruby

22
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Information hiding or Abstraction A programming concept where the implementa-
tion details of certain software components are concealed, allowing programmers to
focus only on the aspects which are relevant at each time. Although this concept is

not exclusive to OOP, it is central to this paradigm.
Object Objects encapsulate (or conceal) data and implementation.

Class A template for the creation of objects. For example, in Java, if we wanted to
represent information names and dates of birth of a group of people, we could create
a Person class containing those two attributes. We would then use this class to

create (or instantiate) Person objects.

Method A function associated with a class. In some OO languages, a method is a
function that belongs to a class and has access to its attributes. Methods implement
the class’s behaviours. Throughout this thesis, the words method and function are

used interchangeably.

Message sending objects talk with each-others by sending messages (i.e., by calling
methods). Message passing promotes decoupling of objects, since each object does

not need to know how the other object will handle the request.

Composition A mechanism which allows a class to be composed of objects belonging to

another class. Also known as an ‘Has A’ relationship. Example: Door has a Handle.

Inheritance A mechanism which allows a class (usually known as subclass, derived class
or specialization) to inherit attributes and behaviours (methods) from another class
(usually called superclass, base class or generalization). This allows the subclass to
reuse code and enhance functionality without changing the superclass. Also known
as an ‘Is A’ relationship. Examples: Programmer is a Profession and Duck is an

Animal.

Polymorphism from the Greek: poly (many) and morphe (form). A concept that allows
objects of different types to be treated as instances of the same class through a

shared interface, thus promoting code flexibility and re-usability.

Abstract class A class which cannot be instantiated. In other words, the compiler will
not allow the creation of objects of this class. These classes serve to define common

attributes and behaviours which are then inherited by their subclasses.

Abstract method A method which does not have implementation. Such methods can
only exist in abstract classes. Abstract methods serve the purpose of defining manda-

tory method protocols that the sub-classes must implement.

Dynamic dispatch The process of selecting which implementation of a (polymorphic)
method/function should be called in runtime, considering the type(s) of the method’s

arguments.
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2.1.2 Standard representations

Attempts to created standardized ways of describing and documenting OO-systems started
in the early 1990s, with the appearance of methodologies such as the Booch Method (ini-
tially developed by Grady Booch at Rational Software) and the Object Modelling Tech-
nique (OMT, developed by Rumbaugh, et al.). Both those methodologies defined specific
notations for describing classes, their relations, as well as more dynamic components such
as state-transition diagrams.

In circa 1995, Rational Software proposed the Unified Modelling Language (UML),
which features graphical elements from both Booch Method and OMT, and was also
complemented with a notation to described certain dynamic aspects of software behaviour:
use cases, proposed by Jacobson in 1987.

In 2005, UML became an ISO standard, a status which it maintains to this date.

UML contains a wide range of diagram types to describe OO-systems:

e (Class diagrams: diagrams which represent the classes that exist in a system, their
attributes, methods (or functions) and relations with other classes (e.g., composition,

inheritance);

e Activity diagrams: visual representations of the workflow of an activity (e.g., pro-

cess) of the system. Used for modelling the dynamic aspects of the system.

e Sequence diagrams: representation of how objects interact in a particular scenario,
focused in the order of the messages passed between those objects. Valuable for

understanding the detailed functioning of the system.

e State transition diagrams: visual representation of the various states that an object

goes though in response to events.

e Object diagrams: allow the representation of how a certain set of instantiated objects

relate to each-other in the computer’s memory.

e Use Case diagrams: diagrams used to represent interactions between users (or actors)

and the specific parts of the system.

Examples

Class diagram - single class representation

Figure 2.1 presents an example of how a single class would be represented using UML
class diagrams. The class is represented in UML by a rectangle which is divided in three
sections: the first section displays the class name, the second section displays the class’
attributes (i.e., data) and the third section the classes methods (i.e., behaviours).

In this example, a Person class is described. This class is characterized by 3 attributes:
the Person’s name, phone number and email address. Note that the data-types are also

present: the Person’s name is a String, the phone number is an Integer and the email is a
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Person

name: String
phoneNumber: Integer

emailAddress: String

toString(): String

Figure 2.1 — UML representation of an elementary Person class. This class has 3 attributes
and 1 method.

= House = Room
streetAddress: String arealnMeters: Integer
rooms: List<Room> description: String

1 contains 1.*

describeRooms(): List<String>

getArea(): Integer describe(): String

getArea(): Integer

Figure 2.2 — UML representation of a composition relationship. In this case, a House is
composed of Rooms.

String. Finally, this class has a single method: the toString() method, which is usually

used to obtain a String representation of the object.

Composition relationship

Figure 2.2 presents an example of how to present a composition relationship in UML.
In a composition relationship, one of the classes is the container, while the other is the
contained (or part).

In this case, the House class is the container, while the Room class is the contained. The
diagram also informs us of how many objects can participate in the relationship. In this
example, the label ”1..*” placed to the left of the Room class informs the reader that the
House will have at least one Room. On the other hand, the label ”1” placed to the right of
the House class indicates that the Room will belong to exactly one House. This information
is the relationship’s multiplicity. If we look at the behaviours, we can see that the House
class has a describeRooms() method which returns a List of Strings describing the
house. Comparatively, the Room class contains a describe() method, which will return
a String describing each specific room. The house object can ask each of its rooms for
the information (String) and then combine all the information in a list. Similar logic will
exist for the getArea() function: when called with a Room object, it will return the area

of that room; When called with a House object, it will return the area of the whole house.

Inheritance relationship
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Animal

weight: Double

toString(): String

Duck Dog

wingSpan: Double breed: String

Figure 2.3 — UML representation of an inheritance relationship. In this case, Animal is the
superclass, while Duck and Dog are the subclasses.

Figure 2.3 displays an example of how UML can be used to represent inheritance
relationships.

In this case, the Animal class assumes the role of superclass, while the Duck and
Dog classes are its subclasses. The triangle denotes these relationship by pointing from
the subclass towards the superclass. These relationships should be read as: a Duck is an
Animal and a Dog is an Animal, respectively. The two subclasses will receive all attributes
and methods defined in the superclass, and have the possibility of adding their own. As
such, both Duck and Dog will inherit the weight attribute and the toString() method
from their superclass. In summary, both subclasses will have two attributes each: the

Duck will have weight and wingSpan, while the Dog will have weight and breed.

Example with inheritance and composition
Figure 2.4 presents a design which contains both composition as well as inheritance
relationships. The composition relationship is the same that was previously presented,
with the House class being the container and the Room class being the contained. However,
this time the model allows for multiple types of Rooms to be created: Kitchens, Bedrooms,

Livingrooms and Bathrooms.
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B House = Room

streetAddress: String arealnMeters : Integer
1 contains 1.* e

describeRooms() : List<String> description : String

getArea(): Integer
describe() : String

getArea() : Integer

T

B Kitchen B Bedroom B Livingroom B Bathroom

sinkCapacitylInLitters: Integer closetVolumelnCubicMeters: Integer bathtubCapacitylnLitters: Integer
hasBidet: Boolean

getSinkCapacity(): Integer describe(): String describe(): String

describe(): String describe(): String

Figure 2.4 - UML representation of a design which contains both composition elements (a
House contains Rooms) as well as inheritance elements (a Kitchen is a Room, a Bedroom is a
Room, a Livingroom is a Room and a Bathroom is a Room. Each sub-class has a describe()
method which will combine values of inherited attributes with the values of its specific at-
tributes.)

Polymorphism
As previously mentioned, polymorphism is the concept that allows objects of different
types to be treated as instances of the same class through a shared interface. In some

OO languages (e.g., Java), there is a caveat: those types must be related, usually via

inheritance?.

Let’s go back to the Animal/Duck/Dog example to see a possible UML representation
of polymorphic behaviour. In Figure 2.5, the Animal class is now abstract (and its name
is italicized, as per UML rules) and defines an abstract makeSound() function/method.
Furthermore, the classes Duck and Dog override makeSound() and implement their own
version. An implementation of this model is available in Listing 2.1. By analyzing
Main.main(), we can observe two practical consequences of polymorphism: 1) we can
use the same data structure — the array of Animal objects — to store objects of different,
but related, types, and 2) we can call the makeSound() function on those same objects,

without worrying about their concrete type.

Tt can also be achieved by using interfaces, a mechanism which allows specifying that a class must
implement a certain method.
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Animal

weight: Double

toString(): String
makeSound(): String

= Duck

Dog

wingSpan: Double

breed: String

makeSound(): String

makeSound(): String
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Figure 2.5 — UML representation of a design which takes advantage of Inheritance to obtain
polymorphism. The Animal class is abstract and defines an abstract method makeSound ()

which is then overridden by both sub-classes.
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Listing 2.1 — An example implementation of the object oriented mechanisms which allow
polymorphism. The makeSound() function can be called for multiple types of objects (i.e.,

Duck, Dog and any other Animal sub-classes).

abstract class Animal {

public abstract String makeSound () ;

class Duck extends Animal {
// Overridden method in Duck class
@0verride
public String makeSound () {

return "Quack, Quack!";

class Dog extends Animal {
// Overridden method in Dog class
@0verride
public String makeSound () {

return "Bark, Bark";

class Main {
public static void main(Stringl[] args) {
Animal[] myPets = new Animal []{new Duck(), new Dog()};
for (Animal pet : myPets) {
pet.makeSound () ;

2.1.3 Inheritance and Polymorphism: a Case Study

To better understand the advantages of inheritance and polymorphism, consider the
following example, which mimics a software where geometric figures are created and ma-
nipulated. This software is able to store lists of user-defined geometric figures and perform

calculations of properties related with the geometric figures stored in those lists.

A class was created to represent the most generic geometric figure (i.e., GeometricFigure),

from which all the actual figures (e.g., Square, Triangle, and so on) should inherit.
Now imagine a more concrete requirement: given a list of geometric figures, the soft-

ware must be able to calculate the sum of the areas of all figures contained in the list.

Figure 2.6 presents a UML class diagram with a possible solution, while Listing 2.2 presents

a possible implementation based on the same UML.
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GeometricFigure

T

Square

Triangle

side: Integer

base: Integer

getSide(): Integer

height: Integer

getBase(): Integer
getHeight(): Integer
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Figure 2.6 — UML representation of a possible, although non-ideal, solution for the Geometric
Figures area calculation problem. The 3 classes are being used as data-containers and have

no relevant behaviour.
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Listing 2.2 — An example of bad OO code: 1) information hiding is poor, and 2) does not

take advantage of polymorphism.

class GeometricFigure { ... }

class Square extends GeometricFigure {
int side;

// readers and writers such as getSide() ommited for brevity

class Triangle extends GeometricFigure {
int base, height;
// readers and writers, such as getBase() and setBase() ommited for

brevity

class Main {

public static double sumAllAreas(List<GeometricFigure> figures) {
double sum = 0;
for (GeometricFigure figure : figures) {
double area;
if (figure istanceof Square) {
int side = ((Square)figure).getSize();
area = side * side;
}
else if(figure instanceof Triangle) {
Triangle triangle = ((Triangle)figure);
int base = triangle.getBase();
int height = triangle.getHeight ();
area = 1 / 2 * base * height;
}
sum += area;
}

return sum;

If we focus on the sumAllAreas() function, we can observe a set of conditional state-
ments (i.e., if/else if) which decide the program’s behaviour based on the object’s type.

This solution has a number of disadvantages:

e If we need to extend the code to support other geometric figures (e.g., Rectangle),
besides creating the new class, we will have to adjust this code by adding another
else if block;

e Knowledge related with the calculation of each type’s area is defined outside the
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GeometricFigure

calculateArea(): double

T

Square

Triangle

size: int

base: int
height: int

calculateArea(): double

calculateArea(): double
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Figure 2.7 — UML representation of a better solution to the Geometric Figures area calcula-

tion problem. The GeometricFigure class declares an abstract method called ‘calculateArea()
which the sub-classes must implement. Each of the classes now has a specific behaviour.

respective class, thus breaking the information hiding principle.

We can improve this code and prevent these issues by following OO principles:

1. Make class GeometricFigure abstract;

)

2. Add to it an abstract calculateArea() method, so that all subclasses will have to

implement it. This will promote information hiding, since each class will only know

its own area calculation logic. It will also allow taking advantage of polymorhism to

simplify the sumAllAreas() function;

3. Re-write function sumAllAreas(), taking advantage of the previous changes.

Figure 2.7 presents a UML class diagram with an improved OO model following the first

two recommendations, and Listing 2.3 shows an implementation which takes advantage of

the polymorphism mechanism.
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Listing 2.3 — An example of good OO code, taking advantage of inheritance and polymorhism

to promote dynamic dispatch.

abstract class GeometricFigure {

abstract double calculateArea();

class Square extends GeometricFigure {
int side;
double calculateArea() {

return side * side;

class Triangle extends GeometricFigure {
int base, height;
double calculateArea() {
return 1/2 * base * height;

class Main {

public static double sumAllAreas(List<GeometricFigure> figures) {
double sum = 0;
for(GeometricFigure figure : figures) {
sum += figure.calculateArea();
}

return sum;

public static void main(String[] args) {

//

This solution has some advantages:

e If we need to support another figure type (e.g., Rectangle), we only need to define

that class and make sure it contains a ‘calculateArea()’ function;

e The area calculation formula is hidden within the respective class (i.e., encapsulation,

information hiding)
e The calculation function has much less code and is much simpler;

This example can also be used to illustrate the idea of dynamic dispatch: by removing

the if / else if statements, we leave to the Java Virtual Machine (JVM)?3 the respon-

3 A software system which allows a computer to execute Java programs.
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sibility of figuring out which method will be called, considering the type (class) of the
object.

2.1.4 Code organization

One of the important characteristics of OO exercises is the need to use multiple code
files. This need arises from the fact that a multi-class system will be better organized if
each class is contained within a single file, since the code that is strongly-related will be

contained in the same file.

2.1.5 Teaching and Learning OOP

Some OOP courses are strictly based on the interpretation of UML diagrams: the teacher
first explains students how to interpret UML diagrams, and then students have to in-
terpret those diagrams and convert them to a programming language [138]. While this
technique has its merits, it results in very directed exercises, where the student does not
do a significant amount of domain analysis and design. Instead, the student acts as an
implementer of the class models devised by the teachers [138].

In a real-world scenario, the client will typically not inform the software developers
about which classes and methods should exist in the system. Instead, developers will infer
or derive that information from reading requirements and/or from talking with the client
and analysing the problem domain. This reality has led some educators to create OO
courses in which students learn to analyse problem descriptions and map them into class
models describing entities and behaviours which reflect the analysed problem’s domain and
allow achieving the desired software functionality [41, 43]. These design-oriented exercises
are important, since designing software systems is recognized by the CSE community as
a common student difficulty, even for more experienced students [207].

Furthermore, the teaching of OOP must not be solely focused on training students to
produce working code: the students’ code solutions should follow the previously discussed
best practices (i.g. information hiding, inheritance, polymorphism, and so on) in order to
best take advantage of the paradigm and produce code that is easy to change [41, 43], since
a large part of the total cost of a software system is adding new features and adapting the
original requirements as time goes by [130].

Finally, the teaching of OOP benefits from both exercise-based and project-based
teaching methodologies [109]. Project-based (PB) learning describes a course structure in
which students work towards finding solutions to real-world problems [109, 167]. These
problems are represented as projects that often span the entire course duration. On the
other hand, in exercise-based (EB) courses, students solve questions with predetermined
answers (i.e., small coding questions) [109]. In EB courses, individual assignments have
shorter durations and are typically less creative than those used in PB learning [109].
PB learning is not a new idea, and research has shown that engineering students tend

to be more motivated when working with real-life case studies and challenging open-
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ended questions [20, 77|, which are more easily implemented with projects rather than
small exercises. A study by Mills et al. [132] evaluated PB learning practices in several
engineering degrees and noted that while students who participate in PB learning are
generally motivated and demonstrate better teamwork and communication skills, they
also display a less rigorous understanding of engineering fundamentals. The same study
concluded that a mixed approach of traditionally lectured courses with both PB and EB
components might be the best way to satisfy industry needs without sacrificing knowledge
of engineering fundamentals.

These ideas can easily be used to structure an OOP course: small exercises with 2-3
classes can be used to facilitate learning the basic concepts and the respective syntax,
while larger projects will force students to deal with more complex design decisions and

implementation details.

2.2 Automatic Assessment Tools

AATSs are educational software systems that automate the assessment (or evaluation) of
student-developed computer programs. AATSs have been around since at least 1960 [59].
These tools allow students to check if their code solutions satisfy the requirements of the
assignment with full autonomy [66], without assistance from the teacher. Furthermore,
AATS reduce teacher workload [140, 119]. This is usually done by automating the compi-
lation and execution of the student’s code in a restricted environment and validating its
correctness through output matching, unit testing, or other techniques [12, 86]. Depend-
ing on the tool, students may or may not receive rich feedback about their submissions’
failures. By providing quick feedback and highlighting mistakes, these tools can be used to
foster computer science students’ engagement in programming courses and increase their
motivation [107]. Finally, most of these tools automatically grade student solutions, a
process which tends to promote grading consistency when compared to manual grading
[48].

The use of AATs is common in Computer Science courses [87], and there are a variety
of commercial and academic systems. However, many of them are closed-source and/or
not packaged in a production-ready fashion, making their adoption in other institutions
impractical. This is partially confirmed by previous research, which has shown that some
of these AATs are created as part of a thesis or for a particular course [86]. They are
finished enough to study a certain research question or to support the needs of a particular
course, but are generally not suitable for widespread deployment. This situation might
be improved in the future, since, in the most recent years, a greater number of the most

recent developments have been published as open-source software [139].
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2.2.1 Relevant tools

Several relevant tools should be considered when adopting an AAT for programming ex-
ercises and projects.

A first example is repl.it, a proprietary online tool where teachers create assignments
that can be evaluated with unit testing or with input/output matching, depending on the
programming language [176]%. Students interact with this platform using a web-based IDE.
HackerRank [120] is a similar platform, originally developed for competitive programming
and programming interviews. While such services might be practical for small exercises,
they are not ideal for mid- to large-sized, multi-file projects, as they offer environments
far removed from common professional development workflows [173].

Some universities use open-source systems originally developed for setting up program-
ming contests. An example of this is Mooshak [106, 78]. Students interact with Mooshak
by uploading code files, which are then tested using input/output matching. Raccode,
Mooshak’s companion plugin, allows students to submit a code file directly from the Net-
Beans IDE [173]. Mooshak is geared towards the validation of assignments that can be
solved with a single source file, and thus better suited for simple exercises.

Web-CAT [64] is an open-source automated grading system in which solutions can be
uploaded via browser or submitted using a plugin for the NetBeans IDE. It is able to eval-
uate the code coverage of the student’s own tests. Assignment creation implies the manual
upload of the unit tests using web forms. Although Web-CAT is oriented for projects, its
NetBeans plugin makes it apt for small exercises [47]. Web-CAT’s recommended installa-
tion method is a pre-built WAR file® that can be downloaded from a Sourceforge page®.
However, it should be noted that the WAR file was last updated in 2008. The GitHub

7 contain commits after that date, thus the WAR file does not seem to have

repositories
the latest changes.

Another relevant tool is check50 [168], an open-source command line tool for assessing
the correctness of students’ code using tests written in a custom language. This tool
does not enforce any specific code structure (e.g., mandatory functions), which makes
it inappropriate for large projects, which need to be well-structured following software
engineering best practices [47]. The same authors developed a set of separate companion
tools for checking adherence to code style guidelines (i.e., style50), performing the actual
submissions (i.e., submit50), and plagiarism detection (i.e., compare50) [122].

The Canary Framework (CF) is a set of six independent programs based on real work-
place tools, such as GitHub, Jenkins, Checkstyle and Jacoco [79]. Like Web-CAT, Canary

1 As of August 2024, repl.it continues to exist but has shifted away from its original focus on educational
use, transitioning towards a more general-purpose, Al-based coding platform. The information presented
in this section was accurate as of 2022, when the respective publication was initially submitted. We have
chosen to retain this entry to provide a historical perspective on the tools available to educators and
students at that time.

SWAR files—Web Application Resource or Web application ARchive—are used to distribute a collection
of Java classes, HTML pages and other resources that together constitute a web-application.

Shttps://Web-CAT.org/projects/Web-CAT/InstallWebCat .html.

"https://github.com/Web-CAT.
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is able to measure the coverage of the student’s test code. This framework follows a con-
tinuous integration approach, which is more suitable for PB assignments [47]. The Canary
Framework only supports Git submissions, which may be a limiting factor for first-year
students. Although Canary Framework’s tools are announced as open-source, only half of
these seem to have their source code available®.

Drop Project (DP) is an AAT originally developed to support the development of
projects [48], offering submissions through ZIP file upload or via a Git repository, making
it less than ideal for smaller exercises. DP is fully open-source and can be readily deployed
using, for example, a Docker image [30]. This tool is complemented by an IDE plugin
which aims at improving its usability for small exercises. An in-depth discussion of this
tool (and the respective IDE plugin) will be presented in Chapter 3 of this thesis.

Finally, some AATSs are integrated out-of-the-box with learning management systems
such as Moodle [126]. An example is CodeRunner, which allows students to write and
submit code directly from the browser [116]. A distinguishable characteristic of this tool is
that it is able to assess OpenGL code [201]. Another example is the Virtual Programming
Lab (VPL), which also allows students to write and submit code directly in the browser
[185]. It can also be configured to disable certain text edition capabilities, like disallowing
copy paste from external sources.

Table 2.1 presents a comparison of the main characteristics of the discussed tools using
multiple relevant criteria.

When analysing the comparison table, consider the following informal definitions of
EB and PB suitability:

We consider an AAT as suitable for EB assignments if it allows submissions without
significant legwork. AATs based on web-editors are good examples of this, as submitting
code usually requires just a button click on the same interface where the code was written.
Conversely, AATs that require manual submission of a package (e.g., using a ZIP file)
are excluded, as this process is impractical for small exercises. Just imagine a student
implementing a int findMax(int[] numbers) function. Having to package their code
into a ZIP file and manually upload it to an online validation platform — and potentially
repeat this process if the code has issues — involves significant submission effort relative
to the size of the exercise.

An AAT is considered suitable for PB assignments if it supports multiple files and is not
based on web-editors. The reason for this exclusion of web editors is that, although some
of them support multiple files, they are are not an ideal option from a usability and tool
perspective [47]. This is because they typically lack the feature-rich code navigation and
refactoring capabilities of traditional desktop-based IDEs, which are particularly helpful

for handling larger code bases composed of multiple files.

8https://sos-cer.github.io/projects/auto-grading



Table 2.1 — Summary and main characteristics of the discussed AATs. “Open?” indicates whether the tool is open-source. “EB?” and “PB?” refer
to suitability for exercise-based and project-based approaches, respectively. The term “web-IDE” is used as a shorthand for “online code editors”.

Tool Open? Installation EB? PB? Beginner-Friendly?
repl.it No N/A Yes  No Yes (web-IDE)
HackerRank No N/A Yes No  Yes (web-IDE)
Mooshak Yes Pre-compiled JAR file Yes  No Yes (submissions via upload)
Web-CAT Yes Pre-compiled WAR file (from 2008); Yes * Yes  Yes (submissions via
source install requires upload and IDE plugin)
compilation of multiple sub-systems
check50 Yes Requires installation of multiple tools (e.g check50, Yes No Yes
style50, submit50)
Canary framework Partially P Requires installation of multiple tools No Yes  No (only Git
submissions)
VPL Yes Must be installed by Moodle’s administrator Yes No Yes (submissions via
upload and web-IDE)
CodeRunner Yes Must be installed by Moodle’s administrator Yes No Yes (web-IDE)
Drop Project 4 Yes WAR file compiled from latest Yes © Yes  Yes (submissions via

sources,/one-click deploy to

Heroku (single tool)

upload and Git)

STOO0L LNANSSHSSYV OILLVINOLAV ¢'¢

2 With EB plugin for NetBeans IDE. P Since the code for half the repositories is not available. © With the proposed plugin for IntelliJ IDEA. ¢ DP and the respective
IDE plugin will both be presented in Chapter 3 of this thesis.
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From our investigation, the AAT that comes closest to being suitable for both small
exercises and projects is Web-CAT. However, it does not appear to be easy to install,
deploy, and/or use due to a lack of updated binaries and documentation. In summary,
all of the AATs discussed so far have one or more types of limitations, which can be

summarized as follows:

e They are difficult to install, deploy, and/or use;

e They are inappropriate for beginner students, e.g., by only allowing submissions

using Git;

e They are unsuitable for assessing and evaluating multi-file projects (i.e., PB learn-
ing);

e They are unsuitable for assessing and evaluating small exercises (i.e., EB learning).

2.2.2 AAT cheating patterns

Research has also delved into students’ ability to work around automatically graded as-
sessments and get successful scores without performing the assignment as prescribed by
the teachers. The authors of [101] analysed students’ code submissions in two AAT-based

courses’, identifying and categorizing cheating attempts into 4 distinct patterns:

e Overfitting: Students’ code is hardcoded to match expected output; ineffective be-
yond the specific assignment’s tests. Overfitting corresponded to 63% of the cheating
attempts.

e Problem evasion: Students’ code fails to meet non-functional requirements (e.g.,

the use of recursion). It accounted for 30% of the cheating attempts.

e Redirection: Students call the reference solution from their own code. Redirection

corresponded to 6% of the cheating attempts;

e Injection: Malicious code is injected to change the assignment’s validation process.

This pattern corresponded to 1% of the cheating attempts.

Some of these issues, particularly Redirection and Injection, are highly dependent on
the AAT’s architecture. For instance, AATSs that isolate the reference solution from the
students’ code, such as [48], indirectly prevent Redirection. However, both Overfitting and

Problem evasion are cheating patterns which do not directly exploit AATSs’ weaknesses.

9Both courses used VPL to perform automated assessment.
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2.2.3 Feedback

Feedback is considered a facilitator of learning and performance [172]. In a literature re-
view focused on feedback, Shute defined formative feedback as information communicated
to the learner that is intended to modify his or her thinking or behaviour to improve learn-
ing [172]. Formative feedback can be presented to the learner using information (e.g.,
verification of response accuracy, explanation of the correct answer, hints) and can be
administered at various times during the learning process (e.g., immediately following an
answer, after some time has elapsed) [172]. Shute’s research also offered guidelines for
creating formative feedback. In a recent literature review focused on formative feedback
for computer science students [182], the authors concluded that, to better assist novice
programmers in learning programming, formative assessments must improve the presen-
tation of error messages. Finally, in a study evaluating the use of GPT-3.5 for generating
hints for problems detected by an AAT [141], students were divided into two groups — one
receiving GPT-based hints and the other only receiving regular AAT feedback. The use-
fulness of the GPT hints was assessed using a 5-point Likert scale; 46% of students rated
them highly (4 or 5), while 19% gave low ratings (1 or 2). The study found that students
with access to GPT-based hints tended to use the AAT’s default feedback less. However,

the findings also suggest some potential over-reliance on the GPT-generated feedback.

2.3 Large Language Models for CSE

2.3.1 Foundations of LLMs
Natural Language Processing

Natural Language Processing (NLP) is a field of Artificial Intelligence that focuses on
the interactions between computers and human languages, such as English or Portuguese.
NLP algorithms try to understand, interpret, generate and manipulate natural language
text or speech. The goal of this field is to enable computers to perform a wide range
of language-related tasks, allowing humans to interact with computers using natural lan-
guage.

In 1957, Noam Chomsky published a book called “Syntactic Structures” [39], in which
he proposed the notion that, for a computer to understand a language, the sentences would
have to be converted to a specialized grammar. Furthermore, Chomsky also created a type
of grammar which could methodologically translate natural languages into a format that
would be usable by computers. The concepts explored in this book were influential to the
future development of NLP.

Later, in 1958, John McCarthy (one of the original proposers of the term artificial
intelligence [128]) released the LISP programming language. LISP stands for ”LISt Pro-
cessor,” and Linked Lists are one of its main data structures [127]. Furthermore, LISP

code is written using Symbolic Expressions (commonly known as S-expressions), a paren-
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thesized notation for representing data and code as nested Lists [127]. This representation
is at the core of LISP’s design, enabling one of its most distinctive properties: homoiconic-
ity. Since LISP’s source code is itself represented using the language’s fundamental data
structure, S-expressions, programs can be easily manipulated and self-modified.

In 1966, Joseph Weizenbaum developed ELIZA, a computer program which allowed
natural language conversations between its user and itself. ELIZA allowed the implemen-
tation of ‘scripts’ which would interact with the user. These scripts were implemented
using a lisp-like representation (i.e., S-expressions). ELIZA used pattern matching to
identify keywords in the users’ sentences. Those keywords would then trigger specific be-
haviours. One of the most famous ‘scripts’ was called the DOCTOR, and would simulate
a psychotherapist, reflecting the user’s words back to them. This program would give the
user an illusion of understanding, but it had no actual understanding of what was said by
either party [198].

Later, in 1971, Terry Winograd developed SHRDLU, a computer program partially
written in LISP which allowed the user to interact with objects inside a virtual box filled
with different blocks. Users could move, name, collect and query the state of the objects.
This interaction was done using a conversational-style interface [200].

In the 1980s, scientific consensus existed with regards to the importance of building
large datasets to support research initiatives in NLP [125]. One of the produced datasets
was the Penn Treebank project (1989). This project produced a dataset of 4.5 million
English words annotated with tags representing their part-of-speech information (e.g.,
noun, verb, etc.) [125].

The following decade saw the introduction of statistical methods in NLP. A notable
work was Peter F. Brown et al’s “A Statistical Approach to Machine Translation”, pub-
lished in 1990 [32], which presented a groundbreaking approach to machine translation
using probabilistic models.

The early 2000s saw the appearance of Conditional Random Fields, a technique sup-
porting the prediction of structured objects, such as sequences, grids or trees, rather than
scalar or real values [103].

In 2006, Google launched Google Translate'®, a statistical machine translation ser-
vice, originally developed using documents and transcripts from the United Nations and
European Parliament.

Tomas Mikolov et al. introduced Word2Vec in 2013. This technique allows for efficient
representation of words as vectors which capture information about the meaning of a word
considering the words surrounding it in a sentence [131].

In 2015, Dzmitry Bahdanau at al. published a paper which touched on the concept of
‘attention’, a mechanism by which certain parts of the source sentence are given more or
less importance. This led to improved results when translating long sentences [19].

Finally, in 2017, Ashish Vaswani et al. published a paper called “Attention is All

You Need”, which proposes a new neural network architecture — the Transformer —, based

Ohttps://translate.google.com/
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solely on attention mechanisms [189]. This paper is considered to have spawned the LLMs
revolution.
Refer to Figure 2.8 for a presentation of the aforementioned works and papers in a

timeline format.

Language Models

Language Models (LMs) are tools which, after being trained with textual data (e.g., books,
websites, and so on), are able predict the next token in a sequence (e.g., the next word in
a sentence). These models are built from training data, usually composed of large body
of text, gathered from multiple sources such as books, the Wikipedia, online newspapers
and articles, and so on. Imagine a dataset where multiple instances of “Feed the cat” and
“Walk the dog” exist, but contains no instances of “Feed the dog” and “Walk the cat”.
If a model trained on such dataset is asked to complete the sentence “Feed the 77, it will
likely provide “cat‘’ as the most probable next completion, while “dog” would be a less
likely completion, since the model has never seen such use.

Multiple techniques exist for building language models. One example is the technique
known as n-gram language model, which is considered the simplest kind of language model
by some authors [93]. This type of language model assumes that the probability of the
next word in a sequence depends only on a fixed size window (i.e., n) of previous words.

Multiple practical applications of such technologies exist. An example would be a
word processor or e-mail client which displays possible completions based on the user’s
first few letters or words. Applications also exist in software development. For instance,
the authors of [161] experimented the use of n-gram language models to add API-based
auto-completion features to an Integrated Development Environment (IDE).

However, this technology is not without faults. If the training dataset contains mis-
takes, such as sentences with incorrect grammar or misspelled words, then it is likely that
the model will generate predictions with similar mistakes. This means that the models
are sensitive to their training data. Also, language models do not verify the respective
generated content: just because a certain prediction is likely, it does not mean it’s factually

correct.

Large Language Models

Building on the concept of LMs, researchers have developed an architecture called Trans-
former [189]. This architecture was first proposed in 2017 and displayed significant im-
provements in natural language translation, managing to surpass the state-of-the-art mod-
els in English to German and English to French translations, with the added benefit of
lower training costs [189]. This was done by the application of the self-attention (also
known as intra-attention) mechanism by which each token in a sequence is able to influ-
ence other tokens, helping the model capture long-range dependencies and relationships

and understand how different words in a sentence relate to each other.
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1957 Chomsky's “Syntactic Structures”

1966 ELIZA

1971 SHRDLU

1989 Penn Treebank (dataset)

1990 Statistical Approaches

2001 Conditional Random Fields

2006 Google Translate

2013 word2vec

2015 attention

2017 Transformer

2018 GPT and BERT

2020 GPT-3

2021 CODEX, GitHub Copilot

2022 GPT-3.5

2023 GPT-4, BARD, LLaMA, and Claude

2024 GPT-40, GEMINI, LLaMA 3.2, Claude 3

Present day

43

Figure 2.8 — Timeline of Key Milestones in Natural Language Processing Relevant to the

Development of Large Language Models.
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In order to understand the mechanism, consider the following simplified example. Take
the sentence “My car is blue”. When the language model is processing this sentence, a
vector representation is created for each of the four words. Afterwords, the relationship
between each word is computed. In this step, each word vector influences the vectors of
the words that come after it in the sentence. This means, for example, that the vector
for ‘blue’ is changed by the words: “My”, “car” and “is”. This process results in stronger
relationships between the words (and their vectors).

Multiple tools based on the transformer architecture have since been developed and
released. Some notable examples are OpenAl’s GPT (Generative Pre-trained Transformer)
[155], Google’s BERT (Bidirectional Encoder Representations from Transformers) [57] and
Google’s LaMDA (Language Models for Dialog Applications) [186].

2.3.2 LLMs in Practice

Landscape Overview

At the time of writing this thesis, OpenAI’s GPT-4 is considered the state-of-the-art model,
but it is not available for free (i.e., gratis). OpenAl currently allows free access to their
GPT-3.5 model (unlimited if used from the respective ChatGPT interface; API usage is
free up to a certain amount of tokens). Other Closed-Source alternatives, such as Google’s
Bard (based on their LaMDA model), Google’s Gemini [180] and Anthropic’s Claude [5]
exist. Moreover, multiple non-commercial models have also been made available. Some
notable examples are GPT-J [194], Mistral [92] and Meta’s Llama (Large Language Model
Meta AI) [187].

Commercial vs Open vs Open Source Models

As previously mentioned, several non-commercial tools also exist, with some of them
claiming to be Open Source. However, there is currently no universally accepted definition
of what constitutes an Open Source LLM or Artificial Intelligence.

We can start by presenting a sort of gradient of model releases which has been used
to describe LLMs in several publications: Closed models, Open-weight models and Fully
open models. This definition uses as its differentiating criteria the access to the model’s
weights as well as the openness of the training data [9]. Table 2.2 details this classification
as described by [9].

While this classification provides a helpful framework for understanding different lev-
els of openness in Al models, it also exposes a challenge: multiple levels of ‘openness’
exist, each with its own criteria. This tiered approach can blur the lines between what is
considered ‘open,’ leading to varying interpretations of how accessible and transparent a
system truly is.

The Open Source Initiative'' has recognized this gap and is currently working on

"https://opensource.org/
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Table 2.2 — Gradient of Large Language Model releases

Model Type

Description Examples

Closed models

GPT-3.5 [33]
GPT-4 [8]
Bard [179]
Gemini [180]
Claude [5]

Model weights are not available

Open-weights models

LLaMA [187]
Mistral. AT [92]
deepseek [28]

Model weights are available, but
training data or code are not
available

Fully open models

Bloom [105]
OLMo [76]
StarCoder2 [117]

Full access to model weights, code,
and training data

establishing a definition of Open Source AI'? [183]. This effort arises because many Al

systems, especially LLMs, consist of multiple components, not all of which are software.

Consequently, existing OS definitions and licenses are not always applicable. For example,

the datasets used to train LLMs are governed by different legal frameworks laws around

the world, which raises particular challenges when trying to open source such systems

[183).

The most current working draft (v.0.0.9)'? identifies 3 types of mandatory required

components in order for a data-based Al system to be considered Open Source: Data,

Code and Model. For each component there exists a more specific sub-list of what must

be made available under an OSS compatible license. The full list of mandatory components

is the following:

Table 2.3 — Requirements for Data, Code, and Model components of an Open-Source Al

system
Component Requirements
Data At least one of the following must be made available:
(1) datasets,
(2) research paper,
(3) technical report,
(4) data card
Code All of the following must be made available:
(1) data pre-processing code, (2) training, validation and testing code,
(3) inference code, (4) supporting libraries and tools
Model All of the following must be made available:

(1) model architecture,
(2) model parameters (e.g., weights)

As we can observe, the data component is the most flexible one, with multiple options

2https://opensource.org/deepdive
Bpublished on August 22, 2024




2.3. LARGE LANGUAGE MODELS FOR CSE 46

for open publication being given. This is, in fact, the biggest difference between the
classification ‘gradient’ proposed by [9], which only considers a model as ’fully open’ if the

respective training data is also open.

Evaluating LLMs

Since LLMs give non-deterministic (i.e., probabilistic) results, it is possible that some
of their attempts at solving a problem yield incorrect or incomplete results. As such,
multiple metrics have been developed to evaluate these tools, taking in consideration their

particularities. Some examples are:

e Perplexity - measures how well a language model can predict the expected next token
(or work) in a sample sequence. The lower the perplexity value, the better the model

is performing [91].

e Bilingual Evaluation Understudy (BLEU) - a metric used to measure the quality of

text which was machine translated from one language to another [142].

e Pass@k - measures the likelihood that at least one of the top-k generated solutions
contains a correct solution to a given problem or task. This metric was proposed by
OpenAl in the context of evaluating LLMs’ capacity to generate computer code [38].
It is calculated by generating multiple LLM-solutions based on a given prompt and,
running a set of unit tests over those solutions. If any of the generated solutions
passes all the unit tests, then it is considered a success. The value k gives further
information. If k=1 (i.e., pass@1), then the model’s first solution was correct. If

k=10 (i.e., pass@10), then at least one of the model’s first 10 solutions was correct.

Generic benchmarks

Furthermore, several benchmarks and question/problem datasets have been proposed
and used for evaluating LLMs. A first example is LLMsys, an online service where users
can write prompts that are simultaneously given to two randomly selected LLMs'*. Af-
terwards, the service displays the results for each of the anonymous models, and allows
users to vote on the output of their preference. These votes then calculate a score which
is used to rank the LLMs. Another alternative has been the usage of standardized tests
usually taken by humans wishing to access certain universities or professions. For example,
OpenAl reported having tested GPT-4 on questions appearing in Scholastic Assessment
Tests (SAT) such as the SAT Math test!®. They also reported testing the model with

6 as well as a variety of other certification-based

questions appearing on the Bar Exam!
tests regularly taken by humans [137].

Benchmarks and Datasets for Programming Tasks

1At the time of writing this thesis, LLMsys supports more than 50 LLMs
5The SAT is a standardized test widely used for college admissions in the United States.
16The Bar Exam is taken by students wishing to become lawyers in the United States
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A number of datasets have also been proposed for the evaluation of LLMs’ program-
ming abilities. One example is the Automated Programming Progress Standard (APPS),
which consists of 10 thousand examples of Python coding problems [80]. APPS problems
were collected from varying coding websites such as Codeforces [1] and Kattis [6, 66]. Un-
like other datasets, the majority of the problems is not based on single-function synthesis,
focusing instead on the generation of full programs which handle user input (stdin) and
output a result (stdout) [38]. A possible drawback of using this dataset is that it uses
problems from Codeforces and Kattis. Considering that it is a know fact that some GitHub
users have public repositories containing solutions for problems from these sources [38], it
is possible that an LLM trained on code publicly available on GitHub has seen some of
the problems and solutions during its training phase, which could distort its evaluation.

Another example is HumanEval, an hand-written dataset consisting of 164 Python
problems created for the validation of LLM-base code generation. Each problem includes
a function signature, a docstring (i.e., problem description), and several unit tests. The
problems were hand-written in order to promote some level of novelty, although it is not
ensured [38].

Also relevant is StudentEval, a dataset containing 1749 prompts which were written
by students with one semester of Python programming experience. The novelty of this
dataset is the fact that it contains prompts written by non-experts, unlike the majority of
other datasets [18].

Building on the fact that the majority of the proposed datasets is English and Python
centric, some researchers have started to produce alternative datasets containing multiple
programming languages and/or multiple natural languages. For example, the authors of
[17] have converted HumanEval to 10 programming languages. Furthermore, the authors
of [146] created a multi-language dataset, both in terms of natural languages (having
problems described in 23 languages) as well as in terms of programming languages (12 of
them).

Specialized language models: Code LLMs

Although general purpose models have demonstrated good performance on multiple topics
[8], researchers have also been working on the tuning and/or creation of models which are
specialized to certain knowledge domains.

One of the knowledge domains where this has happened is computer programming.
These models aim at supporting computer programmers with the generation of computer
code.

A Closed-Source example is OpenAl’s Codex. This model was based on GPT-3, but
it was additionally trained on code available on GitHub. Codex is the model behind the
original version of GitHub Copilot, a plugin which offers code generation capability for
IDEs such Visual Studio Code and IntelliJ IDEA. Copilot’s code generation is spawned by

inputting code comments such as “compute the sum of an array”, which the tool then uses
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to generate a code block that attempts to satisfy the comment prompt. Also dedicated for
computer code generation are the open source models CodeParrot [188] (based on GPT-2),
SantaCoder [10], StarCoder [111], StarCoder2 [117] and Code Llama [159].

The authors of [202] performed a systematic evaluation of some of these Code LLMs
(e.g., CodeParrot and Codex), using HumanEval as a benchmark. This study used several
versions of the tested models, with varying sizes (e.g., CodeParrot 110M, CodeParrot
15.B, Codex 300M, Codex 2.5B, and Codex 12B). The best model was Codex 12B, with a
Pass@1 of 28.81%, a Pass@10 of 46.81% and a Pass@100 of 72.31%. Furthermore, even the
smaller Codex 300M had better performance in the 3 metrics than the other non-Codex
tested models, showing that model size is not the single contributing factor to these models
performance.

Although these specialized LLMs have been successful at code generation, the reasons
for this are currently not well understood, leading some researchers to try and bridge
this knowledge gap. An example is [81], which evaluated 10 models (e.g., StarCoder,
Code Llama, among others) to determine how well they understand programming concepts
such as control flow, data flow and identifier names. This study concluded that the studied

models lack understanding of programming concepts related to control-flow and data-flow.

Other types of generative models

The models presented so far are known as text-to-text models, since they receive textual
input and return textual output. However, other types of LLMs exist. Two examples
are text-to-image and text-to-speech. An example of a text-to-image model is OpenAl’s
Dall-E, which is based on the previously presented transformer architecture [157].
Models with the opposite capability (i.e., image-to-text) also exist. A case in point is

CLIP (or Contrastive Language-Image Pre-Training), developed by OpenAl [154].

Multi-modal tools

Some of the most recently available tools are now capable of handling multiple input and
output types. Two examples of this are Google’s Bard/Gemini [102, 85] and OpenATI’s
ChatGPT with GPT-4 [136], which support both textual as well as image input.

Training Data

As previously mentioned, LLMs are sensitive to the contents and quality of their training
data. However, the details of the data used to train them are not always known. This is
particularly true for commercial models such as the GPT family, Bard and Claude.

For example, it is known that the GPT-3 model was trained using a filtered version of
the Common Crawl dataset!” (60%), an expanded version of the WebText dataset!® (22%),
two collections of books available online (8% each), and finally, the English Wikipedia

"https://commoncrawl.org/the-data
Bhttps://paperswithcode.com/dataset /webtext
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(3%) [33], while Google’s Bard was trained on dialogs from public forums (50%), code
documents from programming question/answer sites (12.5%), as well as web documents
(6.25% in English and 6.25% in other languages)[186]. However, these descriptions are
very high level and do not allow discerning the actual training data which was used.

This opacity raises some issues. First, it is possible that the training data contained
copyrighted works (e.g., literary works) [22], which, in turn, might lead the models to
output significant parts of said works, eventually resulting in legal issues such as copyright
infringement. This issue has prompted researchers to attempt to determine if these models
have been trained on copyrighted content and to what extend they can reproduce that
content.

For example, in [36], researchers performed data-archaeology using a technique called
‘membership inference query’ [171] to infer books that are known to ChatGPT (using
GPT-3.5), GPT-4 and BERT. The study used books which, under the U.S. law, are in
the public domain (e.g., ‘Alice in Wonderland’ by Lewis Carroll) as well as books that
are still under copyright (e.g., ‘Harry Potter and the Sorcerer’s Stone’ by J.K. Rowling
and 'Fifty Shades of Grey’ by E.L. James). In summary, these researchers reported that
OpenAl’s models (in particular, GPT-4) have likely been training with copyrighted works.
The authors of [94] evaluated multiple LLMs, such as LLaMA, GPT-3.5 and Claude, and
determined that the models appear to have ‘memorized’ large chunks of certain literary
works, such as ‘Harry Potter and the Sorcerer’s Stone’. While it is possible that these
were not memorized from the books, since sometimes fans of these works of fiction will
post portions of the books in online discussion forums, the fact that models are able to
reproduce their learned material verbatim might still be problematic.

This might result in both legal issues as well as some delay in the adoption of these
technologies by people and companies who might be afraid of the resulting legal issues.

Second, we are unable to determine if the dataset was curated in order to avoid biases,
incorrect but common practices, and so on.

It should be noted that some models claim transparency in terms of reporting their
training data. Two examples are GPT-J, which is reported to having been solely trained
on the dataset known as The Pile [194, 193, 73, 72], and StarCoder, which is reported to
have been trained on the dataset known as The Stack [111, 99].

Prompt Engineering

A prompt is a a natural language textual description of a task that an Al system should
perform. Although current LLMs, such as GPT-3.5, GPT-4 and Bard/LaMDA, are able
to perform some tasks from a textual description and without any extra training (i.e.,
zero-shot learning), research has found that their performance can be improved by the
application of multiple techniques, such as one-shot learning (a technique where the model
receives a single example case) and few-shot learning (similar to one-shot, but the model

is given a small number of example cases) [33].
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To better understand these ideas, let’s see an example of zero-shot learning in action
(model = GPT-4).

User:

Classify the following sentence as neutral, positive or
negative:

* The Foosball game was okay.

And here’s the model’s reply:

GPT-4:

The sentence "The Foosball game was okay." conveys a
neutral sentiment. It suggests that the experience
was neither particularly good nor bad, implying a

middling or average reaction to the game.

The model’s pre-training was sufficient to make it ‘understand’ what a neutral senti-
ment sentence looks like, and thus it is capable of classifying this sentence without needing
extra information.

Let’s try another variant of this task:

User:

Classify the following sentence as neutral , positive or
negative

* The Foosball game was beautiful.

Let’s observe the model’s reply:

The sentence "The Foosball game was beautiful." is

classified as positive.

Again, the models’ pre-training was sufficient to allow it to understand what a positive
sentiment sentence looks like.

Now imagine a similar classification task where the classification is not something
standard. For example let’s consider that we have a list of words, and our goal is to

classify them into 3 groups, called A, B and C. We expect group A to contain words which
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represent animals, group B to contain the words which represent colours and group C to

contain the words representing means of transportation.

Classify the following words into groups A, B and C:

yellow, boat, red, dog, horse, car

Here’'s GPT-4’s reply:
GPT-4:

We can classify the given words into three groups based

on common categories:

- xxGroup A: Colorsx*x
- Yellow
- Red

- *xGroup B: Animals**
- Dog

- Horse

- x*xGroup C: Vehiclesx*x*
- Boat

- Car

This classification sorts the words based on their

general types: colors, animals, and vehicles.

In this case, the LLM proposed a logical categorization, but it does not match the
desired one. In order to get a result which is closer to our goals, we can try to give the
LLM some examples.

Here’s an adjusted prompt with one example added (i.e., one-shot learning):
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User:

Classify the following words into groups A, B and C:
yellow, boat, red, dog, horse, car

Notes:

- words similar to ’dog’ should be placed in group A.

- words similar to ’yellow’ should be placed in group B.

And the model’s output is now:
GPT-4:

To classify the given words based on the notes provided:

- *xGroup Ax*x* includes words similar to ’dog’, which
suggests grouping animals or living beings. Hence,
’horse’ also belongs in Group A.

- **Group B** includes words similar to ’yellow’, which
suggests grouping colors. Therefore, ’red’ also fits
in Group B.

- *xGroup Cx** would then logically contain words that do
not fit into the categories of living beings or
colors. This includes ’boat’ and ’car’, which are

types of vehicles.

So, the classification is:
- x*xGroup A:*x*x dog, horse
- *xGroup B:**x yellow, red

- xxGroup C:**x boat, car

As the chat log shows, the GPT-4 model was able to use the extra information in
order to inform its categorization process, and was also able to give a correct reply to
the original exercise. We performed the same experience with Google’s Gemini, and the
results were equivalent 9.

In this experiment, two examples were given to inform the model: the groups which
should contain the words ‘dog’ and ‘yellow’. If we would would have given the model a
single example, this prompt would be considered one-shot. As we gave it more than one
example, it is considered to be few-shot prompting. In classification tasks such as the one

in the example, supplying one example per label is common. However, this might not be

9https://g.co/gemini/share/99a90d6£c237
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enough. In some cases, more than one example per label might be needed.
With the knowledge that it is possible to influence LLM’s behaviour with the addition
of information to the prompts, researchers have investigated and developed multiple other

prompt engineering techniques. A few notable examples are:

e Chain-of-Thought (CoT) prompting is a technique where the prompt explicitly
guides a language model through a series of intermediate steps or reasoning pro-
cesses to generate more complex or accurate answers [197]. In practical terms, this
is a type of few-shot prompting, in which the extra examples present the models with
reasoning processes that break the example problem down. This has been shown to

elicit the models to ‘think’ step-by-step which, in turn, leads to improved results.

e Self-consistency - An adaptation of CoT which was developed based on the idea that
people think differently and that there are multiple different ways of reaching the
same result [195]. To implement this technique, the model should be supplied with
the CoT prompt a number of times. Afterwards, the model’s reasoning paths are

ignored, and the most consistent result among the sample set is selected.

e Role Playing is a prompting technique which aims at augmenting zero-shot attempts
at a problem [100]. To apply this technique, users should prefix their prompts with a
description of the role which the LLM should assume (e.g., a profession). An example
would be: ‘From now on, you are a math teacher. Please answer the following math

question’ [100].

e Emotional stimuli - researchers have demonstrated that it is possible to get better
results from LLMs by including prompts which elicit some kind of emotional stimuli
[110]. An example of this would be suffixing a prompt with ‘Write your answer and

give me a confidence score between 0-1 for your answer’.

Limitations

Although they have impressive capacities, LLMs are not without faults. These models are
very sensitive to their training data: if the training data contains factual errors or other
types of mistakes (e.g., spelling and grammar), it is possible that the models will generate
similar mistakes. Moreover, just because a certain completion is likely or probably, it
does not mean that it is factually correct [113]. In fact, LLMs are known for generating
content that is coherent but factually incorrect. When this happens, it is said that the
model ‘hallucinated’ [113]. An example of this is the generation of false/non-existing
references (e.g., book titles and authors) when the model is asked to provide sources for
its information [50].

Furthermore, if the training data is somehow biased, it is likely that the model will
also displays similar biases [27]. Some examples are gender-biases, such as having a higher

likelihood of associating certain professions with one of the genders [181], and cognitive
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biases (e.g., against certain people groups), possibly leading to unfair decisions [61]. This
fact has led some researchers to investigate ways of reducing such biases from LLM’s
output [61].

In the particular case of computer programming code, it is possible that the models
were trained in low quality code [43]. In fact, some studies have determined that LLMs
sometimes suggest code with known vulnerabilities [144, 16]. Furthermore, although LLMs
such as GPT-4 have been shown to be able to detect some common security vulnerabil-
ities [67], they have demonstrated poor capacity to handle obscure and context-specific
vulnerabilities [67].

This makes it important to fact-check any information which is given by GPT, at
least when dealing with professional and other-wise serious subjects (e.g., by searching
for alternative sources). In the case of computer code, it is advisable to thoroughly test
and validate the output before using it in production environments. This can be achieved
by means of code reviews [67], unit testing [67], debugging, taking in consideration any

relevant best practices [43, 67] among other criteria [67].

Difficulties and Challenges for Researchers

Since these models have a probabilistic component, their behaviour is not deterministic
[27, 160]. As such, the same experiment repeated twice might yield different results, which
creates some difficulties in terms of reproducing scientific results [160].

Although some models allow controlling the level of randomness, this is not possible in
all models or use cases. For example, GPT-based models have an hyper-parameter called
‘temperature’ [135]. In short, the lower the value of this parameter, the more deterministic
the model will behave, since the model will always select the more probable next token
[135]. Increasing the value of this parameter will induce more randomness, in the sense
that less probable tokens will be selected more frequently [135]. However, this parameter
can only be changed when using GPT from the respective API. That being said, it should
be noted that ChatGPT has more functionality than the underlying GPT models, since
ChatGPT is specialized application of GPT that’s fine-tuned for dialog applications [65].
As such, since the majority of end users will probably use the models from the respective
chat interfaces, since it’s much easier to access and use, it is important to study these
interfaces and not only the models. Two common strategies that are being employed
by researchers to minimize issues raised by the lack of determinism is the execution of
multiple trial attempts for the same task and the execution of multiple similar tasks.

Another challenge arises from the fact that these model’s behaviour is not static, since
they are under continuous development. For example, research has shown that GPT-4’s
accuracy in the task of identifying prime vs. composite numbers dropped from 84% in
March 2023 to 51% in June 2023 [37]. This lead the same researchers to suggest that
regular monitoring of these tools should be performed, in order to evaluate their progress

over time.
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More recently, some researchers have started to propose strategies to address and mit-
igate some of these challenges. The authors of [160] proposed an initial set of guidelines
for LLM producers, as well as for researchers working working with or evaluating LLMs
within the scope of Software Engineering research. For example, they recommended that
LLM providers make their training data more transparent, by creating API’s which al-
low checking if a certain source was included in the training dataset. Furthermore, they
recommend the presentation of versioning information in order to allow users to discern
the significance of model version changes. Furthermore, they recommend that researchers
evaluating LLMs use multiple runs with the same prompts in order to evaluate the mod-
els” output variability. They also recommend that researchers make available execution

metadata, such as model version, exact prompts and execution dates.

Educational impact

Some studies [205, 178, 68] have evaluated students’ acceptance of ChatGPT using surveys
based on frameworks such as the technological Acceptance Model (TAM) [190, 192]. This
framework is a theoretical model which attempts to explain how users come to accept and
adopt a certain technology. This is done by the means of structured questionnaires which
attempt to evaluate how the potential users perceived the technology’s usefulness and ease
of use, amongst other factors. These studies reported generally positive outlooks towards
using this tool: for example, in the first study (N=239), participants graded ChatGPT’s
perceived usefulness with 67.6% and their behavioral intention to use ChatGPT was 60.9%,
while, in the third study (N=277), only 28% of participants had “low to no” intention of
using ChatGPT. The third study also examined participants’ views on the ethics of using
ChatGPT and found that some students had ethical concerns about its impact on academic
integrity. Despite those ethical concerns, 75% of students agreed that the tool should be

used in accordance with academic integrity guidelines, as a support tool.

2.3.3 Large Language Models’ Impact on CSE

The previous section briefly explored these tools’ impact on education in general. This
section will be focused on their impact on computer science education.

Much research has focused on LLM’s capacity to solve exercises typically used in
computer science courses, with the goal of determining to which extent LLM’s can be
used to pass CS courses with minimal or low effort being employed by the students. This
has happened across multiple CSE topics, such as introductory programming [153, 158,
164, 163, 162, 199, 203], data-structures [70], object-oriented programming [164, 138, 41,
162, 43], functional programming [149], and information security [123].

Research has also evaluated CS educators’ perceptions and opinions about these tools
and how to react to their existence [104]. In a study with 20 introductory programming
instructors from accross 9 countries, researchers evaluated instructors plans to react to

LLMs, both in the short-term and in the long-term. In the short-term, all inquired
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instructors displayed concerns about cheating, which led them to opt for one or more of
the following: a) give more weight to exam scores, b) ban the use of AI tools, and, c)
expose students to Al’s capabilities and limitations. However, with regards to the long-
term plans, instructors were divided in two groups: some of them wanted to resist the
use of Al tools and continue teaching programming fundamentals, while others wanted
to embrace these tools by integrating them in their classes, to help both students and
instructors [104].

More recently, researchers surveyed 92 students enrolled in an OOP course in order to
determine what kind of resources they use to get help during that course and in previous
courses [145]. This study was not focused on LLMs, since it evaluated the use of multiple
resources, such as (getting help from) colleagues, (paid) tutoring, communities, auto-
complete, Copilot and LLMs. The study concluded that 74/92 (84.8%) of the students
used some kind of such resource, both before and during the OOP course. Furthermore,
LLMs were identified as the most common resource used (before OOP: 50/92, during
OOP: 70/92), followed by colleagues (before: 45/92, during: 62/92), communities (before:
42/92, during: 67/92) and auto-complete (before: 34/92, during: 37/92). The study also

reported that usage of GitHub Copilot and paid tutoring was considered residual.

2.3.4 Challenges
Programming Courses

Much research has investigated the impact of GPT-based tools, such as Codex, GPT-3.5
and GPT-4 in solving the types of assignments which are usually common in introductory
programming courses, which are usually solved with a single function that receives a set
of parameters and transforms them into an expected output. Such exercises are usually
prescribed using natural language descriptions (e.g., “Create a function that receives an
integer array and returns the sum of its elements”). Students have to interpret the tex-
tual description of the problem, devise an algorithm to solve it, and then create computer
code that implements the algorithm. This is particularly common for introductory pro-
gramming exercises [11]. For example, in [38], researchers managed to solve 70% of 164
Python programming exercises using code generated by Codex, a GPT-based language
model trained on code publicly available in GitHub. In [69], Codex was evaluated using
23 introductory programming assignments, and managed to make the 17th position when
ranked alongside 71 students.

Research has also evaluated how these tools handle exercises prescribed in alternative
ways to the classical natural language descriptions. One example is [158] focused on
Codex’s capacity to handle Python-based Parsons problems [143] and revealed that the
model solved 50% of the cases when indentation errors were considered, and 80% when
those errors were ignored.

These tools have also demonstrated some success when handling exercises related with

more advanced topics, such as recursion, searching, sorting and program efficiency [70].
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GPT-3 and GPT-4 have also been shown to be able to handle object-oriented program-
ming exercises [164, 138, 41, 162, 43], although not always following OOP’s best practices
[41, 43]. For example, [138] evaluated ChatGPT-3.5 and ChatGPT-4 using 80 diverse
Java programming exercises, 28 of which were related with OOP. These OOP-related
exercises were mostly directed, since they consisted on 1) instantiating and modifying ob-
jects considering an API’s documentation as well as some example source code, and, 2)
implementing classes considering a supplied UML diagram. This study reported that the
studied LLMs were able to generate partially correct solutions to the exercises. In [164],
researchers investigated how well GPT-3 (“text-davinci-003”) solves Python program-
ming exercises, including some OOP-related ones. They reported that the LLM solved
84.4% of the OOP-related exercises. However, similarly to the previous study (i.e., [138]),
these exercises were very directed, with students receiving direct instructions of which
classes, constructors and methods they should create and in which files they should be
placed. The same researchers repeated their study using GPT-4 in [162] and reported that
the LLM was now able to solve 100% of the OOP-related exercises. Other studies have fo-
cused on less directed exercises and on the models’ ability to respect OOP’s best practices
[41, 43]. More concretely, those two studies evaluated GPT-3.5 (“text-davinci-003")
and GPT-4 using both functional as well as code quality criteria, using assignments which
require some level of inference about how classes should be related and in which classes
some of methods should be implemented in, and reported that GPT-3.5 was able to pass
an average of 68.66% of the functional requirements, but it only passed an average of 50%
of the code quality requirements. Furthermore, this study reported that GPT-4 achieved
better results, passing 81.44% of the functional requirements and 66.67% of the code qual-
ity requirements. Another piece of research evaluated the capacity of GPT-4 with ‘vision’
support to generate code from UML class diagrams, and reported that the model was
able to generate partially correct code for an average of 88.25% of the elements presented
in the diagram. The study concluded that model proficiently handles single-class UML
diagrams (frequently generating all the required elements), but struggles with multi-class
UML diagrams [13].

Although research on Google’s Bard is more limited, it has also been the subject of a
couple of papers. In [56], researchers studied Bard’s capacity to implement single-function
Java exercises (which are similar to what is used in introductory programming classes)
and reported that Bard solved 53.1% of the single-function exercises, while GPT-3.5 solved
90.6%. The authors of [43] evaluated Bard’s capacity to handle multiple real-world object-
oriented programming assignments both in terms of functional requirements as well as in
terms of code quality, reporting that the model was able obtain an average score of 65.15%
in the functional requirements evaluation and 50% in the code quality evaluation.

Research has also demonstrated that these tools are also able to handle multiple pro-
gramming languages. In particular, that proficiency has been demonstrated for at least
two very popular teaching languages, Java and Python [174, 25]. Also, the interaction

language does not seem to be a limiting factor for GPT, since some of these studies have
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been done in languages other than English, such as Portuguese [41, 43] and Czech [123].

Other CS courses

LLM’s impact in CS is not limited to programming. Studies have shown their proficiency

in other CS fields, such as, for example computer security [123] and bio-informatics [148].

2.3.5 Current Approaches
Resist a.k.a. Fight!

Some educators have chosen to oppose the transformations introduced by these tools,
implementing strategies to curb their utilization [104]. Common strategies are the use of
blocking technologies (i.e., prevent students from accessing ChatGPT or Bard’s websites
from the University’s Network), and the use of Al-generated-text detection tools.

While the first approach may work within the university’s physical boundaries, it is not
assured, since some students might have their own dedicated Internet connections, which
will not be subject to the same blocks and filters. Also, that solution will not work outside
the university, since students will be able to access these tools from their own homes or
from other locations where unfiltered Internet access is available. Filtering the access from
within the universities premises also has the potential of creating unfair situations, where
students with better economical situations have access to the tools, while students who
cannot afford their own Internet connections will be at a disadvantage.

With regards to the second approach, it is not yet clear if it is actually possible to
implement such a detector [71]. Researchers have experimented tools such as Measure of
Software Similarity (MOSS), to try to detect code generated by the Open-Source GPT-J
LLM and reported that, not only did MOSS fail to trigger any plagiarism suspicion, but
the generated code is diverse in structure, lacking any particular tells that could inform the
development of new detection tools [29]. Also, several news articles have been published
about students who had been incorrectly accused of using Generative Al to produce some
of their school work [98]. Some news outlets have also reported cases of Universities
abandoning Generative Al Detection tools [35, 49, 7].

Moreover, OpenAl — the developers of the GPT models family —, which had a project
to develop a classifier for Al-written text, has decided to abandon that project a few
months after its original deployment, a decision which was justified with the tool’s ‘low
rate of accuracy’ [90].

More recently, studies such as [82] have tried to use code quality and style metrics to
detect Al generated code, being able to signal, with some confidence, that the quality of a
certain piece of code is much higher than the expected for novice programmers. However, in
this thesis’ author’s opinion, such approaches also have their limitations, since 1) students’
coding style tends to evolve over time, and 2), in some more advanced topics and courses,
such as Object-Oriented Programming, students’ code is expected to be of higher quality,

potentially making style detection less effective.
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Another suggested approach is to remove certain detail from the assignment’s text, in
order to make it more difficult for the LLM to solve the problem [191]. This idea is actually
supported by older CSE research (1979) which recommended that some exercises left out
details in order to force students to consider the possible alternatives for the omitted details
and make reasonable decisions [165]. The authors of [191] experimented the performance
of Copilot with various levels of suppressed instructions. This study was based on 153
exercises from the CodeCheck website [83]. In the first evaluation, they only fed Copilot
with the function signature. In the second evaluation, they also added example test-cases
until Copilot was able to give a correct solution. In the first evaluation, Copilot was able to
pass 78 of 153 problems (slightly above 50%). In the second evaluation, they analysed the
75 problems which Copilot could not give a solution by augmenting the request with one
or more examples. Of those 75, 56 required an average of 1.66 examples. By joining the
results of both experiments, this study determined that Copilot was able to solve 134/153
problems (87.6%) requiring 0.7 examples on average. These authors concluded that it is
unlikely that LLMs such as Copilot can be fooled by simple reduction of problem details,
and recommended that future research focus on other variant of code-writing problems.

Another strategy to fight LLMs is to increase the weights given to proctored evalu-
ations, and proportionally reduce the weight of practical or laboratory evaluation com-
ponents, which are probably done in conditions more favorable to cheating and abusing
from LLMs (e.g., outside the classroom, at home, and so on) [104]. The authors of [208]
conducted semi-structured interviews with 18 participants (12 students and 6 instructors)
in order to investigate the respective experiences and preferences regarding the use of
LLMs in computing courses. Amongst other findings, they reported that students and
instructors disagreed on how to adapt the assessment, with instructors wanting to give
more weight to proctored evaluations and reduce the weight of lab exercises, while students
considered that the weight of programming labs should not be changed, indicating that
those materials are valuable to their understanding [208]. In the opinion of this thesis’
author, this seems to indicate that performing profound changes to the grading schemes
might have negative consequences. One possibility is that significantly reducing the weight
of the practical components might reduce students’ motivation to work on them, possible
meaning that students will make higher efforts on rote memorization than on computing
skills development (e.g., computational thinking).

Finally, some educators plan to or are experimenting with ways of prescribing exercises
which do not use natural language descriptions [104]. One example is [44], which proposed

a new visual notation for describing OOP exercises and projects.

Embrace

Multiple studies have proposed utilizing Large Language Models (LLMs) in Computer
Science Education (CSE). The suggested applications are diverse, including classroom

integration, content generation (such as explanations), question generation, and the de-
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velopment of digital teaching assistants or tutors.

Educators who opted to integrate these technologies within the classroom had plans
such as giving personalize help to students, helping instructors with time-consuming tasks,
shifting introductory courses from code writing to code reading and critique, creating more
open-ended design assignments, and having students work collaboratively with AT [104].

On the topic of helping students and instructors, some research was published with
regards to LLM’s capacities to generate pedagogical content. An example of this is [108],
which compared code explanations generated by LLMs with those created by students and
concluded that the LLM-produced explanations are rated as being easier to understand
and more accurate than the student-produced ones.

On a similar note, the authors of [60] compared Multiple Choice Questions (MCQs)
generated by GPT-4 with those created by humans. This study concluded that GPT-4 is
capable of generating MCQs with clear language, a single correct choice, and high-quality
distractors [60].

Some researchers have analysed the logs of interactions between students and LLMs.
The authors of [96] analyzed the interaction logs of learners aged 10 to 17, recruited from
programming bootcamps, and verified how the availability of Codex (a GPT-based LLM)
impacted their ability to independently learn Python. They found evidences of learner’s
self-regulation, with some learners actively adding code to test the Al-generated code,
as well as over reliance, with some learners submitting the assignment’s instructions in a
single prompt. In [153], researchers studied how first year students use Copilot (a GPT-
based code generation code, trained on code publicly available on GitHub) to solve a
typical assignment on an introductory programming course, and found that these novice
students struggle to understand and use Copilot, and are wary of the tool’s implications
(i.e., such as not being able to understand the generated code), but are optimistic about
integrating the tool into their future development workflow. Finally, the authors of [151]
analyzed the GPT interactions of students in a upperlevel course on applied logic and
formal methods, using an IDE plugin. They reported that the most common interaction
types were 1) asking the LLM to write a formal specification, which accounted for 31% of
all prompts, with the LLM’s response considered relevant in 78% of cases; (2) asking the
LLM to explain assignment-related concepts, which made up 15% of prompts, with the
LLM’s response deemed relevant in 91% of instances; and (3) asking the LLM for a text
specification, which accounted for 11% of prompts, with the LLM’s response considered
relevant in 97% of cases. The authors of [18] asked 80 students with a single semester of
programming background to write prompts for 48 problems and found that the students’
prompts can be ambiguous to LLMs.

Some research has also been done on the topic of student evaluation. For example,
the authors of [75] experimented an evaluation pipeline in which GPT-4 performed a first
evaluation of the student’s work in a parallel functional programming class. Afterwards,
they compared GPT-4’s assessments with that of human graders, concluding, among other

finding, that 1) the tested LLM has the capacity to accurately identify correct code sub-
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missions in 98.21% of the times, 2) human oversight during the assessment process is still
needed, since the model sometimes marks correct code as incorrect, and 3), the tested eval-
uation pipeline resulted in grading time being decreased by 81.2%. LLMs have also been
used to objectively grade “Explain in plain English” questions, which have traditionally
been challenging to manually grade [55].

Finally, some researchers go a step further and propose changing course contents in
order to teach students how to interact and use these tools in a correct and realistic
way which prepares them for the future job market. A notable example is the work on
Prompt Problems, a novel pedagogical instrument which presents students with diagrams
containing input/output pairs which students must analyse in order to determine what the
function or program should do [52, 53]. The same researchers also implemented Promptly,
a web-based tool which presents students with one of the mentioned diagrams, allows
students to write an LLM prompt describing the exercise, and then submits the prompt
to the LLM. Finally, it runs the LLM’s output on an AAT, and uses the AAT’s results to
evaluate the quality of the prompt [52, 53]. This tool was well received by students, who
identified some benefits, such as the exposure to new coding constructs, and enhancement
of computational thinking, due to the need to break down the problem in order to write

a prompt with precise instructions.

2.3.6 CS Students perception and acceptance of LLMs

A few recent works have evaluated CS students’ opinions on ChatGPT and similar tools [208,
152, 114, 175, 156, 206]. The authors of [208] conducted semi-structured interviews with
18 participants (12 students and 6 instructors) in order to investigate the respective expe-
riences and preferences regarding the use of LLMs in computing courses. Amongst other
findings, they reported that 1) students were interested in having LLM-oriented classes
(consistent with [175] which surveyed 430 CS MSc students), 2) students and instructors
were concerned about the trustworthiness of these tools, as well as the potential for stu-
dents to become over-reliant on them, 3) instructors had less experience with LLMs than
students, and, 4) students and instructors disagreed on adapting the assessment, with
instructors wanting to give more weight to proctored evaluations and reduce the weight of
lab exercises, while students considered that the weight of programming labs should not
be changed, indicating that those materials are valuable to their understanding. In [152],
researchers used surveys to evaluate the opinions of 57 instructors and 171 students. A
significant amount (72%, approximately 123) of those students were enrolled in computer
science or other related majors (e.g., software engineering). Amongst other findings, this
research found that 1) students had slightly more experience using generative Al for code
generation than instructors, which is coherent with the findings of [208], 2) both instruc-
tors and students strongly agree that generative Al cannot replace human instructors,
and 3) first-year students seem to prefer getting help from their peers, while upper-level

students seem to prefer using generative Al over other resources. The authors of [206]
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assessed 41 students’ views on using ChatGPT for learning programming, noting benefits
like quick responses and debugging aid, and drawbacks such as encouraging laziness and
giving wrong answers. Finally, the authors of [114] used a 3-question survey to assess the
efficacy of CodeHelp, a tool that acts as an intermediate between the student and GPT,
in order to prevent students from over-relying on the LLM. The survey yielded mostly

positive student feedback regarding the usefulness of the tool.



Chapter 3

Automatic Assessment Tools for

Object-Oriented Programming

3.1 Chapter summary

This chapter addresses the problem of creating an AAT which has the necessary charac-

teristics (or requirements) for OOP education:
e supports multiple-files
e evaluates the code’s correctness using unit tests
e checks the code’s quality
e supports both exercise-based as well as project-based learning methodologies

This chapter is divided in three parts.

The first part (section 3.2) is strongly related with the publication titled Drop Project:
an automated assessment tool for programming assignments (published in Soft-
ware X, Q2, 2022). It describes an Open-Source AAT called Drop Project (DP), whose
characteristics are suitable for OOP education: it handles submissions with multiple files,
supports unit testing instead of input/output matching and it allows checking not only
the correctness of the student’s code but its quality as well. As such, it fulfils the first
three requirements of an AAT for OOP education.

Afterwards, the second part (section 3.3), is based on the publication titled Bridging
the Gap Between Project-Oriented and Exercise-Oriented Automatic Assess-
ment Tools (published in Computers, Q2/Q3, 2024). It explores the idea that some AATs
are more suitable for small exercises, while others are better at handling mid-to-large size
projects. Building on this idea, we present an IDE plugin which allows students to submit
their code to the DP AAT without leaving their work environment. This plugin makes
DP more apt at supporting students with the development of small exercises, contributing

to easier implementations of mixed learning environments which is an advantage for OOP

63



3.2. DROP PROJECT 64

education. DP, paired with this plugin, fulfills the fourth requirement of an AAT for OOP
education.

Finally, the third part (section 3.4) strongly relates with the publication titled Seven
Years Later: Lessons Learned in Automated Assessment (presented in the 5th
International Computer Programming Education Conference, 2024). Our multiple years
of experience with automatic assessment allowed us to learn and gather a set of rules
and recommendations about test-case construction and feedback definition. These are
rules which we share with new teachers who join our courses and have to prepare new
automatically evaluated assignments, since we have observed multiple situations where
educators without experience in automatic assessment define assignments which do not
give students enough support or which expose too much information, facilitating certain
types of cheating. This publication presented those rules and recommendations to the

CSE community, in an attempt to raise the community’s awareness to these problems.

3.2 Drop Project: An automatic assessment tool for pro-

gramming assignments

3.2.1 Introduction

This section presents Drop Project (DP), an Automated assessment tool (AAT) which
addresses a number of issues found in existing systems, and in which students can submit
projects and get detailed feedback on their quality.

DP is in production use since 2018 at the Luséfona University’s Bachelor in Computing
Engineering! (BSc), and its development was motivated by a number of factors. The first
was the increase of enrolled students year over year, which was resulting in the grading
process getting progressively harder and more time-consuming. It was particularly hard
to ensure that all of the students’ projects were subject to fair and equivalent assessment
by the different teachers. Thus, we decided to use, adapt or implement such a system.
Submission flexibility was an important software selection criteria, i.e., the tool should
ideally accept both beginner-friendly web upload submissions and submissions via a Git
repository, thus being useful for students and courses of all levels. Unfortunately, the
AAT landscape did not offer a free and open-source, production-ready solution with this
flexibility at the time, which prompted the initial development of DP.

Refer to table 2.1 for an overview of some relevant AATs as well as their limitations
and adaptability to our use cases.

DP is based on the principles and technology underlying most continuous integration
servers. It relies on Maven [14], the most popular build automation tool for the languages
that run on the Java Virtual Machine (JVM), such as Java, Kotlin or Scala. In DP,
assignments must conform to the Maven standard format. Thus, they are easily shared

and reused across several courses, eliminating a common complaint in AATs: the lack of a

"https://www.ulusofona.pt/en/undergraduate/computing-engineering
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uniform format or structure that facilitates the portability of assignments and submissions
(e.g., for sharing of assignments between teachers and institutions) [62].

In DP, feedback is based on multiple types of validations. For example:

e Unit tests, to validate functional requirements.

e Code quality, e.g., by checking if all variables are using the expected casing and if

the code is respecting the indentation standards.

e Execution time and memory usage, useful for courses where computing efficiency is

relevant.

With this tool, students can check with full autonomy if their work satisfies the re-
quirements that have been defined for the assignment. This gives them the opportunity to
improve their work before the deadline, as opposed to the more traditional method where
students would only receive feedback after the work had been delivered and usually in the
form of a grade.

This section makes the following contributions:

e Proposes an open-source, production ready, easy to deploy tool geared towards mid-

size, multi-file projects - called Drop Project;
e Presents the results of a student survey evaluating the proposed tool;

e Presents an overview of DP’s impact in our educational practice.

This section is organized as follows: the software is thoroughly described in ‘Software
description’ (3.2.2), and a number of examples are presented in ‘Illustrative Examples’
(3.2.3). Afterwards, in ‘Deployment’ (3.2.4), we explore how DP can be experimented
with and deployed to production. The impact DP has had on our teaching practice is

discussed in ‘Impact’ (3.2.5). Finally, ‘Conclusions’ (3.2.6) closes the section.

3.2.2 Software description
Assignments and Submissions

The two most important concepts in DP are assignments and submissions. Assignments
are created by teachers and represent a problem (e.g., exercise, project, etc.) to be solved
by the students. The assignment contains a set of instructions that the students must
follow, as well as any code or configuration that is needed in order to evaluate the stu-
dent’s work, such as unit tests. Submissions are performed by students, according to the

assignment instructions, with the primary goal of passing all the unit tests.
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assignment
pom.xml (defines dependencies and plugins)
checkstyle.xml (specific config for checkstyle plugin)
other plugin-specific config files.....
instructions.html (assignment instructions)
Src

main

. (reference implementation source files)

test

. (JUnit test files to wvaltidate submission)

Figure 3.1 — Assignment folder structure.

Workflow

Teachers create assignments as standard Maven projects, as illustrated in Fig. 3.1. The
pom.xml file defines the Project Object Model, which contains information about the
project, as well as any configuration details used by Maven during the build process.
This includes dependencies from third-party libraries and the project’s build life cycle.
In its most simple form, the build life cycle fetches dependencies, compiles and packages
the project. Nonetheless, depending on the plugins configured in the pom.xml file, the
build cycle can perform dozens of other tasks, such as checking compliance with coding
guidelines, unit testing, integration testing, calculating quality metrics, determining test
coverage, deploying to the cloud, and more. Some plugins require additional configuration
files. For example, the Checkstyle [88] plugin—which can, for example, check if all variable
names are at least 3 characters long—requires the checkstyle.xml file. The assignment
must include at least a JUnit [74] test class in the /src/test folder and a Main class
with the reference implementation, that must pass all the tests. This is important since
it reduces the possibility of errors in the test cases, which happen more frequently than
desired [87].

Assignments are stored in a private Git repository to which DP must be connected
using the standard access keys made available by the repository provider. Any changes
made to the assignment are easily updated in DP through a simple refresh button.

A video demonstration of the workflow from both the teacher’s and the student’s point

view is available at https://www.youtube.com/watch?v=65IwIBuMD1E.

Software Architecture

The application is developed in Kotlin and uses the Spring Boot framework [184]. This
framework handles several facets of an application such as request dispatching, authen-
tication, form validation, HTML rendering, error handling, asynchronous execution and
integration tests.

DP’s architecture, presented in Fig. 3.5, is based on the MVC (Model View Controller)
design pattern and integrated with Spring Boot. Students and teachers interact with the
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system via a web application. HTTP(S) requests are handled by a set of controller classes
and respective methods. For example, the AssignmentController manages the creation
and edition of assignments. Services use automatically injected Repository classes that
handle all database operations and model classes that mimic the database tables (i.e., for
each table there is a corresponding model class). Relevant examples of services are the
AssignmentValidator, which checks assignments for consistency and correction (e.g., is
the reference implementation passing the assignment’s tests?), as well as the GitClient
and the ZipService, which support the Git and Upload submission methods, respectively.
The JacocoResultsParser handles the parsing of students test coverage results, and
the JUnitResultsParser manages the parsing of JUnit test results for each submission.
Some services interact directly with the file system, such as the JacocoResultsParser
and JUnitResultsParser, which read the files produced by the MavenInvoker class. The
latter interacts with the Maven Invoker open-source library [166], allowing programmatic
execution of Maven builds. This library runs as a service, as shown in Fig. 3.5, and
is a core component of DP’s workflow, discussed in the next paragraph. As mentioned
above, the model component mimics the database and represents domain concepts such
as Assignment, Submission and Author (i.e., Student or Teacher). Data persistence is
achieved through the Java Persistence API (JPA).

Fig. 3.3 presents the evaluation pipeline followed by DP. Maven executes in its own
JVM, properly sandboxed by a custom Security Manager that acts at the Java API level
(e.g., checking unauthorized file access or system calls). This sandbox has the advantage of
isolating student’s code from the teacher’s code, preventing security problems that could
arise if the former could invoke the latter [101].

Additionally, DP provides a web interface where (1) students can submit their projects
by uploading a ZIP file or connecting to a Git repository, (2) students can see the corre-
sponding build reports, as shown in Fig. 3.4a, and, (3) teachers can create and configure
assignments by connecting to a Git repository containing the Maven “master” project.
Teachers also have access to several reports such as submissions for a given assignment
and the submission history of a given group.

DP’s code is unit tested and, as of July 2021, the test suite is achieving a code coverage
above 75%.

Software Functionalities

DP provides teachers and students with the following features:

Supports submissions with multiple code files Students can submit multiple code
files. Using multiple files is common a way to improve code organization, particularly

in mid-to-large scale projects.

Standard assignment format Assignments are Git repositories with a Maven project,

following a standard (i.e., not specific to DP) configuration.
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Repository Class
Extending CRUD Services

Dependency
Clients Controllers Services Injection Model
Student HTTP(S) AssignmentController AssignmentService Assignment
Teacher requests LoginController AssignmentValidator AssignmentACL
ReportController BuildWorker AssignmentTag
UploadController GitClient AssignmentTestMethod
JacocoResultsParser Author
JUnitResultsParser BuildReport
Maveninvoker JacocoReport
SubmissionService JUnitReport
Views ZipService SulbrrTlssmn
SubmissionReport
assignment-detail.html
assignment-form.html
build-report.html JPA / Spring
report.html Data
login.html
student-upload-form.html =
File
Database
System

Figure 3.2 — DP’s high level architecture, based on the MVC pattern and integrated with
Spring Boot. Only the most relevant classes are presented.

Individual and group submissions Besides standard individual submissions, DP sup-

ports submissions performed by groups.

Programming Languages Java and Kotlin are supported out-of-the-box. Since Maven
runs on the JVM, integration of other JVM languages, such as Clojure and Scala, is

trivial.

Cool-off period Teachers can define an optional waiting period between submissions in

order to minimize “trial and error” approaches by the students [23].

Access-control lists DP supports (optional) per assignment access-control lists in order

to ensure that only authorized students have access to specific assignments.

Multiple submission methods DP supports Git (e.g., GitHub) and ZIP file submis-
sions, allowing teachers to adapt the assignment submission procedure to the stu-

dent’s experience level.

Public tests Unit tests for evaluating submissions that give complete feedback to stu-

dents. Note that only the feedback is public, i.e., the test code itself, is not public.

Private/hidden tests Unit tests for evaluating submissions that offer no feedback or

partial feedback to students.
Student’s own tests DP is able to run and evaluate unit tests defined by the students.

Submission timeout detection DP is able to detect and abort the evaluation process
when a student’s submission is taking too long to execute, which allows interrupting

solutions that have infinite loops or solutions that are not optimized.
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ClassB.java

ClassA java
Main.java
upload or Git Results summary

Student functionl() { ... }

2
7]
2
c
2

Coverage

| TestTeacherMain java

Checkstyle
Compile

Submission
Combine with
assignment

' @Test
' testFunctionl() {

E assert... '

P 5

vl ! Build pipeline

H ' H (Maven Invoker)
! pom.xml

' Git T

1 <plugins>
Teacher H ...checkstyle...

...compiler...
...junit...
...coverage...

EH(&«

|

!
1 </plugins>

Figure 3.3 — DP’s evaluation pipeline. The student’s submitted files are combined with the
assignment’s files and then processed by the build pipeline. In the end, the evaluation report
is generated.

Multiple testing approaches Teachers can define assignment’s tests using all strategies
available in JUnit, such as unit tests, input/output matching tests, and so on. Since
the tests are implemented by code, the teacher has full control on the level of feedback

given to students.

Code style evaluation DP is able to check the student’s code using teacher-defined
style rules. Style validation can also be configured to forbid certain keywords and
apply restrictions to the student’s code, such as disallowing loop-related keywords

in exercises that require recursive implementations.

Code coverage evaluation DP can evaluate student’s own tests in terms of coverage of

the respective code, thus promoting unit testing.

Execution time DP measures the amount of time a submission takes to run, thus al-

lowing for code efficiency evaluation.

Submission signalling The capability of signalling “interesting” submissions. For ex-
ample, reporting groups that fail the same tests or groups that pass the majority of

tests with a relatively low number of submissions, facilitating plagiarism detection.

Leaderboard Teachers can configure a leaderboard where the students’ projects and
respective results are listed. DP supports three types of leaderboard, which differ in
the way projects are sorted: number of public tests passed, test coverage percentage

and execution time.

Test matrix DP displays a matrix/table where teachers can check which students are
passing each unit test, either public or private. This is useful, for example, to detect
tests that are too hard or tests that should be reviewed because they might be

incorrect.
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Submission download Teachers can download student’s submissions in standard Maven
format. The submission can then be imported with a single click into any IDE, thus

allowing easy debugging of the student’s failing tests.

Data exporter DP can export student’s results to a CSV file?, simplifying the grading

process and allowing for statistical analysis.

Assignment exportation Assignments and submissions can be exported, allowing them
to be ported to other DP installations or to the teachers’ own computers to be subject
to further analysis. This is also useful for DP’s developers to test their additions to
the tool.

Mark submission as final Teachers can mark which of a student’s submission should
be exported. This gives some extra flexibility in deciding which submission will be

graded, since the last submission might not be the best one.

Rebuild submission DP is able to rebuild submissions considering the latest test code.
This is useful to rebuild students’ submission when bugs in the assignment are found

and fixed after the students’ last submissions.

REST API

DP also provides a REST API that can be used to integrate external tools [3]. This API
provides functionalities such as assignment listing, assignment presentation, and solution
submission. The API implements the same security and access control measures as DP
itself. For example, the ‘List of public assignments’ endpoint only returns assignments to
which all students have access. To access a private assignment, the student must supply
the respective assignment ID, and the API will check if the given student has access to
that assignment before returning its contents. If an assignment has a defined “cool-off”
period, the API will check if the time for a certain student has passed before allowing that

student to perform new submissions.

3.2.3 Illustrative Examples

Several DP reports are displayed in Fig. 3.4. Fig. 3.4a presents a submission report from
the student’s point of view. In this example, the submission is validated by Checkstyle,
all of the student’s own tests are passing, but only 20 out of 24 teacher tests do so. Note
that these 24 tests are the public ones. Fig. 3.4b also shows a submission report, this time
from the teacher’s perspective. It contains more information than the student’s version,
indicating how many hidden tests the submission is passing and how much code coverage
the student’s own tests have reached. Students and teachers also have access to the de-

tailed JUnit report, which contains the reasons for any potential failures (Fig. 3.4c). The

2CSV (comma-separated values) files are plain text files that contain information separated by commas
and are easily imported in most spreadsheet applications.
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Build report for submission
17655

Assignment: aed-1819-projecto-parte-2 | Submitted: 30-06 21:08:39

Group elements

a2180xxxx Paulo xxx

22181000 Bruno xxx

Results summary

Project Structure

o
Gompilation o
o

Code Quality (Checkstyle)

Student Unit Tests 17/17

Teacher Unit Tests A 20/24

(a) A submission report from the student’s
perspective.

JUnit Summary (Teacher Tests)

Tests run: 24, Failures: 4, Errors: 0, Time elapsed: 21.816 sec

FAILURE: pt.ulusofona.aed.songsExpert.TestTeacherMainP2.test_11_G
ET_UNIQUE_SONGS_BY ARTIST @1
java.lang.AssertionError: GET_UNIQUE_SONGS_BY_ARTIST (@) expecte
d:<125> but was:<43>

at pt.ulusofona.aed.songsExpert.TestTeacherMainP2.test_11
_GET_UNTIQUE_SONGS_BY_ARTIST @1(TestTeacherMainP2.java:214)

FAILURE: pt.ulusofona.aed.songsExpert.TestTeacherMainP2.test_15_T
OP_N_ARTISTS_WITH_LOCATION_@1
java.lang.AssertionError: TOP_N_ARTISTS_WITH_LOCATION (1)

at pt.ulusofona.aed.songsExpert.TestTeacherMainP2.test_15
_TOP_N_ARTISTS_WITH_LOCATION_@1(TestTeacherMainP2.java:40@)

(¢) Excerpt of JUnit report (student’s per-
spective).

71

Group elements
221 [ Student 1

a2z Student 2
Results summary

Project Structure

Cormpilation

Code Quality (Checkstyle)

Student Unit Tests

Teacher Unit Tests A

Teacher Hidden Unit Tests A

R

JUnit Summary (Student Tests)
Coverage: 1% (Only visible to teacher)

Tests run: 4, Failures: 0, Errors: 0, Time elapsed: 0.002 sec

(b) A submission report from the teacher’s
perspective.

Students (DiName) ~ Submissions  Last Submission Date 200000000000000

6 1 13/dez. 23:29:48 000000000000000
a2 5 14/dez. 13:59:04 000000000000000
a2 6 14/dez. 14:22:57 000000000000000
a2 6 14/dez. 14:18:18 000000000000000
a2 ° 14/dez. 14:26:15 000000000000000
a2 5 14/dez. 14:08:34 000000000000000
a2 7 14/dez. 14:28:23 000000000000 000
a2 5 14/dez. 14:24:02 000000000000000
a2 4 14/dez. 14:27:41 000000000000000
a2 4 09ffev. 19:02:55 000000000000000

(d) Test matrix for a recent assignment
(teacher’s perspective). Each line displays a
student and their result for each unit test.

Figure 3.4 — Several example reports from DP. On the left side are two reports from the
student’s perspective, while the right side shows two reports from the point of view of the
teachers. The displayed student IDs have been anonymised.

displayed information is fully controlled by the teachers when defining the assignment’s
tests, taking advantage of JUnit’s API. The feedback can range from the standard JUnit

output, e.g., “Expected 10 but was 20”, to more textual hints and/or tips, such as “Func-

tion getMovies() returned too many elements. Beware of duplicated entries in the input

file.”. Listing 3.1 shows an example JUnit test similar to the ones we define to validate

student’s submissions.
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Listing 3.1 — An example JUnit test for a project where students implement a board game.

The messages are only displayed when the respective assertion fails.

QTest
public static void testMovePlayer001() {
GameManager manager = new GameManager ("game-001.txt");
assertEquals("The function getCreatures() returned a list of incorrect
size", 2, manager.getCreatures().size());
assertFalse("Cannot move creatures to the outside of the board!",
manager .movePlayer(0, 0, -1, 0));
assertTrue("A Turtle should be able to move from 0,0 to 0,1",

manager .movePlayer(0, 0, 0, 1));

3

Sample assignments with introductory programming exercises for both Java ° and

Kotlin 4 are available from DP’s GitHub account.

3.2.4 Deployment

DP’s code includes an executable demo containing an in-memory database with fake/test
data (teachers, students and submissions), thus allowing the experimentation of the system
with minimal time investment. This demo can be executed either by clicking a “Deploy to
Heroku” button available on DP’s GitHub repository which deploys the demo to Heroku,
a cloud provider®® or by installing a Docker [30] image which can be used to run the demo

locally or to install a production-ready version of DP on a server.

3.2.5 Impact

In the 2018/19 edition of Algorithms and Data Structures, an anonymous student survey
was conducted in order to understand the students’ perception of using the tool, consid-
ering aspects such as usability, motivation and fairness. The survey was optional and was
completed by 22 students after the main project had been graded. Students were asked
to specify their level of agreement with the statements listed in Table 3.1 using a 5-point
Likert scale (1=Strongly disagree, 5=Strongly agree). In general, the majority of students
agree with the statements, indicating that DP has a positive impact on their learning
experience. This is particularly clear in the final question, where most students strongly
agree with the prospect of using Drop Project again.

DP is currently being used in four course units of the aforementioned BSc: Program-

ming Fundamentals (1st year, 1st semester), Algorithms and Data Structures (1st year,

3https://github.com/drop-project-edu/sampleJavaAssignment

‘https://github.com/drop-project-edu/sampleKotlinAssignment.

Shttps://www.heroku. com.

5 As of August 2024, Heroku continues to exist, but does not provide free accounts anymore. As such, this
button is not available anymore. This information was accurate in 2022, when the respective publication
was originally submitted, reviewed and published. We have chosen to retain this information in order to
provide a historical perspective on the tool’s capacity at that time.
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Statements evaluated Mean response
1. I felt more confident in my programming abilities 3.36
2. I felt the grading was fair 3.64
3. I didn’t need much teacher support to complete the project 3.77
4. Tt increased my fondness of programming 4.09
5. I am looking forward to use this tool again 4.82

Table 3.1 — Survey results evaluating the students’ experience with Drop Project using a
Likert scale (1-Strongly disagree, 5-Strongly agree)

Academic ) Course units
Metric

year PF ADS PL2

2019/20 Students 115 72 71

Submissions 4188 1901 1544
Teacher Tests 28 13 24
Cool-off (min.) 5 45 60
2020/21 Students 112 108 88
Submissions 3810 2935 2705
Teacher Tests 28 24 25
Cool-off (min.) 0 30 30

Table 3.2 — Project submission metrics for the projects of each course designed around DP
that is described in the ‘Impact’ section, considering the 2019/20 and 2020/21 academic years.
The presented courses are Programming Fundamentals (PF), Algorithms and Data-Structures
(ADS), and Programming Languages IT (PL2). Only the submissions for the course’s main
project / assignment are presented.

2nd semester), Programming Languages II7 (2nd year, 1st semester), and Mobile Com-
puting (3rd year, 2nd semester). DP is a core pedagogical tool in the first three of these
courses, which are heavily built on top of it. It has been successfully used to support mul-
tiple types of pedagogical activities, such as classroom exercises, homework assignments,
short class assessments, projects (larger evaluations that usually span weeks or months),
and project defenses (small evaluations where the students have to show mastery of their
own project’s code). As an example, in the 2020/21 edition of Algorithms and Data Struc-
tures, a total of 40 assignments were devised. Table 3.2 presents statistical information
about submissions performed in the context of the courses’ main assignments/projects in
the last two academic years. These numbers clearly demonstrate the impact that DP had
on these courses, and consequently, on our teaching and assessment practices.

The tool’s automated and immediate rich feedback helps and guides the students—as
demonstrated by the survey results presented in Table 3.1— while also allowing teachers
to understand where students are struggling, facilitating teacher intervention and student
support, while reducing the evaluation workload. This has allowed us to progressively

increase the difficulty levels of the courses’ projects. Also, the grading process has become

TA course mostly dedicated to teaching Object-Oriented Programming and Design
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more efficient and consistent between different teachers. Furthermore, every interaction
between the students and DP is fully logged. Thus, DP’s submission database contains
data that can be mined to study the way students use the system. This data has the
potential to be used in multiple research avenues, such as identification of errors in the
teacher’s tests, plagiarism detection, authorship attribution and/or identification of strug-
gling students, in a similar fashion to what was done in references [115, 177, 58], for

example.

3.2.6 Conclusions

This section presented DP, an open-source AAT with a wide range of features that can be
used to support programming courses of varying complexity and students with different
backgrounds. The usage of DP has allowed us to reduce evaluation workload, improve

grading consistency and augment the project’s difficulty levels.

3.3 Bridging the Gap Between Project-Oriented and Exercise-

Oriented Automatic Assessment Tools

3.3.1 Introduction

Courses that employ Automatic Assessment may follow different pedagogical approaches.
Some courses use an exercise-based approach, requiring students to solve a number of
small assignments (e.g., weekly) [134, 109], while others use a project-based methodology,
where students develop larger projects that can take multiple weeks or even months to
complete [118, 109]. This duality is also observable in many AATs available in the market
or described in the literature. For example, most web-based AATSs are better suited for
small exercises, since larger projects usually require multiple files. Although some web
editors support multiple files, we argue that this is not ideal from a usability and tool
perspective—not to mention their inadequacy in preparing students for the job market,
as they create artificial environments that do not compare with the software development
workflows commonly found in professional settings. On the other hand, AATs designed
for project assessment often require impractical submission legwork for the grading of
small exercises.

In turn, several courses follow a mixed approach, using both small exercises and larger
projects as teaching and assessment methods [31, 109, 63]. This is the case for sev-
eral courses taught by the authors, where automatic assessment is performed with Drop
Project (DP), an AAT originally designed to support the development and grading of
larger projects. Furthermore, educators using this teaching approach sometimes have to
use multiple AATs within the same course [63], requiring both students and teachers to
interact with multiple systems.

DP supports submissions via web upload or using a Git repository, requiring the in-
clusion of an AUTHORS.txt file with the name of the student or students. Additionally,
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in the web upload method, code and supporting files must be submitted in a ZIP file.
Therefore, DP is not ideal from a usability perspective in scenarios involving smaller ex-
ercises. For example, one of our courses employs a ‘mini-test’ in which students are asked
to implement several functions in one or—at most—two files. These ‘mini-tests’ are taken
during laboratory classes, and students have up to one hour to solve them. Students sub-
mit their solutions through the web upload method, since version control with Git is yet to
be introduced. Also, given the pressure of being assessed, students sometimes make small,
time-wasting mistakes, potentially resulting in grades that do not reflect their actual level
of knowledge. Examples of such mistakes include creating the AUTHORS. txt file with an
incorrect format or problems creating the ZIP file, which easily lead to precious minutes
being wasted.

To streamline this procedure and bridge the gap between a project-oriented AAT and
its exercise-oriented utilization, we propose the DP Plugin for the IntelliJ IDEA IDE. This
plugin automates submission-related perfunctory tasks, such as creating the required doc-
umentation files and compressing and uploading the solution, while displaying assignment
instructions and submission reports directly within the IDE. The plugin reduces the cost
of context switching, allowing students to focus on the exercises without leaving the IDE.
The proposed plugin was developed using an agile methodology, with students directly
involved in the coding and testing process. This work aims to address whether it is pos-
sible to improve the usability of a project-oriented AAT via an IDE plugin, enhancing its
capability in assisting students in solving small exercises.

This section makes the following contributions:

e Proposes the idea that some AATSs for small exercises should have different charac-

teristics than AATs for mid-sized projects.

e Presents a new open source, production ready tool, called Drop Project Plugin,
which allows students to submit their work to the DP open source AAT, with reduced

manual work and without leaving their work environment (IDE).
e Presents the results of a student survey which evaluates the proposed tool.

This section is organized as follows. The DP Plugin for IntelliJ IDEA is introduced
in ‘Software description’ (3.3.2), which provides technical details and illustrates how the
plugin aims to address the aforementioned issues with DP by keeping students engaged
within the IDE and minimizing cursory submission tasks. Afterwards, ‘Research Methods’
(3.3.3) describes the research methodology, which consists of a student survey to assess
the plugin’s impact on students’ assignment submission experiences. The results of this
survey are presented in ‘Results’ (3.3.4), while ‘Discussion and Limitations’ (3.3.5) offers a
discussion of these results, considering their implications and potential limitations. Finally,

‘Conclusions’ (3.3.6) summarizes our findings and offers directions for future research.
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3.3.2 Software description

The presented DP Plugin for IntelliJ IDEA leverages DP’s REST API, providing an ab-
straction layer on top of DP’s web upload submission method, simplifying parts of this
process. Figure 3.5 presents an overview of how the various components integrate and
communicate with each other.

The plugin is integrated into IntelliJ IDEA’s main window (Figure 3.6), allowing stu-
dents to simultaneously view their code, the assignment instructions (Figure 3.7), and the
assessment results of their latest submission (Figure 3.8). The plugin uses assignments
created for DP [48]. Therefore, there is no additional assignment creation overhead for
teachers already familiar with DP, while students can still use DP’s standard submission

methods if they so desire.

IntelliJ IDEA Drop Project
Request (POST/GET)

' D

Plugin REST

&

Response (JSON)

Figure 3.5 — Overview of the solution’s data flow. The plugin integrates with IntelliJ] IDEA
and connects to DP via its REST APIL

The plugin also comes with its own security measures. For instance, the feature that
updates the assignment list will only make an API request if a specific number of seconds
has passed since the last update request.

The plugin was developed during the 2022/23 academic year. In both semesters, de-
velopment versions of the plugin were deployed and distributed among students during
selected classes of specific courses to test and obtain feedback. These efforts yielded a
production-ready version of the plugin, which is available for download at IntelliJ’s mar-
ketplace [2]. The tool’s source code is also available on GitHub [4]. A video demonstration

of the proposed plugin is available [21].
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(VEMNEIE] Drop Project

[E) Assignment List

Name Language Due Date Details
main(String[] args) {

¢ DSA exercise 01  JAVA No due date Q Instructions

println

Ficha Lista Ligada JAVA 2024-05-12 07:30:00  Q Instructions

Figure 3.6 — The plugin integrated into IntelliJ] IDEA’s main window. The plugin lists the
assignments available to the student. The ‘Instructions’ button allows students to access the
instructions for each available assignment (see Figure 3.7).

Main. java : [ Assignment Details
Sample Java Assignment

This is just a very simple Java assignment just to experiment with Drop Project

The source of this assignment is available on

Instructions

* Create a Java project in your IDE with the structure depicted at the end of this page.

* Within your Main class, implement a static fur o calculate the maximum value on an array of
integers. This function must have the following signature:
static int findMax(int[] numbers)

« Implement a function that is able to calculate the sum of 3 int values. The function should have the

following re: Static long sum3Numbers(int a, int b, int c)

* Create a zip file p the: ctions. In a few seconds
Drop Project wil give you with som our proje
If you don't feel like coding you c. iit submission

Figure 3.7 — The assignment instructions inform students of the tasks they need to perform.
Students can see their code and the assignment instructions in the same window, reducing
the need for context switching. Note that the comment about the ZIP file creation is not
relevant for users of the plugin, but the assignment (and its instructions) remain the same
that is displayed in the web version.
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CurrentFile~ | > f%

Drop Project
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laxWithNull(TestTeacherProject java:17)

main(String[] args) {

printin( )

Figure 3.8 — The submission report informs students of their progress and presents them
with any unit test failures. Students can see their code and its issues in the same window.

3.3.3 Research Methods

A student survey was conducted to evaluate the plugin in the context of a Data Structures
and Algorithms course during the second semester of the 2022/23 academic year, i.e., dur-
ing the final stages of the plugin’s development. The survey comprised both qualitative
and quantitative questions. The questions aimed to assess students’ perceptions regarding
various aspects of the plugin, including its impact on reducing submission time, students’
confidence in the plugin, the value of having specific reporting functionalities integrated
into the IDE, and the psychological impact of using the plugin in an evaluation environ-
ment. The research context is further detailed in Section 3.3.3, while the survey questions

are presented in Section 3.3.3.

Research Context

The Data Structures and Algorithms course follows a mixed approach, utilizing both PB
and EB learning methodologies, with DP used for automatic assessment. All students in
this course have interacted with DP, using its web interface, as DP is also used in the
previous programming course of the curriculum (i.e., Programming Fundamentals®).
This course employs multiple evaluation mechanisms. One of them—weekly assign-
ments—aims to promote student participation and engagement, contributing 5% to the
final course grade. The course also includes ‘mini-tests’, which are one-hour assessments
where students implement various related data structures and functions under the super-

vision of a teacher. Each ‘mini-test’ has a weight of 6.75% in the final course grade.

8Programming Fundamentals also utilizes both PB and EB learning methodologies.
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Survey Questions

Students were divided into the following two main groups, with specific questions for each

group:
Adopters: Students who identified as regular plugin users;

Non-adopters: Students who reported not having used the plugin.

Students who self-identified as regular plugin users (i.e., adopters) were asked multiple
plugin-specific questions, with answers given on a 5-level Likert scale, as shown in Table 3.3.
Considering that students who self-identified as regular plugin users may not have actually
used the plugin during the ‘mini-test’ assessment, questions 7 and 8 in Table 3.3 were only
available for students who did so.

Table 3.3 — Survey questions for students who adopted the plugin. Questions 1-6 were

answered by all adopter students, while questions 7-8 were only answered by students who used
the plugin during the second ‘mini-test’. Questions were answered on a 5-level Likert scale.

ID Question

Rate the plugin’s effectiveness in simplifying the DP submission process.

2 Rate the plugin in terms of saving time and/or effort when compared to the
traditional method (web upload).

3 Rate the relevance of the automatic creation of the AUTHORS.txt file and the
automatic submission of the ZIP file with the /sr¢’ folder and AUTHORS.txt.
Rate your confidence in submitting exercises through the plugin.

5 Rate the positive effects on your productivity from the ability to see assignment
instructions directly in the IDE.

6 Rate the positive effects on your productivity from the ability to view a submis-
sion’s build report directly in the IDE.

7 Rate the contribution of using the Plugin in reducing anxiety and/or nervousness
during the ‘mini-test’.

8 Rate the contribution of using the Plugin in improving your performance during

the ‘mini-test’.

To gain additional insights into plugin usage (or lack thereof) during the semester, three
open-ended questions (OE1-OE3), as shown in Table 3.4, were posed to specific student
groups. First, to understand why some students who self-identified as plugin users (i.e.,
adopters) did not use the plugin during the ‘mini-test’, we asked for their reasons (open-
ended question OE1, Table 3.4). Second, all adopters answered a qualitative question to
leave any relevant comments (open-ended question OE2, Table 3.4). Finally, we asked the
students who had not tried the plugin (i.e., non-adopters) for their reasons for not doing
so (open-ended question OE3, Table 3.4).
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Table 3.4 — Open-ended questions posed to students in the specified target groups.

ID Question Target Student Group

OE1l If you did not use the DP Student Plu- Adopters that did not use the plugin
gin in the ‘mini-test’”: explain why. during the ‘mini-test’.

OE2 Leave any comment that you find rele- Adopters.
vant.

OE3 If you do not use the plugin, explain Non-adopters.
why.

3.3.4 Results

The survey was conducted during the last two weeks of the second semester of the 2022/23
academic year. Out of a total of 154 students, 35 participated in the survey (22.7%).
Among these respondents, 20 were identified as adopters of the plugin, while the remain-
ing 15 were non-adopters. Furthermore, of the 20 adopters, half (10 students) used the
plugin during the ‘mini-test’, whereas the other half did not. Figure 3.9 summarizes
this breakdown.

Total Students: 154

{Survey Participants: 35}

Adopters: 20 Non-Adopters: 15

Used Plugin in Mini-Test: 10} {Did Not Use Plugin in Mini-Test: 10}

Figure 3.9 — Hierarchical breakdown of student participation and plugin adoption based on
the survey responses.

Impact of the Plugin on Adopters

Table 3.5 shows the distribution and summary statistics for the replies given by adopters
of the plugin. Replies to questions 1-6, which tend toward the highest possible evalua-
tion, indicate that students found the plugin useful. Questions 1-4 have mean scores of
at least 4.5, all with modes equal to 5. However, questions 5 and 6—regarding the as-
signment instructions and submission report displayed within the IDE—had slightly lower
scores, with averages of 3.8 (mode 4) and 4.1 (mode 5), respectively. Students do not
seem to greatly value having this information within the IDE, particularly the assignment
instructions. We believe this is due to the richer formatting of these instructions in the
web environment, which displays information such as required function prototypes in a

colored format.
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Question 7 asked if the plugin helps reduce students’ anxiety and /or nervousness during
the ‘mini-test’. The mean score given by the participants was 3.6, indicating a generally
positive response towards the plugin’s efficacy. The standard deviation of 1.173 and the
histogram distribution denote some variability in the participants’ experiences and per-
ceptions. Interestingly, the data were bimodal, with modes at both 3 and 5. This indicates
that while a significant number of participants felt the plugin had a moderate effect (rating
of 3), there was also a substantial group that found it highly effective (rating of 5) in re-
ducing anxiety and nervousness. As for question 8, which focused on the plugin’s effect on
the students’ performance, the mean response was 3.7, suggesting that many participants
felt the plugin had a positive impact. The longer-tailed distribution (standard deviation
of 1.159) indicates a moderate spread in the responses, meaning that while many partic-
ipants agreed with the statement, there was still some variability in opinions. Notably,
both options 4 and 5 were selected with the same frequency above all other options. This
indicates that a significant number of participants either agreed or strongly agreed with

the statement, highlighting the perceived effectiveness of the plugin during the ‘mini-test’.

Table 3.5 — Histogram and summary statistics for the questions posed to plugin adopters.
Questions 1-6 were answered by the 20 students who reported using the plugin, while questions
7-8 were only answered by the 10 students who reported using the plugin during the second
‘mini-test’. All questions were answered using a 5-level Likert scale. Histograms are normalized
to the maximum count value for visualization purposes.

ID Histogram Count Mean Std. Dev. Mode
1 —T 20 4.6 0.680 5
2 — 20 4.5 0.827 5
3 ——1 20 4.3 0.978 5
4 —1 20 4.6 0.598 5
5 — 20 3.8 1.105 4
6 ——1 20 4.1 1.160 5
7 g 10 3.6 1.173 3;5
8 1 10 3.7 1.159 4; 5

Reasons for Not Using the Plugin during the ‘Mini-Test’

Nine out of ten adopter students who did not use the plugin during the ‘mini-test’ replied
to question OE1 (Table 3.4). These replies were analyzed qualitatively to find common
reasons for not using the plugin during the assessment.

The predominant topic found in the responses centered around issues arising from
the compatibility between the version of IntelliJ IDEA that certain students were using
and the plugin itself. This concern was raised by three students, leading them to opt
against utilizing the plugin during the assessment. The remaining six students reported

different issues that could not be grouped into any specific topic. For example, one student
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mentioned, “I didn’t think it was necessary and I wanted to be confident that I had sent
it correctly and be able to see the results and errors immediately after the page loaded”.
Another student commented, “I had to log in, and the instructions in the IDE are not
as optimized and easy to read”, while another student indicated, “I changed computers
and forgot to install it”. Notably, one student commented on the instructions’ readability,
which is consistent with the lower mean result of the respective qualitative question (i.e.,

question 5, mean = 3.8).

Open-Ended Comments about the Plugin

A total of 10 students (out of 20 adopters) answered question OE2 (Table 3.4). Again,
students’ responses were analyzed qualitatively to find common topics. The following
three recurring topics were found: (1) positive comments about the plugin (e.g., “useful”,
“simplifies”, “saves time”) (four students), (2) suggestions for improving the formatting
of the assignment instructions (two students), and (3) suggestions to avoid the need to
log in again when changing assignments and/or when re-opening the IDE (two students).
It should be noted that the suggestion about saving login data between uses has since

been implemented.

Reasons for Not Adopting the Plugin

Thirteen out of 15 students replied to question OE3 (Table 3.4). A qualitative analysis
highlighted the followin two main topics: (1) “I’'m not interested in it’/“I don’t feel the
need” (six students) and (2) “I don’t know how to” (four students). An example reply that
falls under the first topic is, “I never thought it was necessary, although I give credit and
think it is useful”, while an example response for the second topic is, “I don’t understand

very well how to use it. I think a video explanation would be useful”.

3.3.5 Discussion and Limitations

As the evaluation survey shows, the tool was well received by our students, who identi-
fied a number of positive effects, such as time savings. Students also provided interesting
suggestions, some of which have already been implemented, such as the plugin remem-
bering login details. Our findings suggest that an IDE plugin does improve the usability
of a project-oriented AAT for small exercises, thus informing the design of future AATs
suitable for mixed learning environments combining PB and EB assessment. The posi-
tive reception of the plugin highlights its potential to enhance the learning experience by
streamlining workflows and reducing the time required for administrative tasks (e.g., ZIP
file creation), allowing students to focus more on learning the material.

Results also show that there are two main types of non-adopters, namely (1) students
who are happy and/or comfortable using DP’s web interface to the point that they are
not open to trying new interaction formats and (2) students who need some help in order

to be able to use the plugin. For the former, we believe they are acting out of habit,
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since their initial exposure to DP was through the web interface. This will likely change
in the future, as students also have the plugin available in the preceding Programming
Fundamentals course. Regarding the latter group, who need more help, a video explaining
the plugin’s installation and usage has since been made available [21].

Moreover, the integration of student suggestions into the plugin development process
demonstrates the value of student feedback in creating more effective educational tools.
The implementation of simple features such as remembering login details shows how even
minor enhancements can improve the overall user experience, potentially leading to a more
user-friendly and efficient learning environment. Additionally, student feedback raises
awareness of the need for documentation (e.g., demonstration videos) to help learners use
these educational tools effectively.

Given these results, we believe the proposed IDE plugin effectively extends DP to be
a more practical AAT for small exercises, bridging the gap between its PB roots and its
EB usage. Although other AATs, such as Mooshak and Web-CAT have proposed IDE
plugins, Mooshak’s IDE plugin—Raccode—simply enhances the existing EB capabilities
of Mooshak, itself an EB AAT. Web-CAT, a PB-oriented AAT, does provide an IDE plugin
for improving its EB capabilities. However, the issues with Web-CAT—poorly organized
code, out-of-date binaries, and missing documentation—make it a difficult choice as a
modern and versatile AAT.

Nonetheless, our work presents several limitations. First, while the survey indicates
that the majority of students find the plugin useful and believe it improves their workflows,
the number of students who answered the survey was relatively small, which presents some
threats to validity. Also, since participation was optional, there might have been some
self-selection bias, as students who opted to participate in the survey might have been the
ones more interested or motivated to discuss the plugin. However, we do not believe this
to be the case, since approximately 42.5% of the responses were from students who did
not use the plugin.

Furthermore, a student survey may not be sufficient to accurately measure the peda-
gogical impact of the proposed plugin. To gain a more comprehensive understanding and
increase confidence in the plugin’s pedagogical value, it would be beneficial to complement
the current survey data with other research methods, such as direct classroom observations

and analysis of students’ academic results over time.

3.3.6 Conclusions

This section presented the DP Plugin for IntelliJ IDEA, a companion tool for the DP
AAT, with the goal of making it more apt to handle small exercises used in EB learning.
As the evaluation survey shows, the tool was well received by our students, who identi-
fied a number of positive effects, such as time savings. Students also provided interesting
suggestions, some of which have already been implemented, such as the plugin remem-

bering login details. Our findings suggest that an IDE plugin does improve the usability
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of a project-oriented AAT for small exercises, thus informing the design of future AATSs
suitable for mixed learning environments combining PB and EB assessment.

Despite the promising feedback on the plugin’s effectiveness, our study has some limi-
tations. The small number of survey participants raises concerns about validity, and the
optional nature of the survey could lead to self-selection bias. However, the significant
number of non-adopters among respondents helps mitigate this concern. Additionally,
a student survey alone may not fully capture the plugin’s educational impact. Future re-
search should include direct classroom observations and long-term academic performance

analysis to provide a more thorough assessment of the plugin’s pedagogical value.

3.3.7 Data Availability

A CSV file with the survey replies is available [46].

3.4 Lessons Learned in Automated Assessment

3.4.1 Introduction

We have been using AATs since 2017 for multiple types of assessment, from small forma-
tive exercises to larger scale projects which have a large weight on the students’ grades.
Furthermore, we have employed automatic assessment in multiple courses, ranging from
Introduction to Programming, Data-Structures and Algorithms, and Object-Oriented Pro-
gramming (OOP).

Our team employs a common practice in terms of automatic assessment. The starting
point of the process is a text-based description of the exercise(s) or project to solve. This
description is sometimes complemented with auxiliary diagrams containing mathematical
formulas, UML diagrams, and so on. Besides presenting the description, the assignment
also informs students about any mandatory files, classes and/or functions, thus defining
an Application Programming Interface (API). Finally, when students submit a solution?,
their code is validated by a set of teacher-defined unit tests. For example, here’s the as-
signment text for a typical exercise used in introductory programming courses: Implement
the function static long sum(int nl, int n2) which should return the sum of its two

arguments. Listing 3.2 shows an unit test which could be used to validate this assignment.

9 Assignments allow multiple submissions, promoting that students improve their work and learning
outcomes.
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Listing 3.2 — An example JUnit test for an exercise where students must implement a function
which sums two integers. The feedback messages are only displayed when the respective

assertion fails.

QTest
public void testSum() {
String feedback = "returned the wrong value";

assertEquals(5, Main.sum(1, 4), "sum(l, 4) " + feedback);
assertEquals (10, Main.sum(8, 2), "sum(8, 2) " + feedback);

A more complex OOP exercise could be the following: (...) The GameManager class
must have a static List<Player> getPlayers() function which returns a list with the
players that are participating in the current game. Listing 3.3 presents an example of an

unit test for validating that requirement.

Listing 3.3 — An example JUnit test for an OOP project where students must implement a

board game. The messages are only displayed when the respective assertion fails.

QTest
public void testGetPlayers01() {
GameManager manager = new GameManager ("game-board-with-2-players.txt");
List<Player> players = manager.getPlayers();
assertNotNull(players, "getPlayers() should not return null");
String feedback = "getPlayers() returned a list of the wrong size";

assertEquals(2, players.size(), feedback);

We opted for this unit-tests-based approach because it is a more robust way of testing
than the alternative of using ‘output matching’. Also, it is closer to current industry
practices, with the added benefit of familiarising students with the types of tools that
they will more likely use in their future careers.

Our experience over these last 7 years showed us that certain testing practices or inade-
quate feedback can lead students to request extra support from the teaching staff, meaning
that their autonomy is reduced and that valuable teacher time is consumed. Consequently,
this undermines two key benefits of employing AATS: fostering student autonomy and op-
timizing teacher resource allocation. Furthermore, certain testing patterns can result in
assessments which are too strict and even unfair, either by letting students receive better
grades than they should — for example, by considering hardcoded solutions as correct — or
by penalizing them too much — for example, by not informing students when their code
fails due to minor formatting issues.

From our experience, we have derived a set of recommendations which we share with
new teaching assistants who join our courses and have to prepare new auto-graded assign-
ments.

This section presents those lessons to the Computer Science Education (CSE) commu-




3.4. LESSONS LEARNED IN AUTOMATED ASSESSMENT 86

nity. We believe this information might be useful to other teachers and instructors who
wish to use start using or already use AATS.

Finally, the recent advent of Large Language Models (LLMs) — artificial intelligence
tools with capacity to generate computer code from natural language descriptions — such as
OpenAl’'s GPT and Google’s Bard has generated some controversy in the CSE community,
due to the risk of producing graduates who are weak in fundamental computing skills such
as computational thinking and program design [104]. While LLMs pose certain risks, they
also offer new opportunities for the CSE community. We explore how integrating AATSs
with LLMs can generate beneficial possibilities.

This section makes the following contributions:

e Presents a list of recommendations for defining unit tests for automatic assessment,

aimed at enhancing student autonomy and grading fairness;
e Presents adaptations of those recommendations for specific assessment types;

e Discusses how Large Language Models can play a role in the future development of
AATs.

This section is organized as follows: first, in ‘Definitions’ (3.4.2) we present 1) a cate-
gorization of assessment types typically found in computer programming courses, 2) some
AAT concepts, and, 3) some Unit Testing concepts. Our main contribution — recommenda-
tions for test-case creation and feedback definition — comes next: ‘Lessons learned: generic
recommendations’ (3.4.3) presents generic recommendations related with test case creation
and feedback definition, ‘Lessons learned: specific recommendations per assessment type’
(3.4.4) presents recommendations which take in consideration the type of assessment, and
finally ‘Lessons learned: other recommendations’ (3.4.5) presents recommendations re-
lated with interacting with students when they fail to understand the tests’ feedback.
Afterwards, ‘The Future of Automatic Assessment’ (3.4.6), discusses the future of AATSs
in light of the recent advent of LLMs. ‘Limitations’ (3.4.7) addresses some threats to the
validity of the provided recommendations. Finally, in ‘Conclusions’ (3.4.8), we finish the

section by drawing some conclusions.

3.4.2 Definitions
Assessment types

Our experience with automated assessment has led us to conclude that different assessment
(or evaluation) types require different approaches, due to their specificities (e.g., whether
the evaluation is time-bound or not).

This section presents the 4 evaluation types for which we recommend that different
levels of feedback are considered and provided. These definitions should help teachers
bridge our evaluation types with their own, and thus be able to more effectively apply our

lessons and recommendations.
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In-class/homework exercises: These are usually small exercises in which students
have to implement code to solve small problems (e.g., 20-100 LOC) using specific tech-
niques (e.g., iteration, recursion, etc). These are usually formative, although they might
have some contribution to the students’ grades. During said exercises, students can get
support from both teachers as well as their colleagues.

Mini-test: Small exercises to be done individually and independently (e.g., without
support). These exercises are time-bound (e.g., maximum one hour) and count towards
the students’ final grade.

Project: Mid-to-large scale exercises which take weeks or even months to solve. These
usually have a larger weight in the students’ final grades.

Defense: A proctored evaluation where students must make changes to their assign-
ment’s code, in order to demonstrate knowledge of it. This is usually done for projects
and other evaluations with significant impact in the students’ grades, in order for teach-
ers to have more confidence that students actually authored the delivered code instead
of copying or plagiarising. For group projects, it has the added benefit of adjusting the

grades given to different group elements.

Test function types

Usually AATSs inform students about their results. However, some AATs allow the defini-
tion of hidden tests, which are tests whose existence and result is not disclosed [51, 121,
124, 48]. As such, we make the following distinctions when defining test cases and the
respective feedback:

Public tests: Test functions whose results are reported to the student (e.g., correct
or incorrect) who possibly also receives messages with extra feedback.

Private or hidden tests: Test functions which are executed without the student
receiving any feedback. Hidden tests are a common strategy to counter the usage of
overfitted solutions: teachers prepare a public test for a function and then prepare a
private test for the same function, but with different test cases. Since students will not
even know that the test exists, they will not be able to derive an overfitted solution that
passes both the public and the hidden tests. Hidden tests also have the potential for
better distinguishing between students’ grades, since students who test their code locally
with more cases than the ones made available in the public test function might end up
also passing the hidden tests. However, this will probably depend on the cases which are

actually been tested and whether they are corner and/or otherwise complex cases.

Unit Testing frameworks

Unit Testing frameworks typically supply programmers with assertions: functions which
verify if a certain condition is being respected. Some notable examples are: ‘assertEquals()’,
‘assertTrue()’, and ‘assertFalse()’. They also typically have a ‘fail ()’ function,

which can be used when the programmer wants to test a condition without using one of
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the default assertion functions.

These assertion functions usually receive an optional ‘message’ parameter, which can
be used to customize the message that is displayed when the assertion fails. In profes-
sional software development practice, this parameter is usually not very relevant, because
programmers have access to the test code and can observe the assertion’s implementation
details. However, it gains importance when developing tests for AATSs, since students will
usually not have access to the assignment’s test code.

Several Unit Unit Testing frameworks exist for a variety of programming languages.
The most well-known example for Java is JUnit [74]. Another example is Python’s

unittest'? library.

3.4.3 Lessons learned: generic recommendations

This section presents our recommendations for test construction and feedback definition.
The examples are given in Java, using JUnit 5, but they can easily be adapted to other

languages and frameworks, such as Python.

Tackling problem evasion

In order to detect cases where students try to evade the prescribed problem (e.g., recur-
sion), we recommend that static analysis tools are employed in the assessment process.
An example tool which can be used to do this for Java code is the Checkstyle plugin'!
which, among other functionality, allows teachers to define forbidden keywords (e.g., for,
while) and signals their usage. This enables teachers to inspect and/or penalize solutions
which use those keywords.

Another useful technique is Reflection [112]. This technique allows certain non-functional

requirements, such as the need for a class to be abstract, to be validated using unit tests.

Test construction

Before we delve into our recommendations for test case construction, it should be noted
that, in some scenarios, it might be necessary for the exercises to be changed in order for
them to be properly evaluated in an automatic fashion using unit tests. This means that
test functions influence API design, similarly to what happens in test driven development.
In order to apply some of our recommendations, the tested functions should always receive
at least one parameter, and the more parameters, the easier it will be to create rich test-
cases. Consider this when evaluating our first 2 recommendations: they might seem
somewhat contradictory, but they are achievable by adjusting the exercises’ APIs.

At least 2 independent test functions for each API function

We recommend creating at least two independent test functions for each of the ex-

ercise’s API. As an example, consider this exercise: Implement a recursive function that

Ohttps://docs.python.org/3/library/unittest.html
"https://checkstyle.org/
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compares two char arrays through an extra argument representing the initial position (as-
sume al and a2 have equal length): static boolean equalArrays(char[] al, char[]
a2, int initialPos)

You can break this problem down into different test functions, considering different
input cases, such as 1) empty or null arrays, 2) initial position greater than the length of
the array, 3) arrays with just one element, and, 4) arrays with 2 or more elements. By
having multiple small test methods for each function, you allow gradual exercise completion
with tests of increasing difficulty (an essential ingredient of gamification). Not only does
this increase the student’s motivation, but it also allows for more fine-grained grading (i.e.,
a student who is able to implement the base case but not the recursive case doesn’t have
zero). Also note that each of these test-methods can further help the student by having a
name which hints at the case being tested (e.g., testEqualArraysSingleElement ()).

At least 2 sub-cases in each test function

Each test should have at least 2 sub-cases for the same function, with different expected
return types, in order to prevent hardcoded/overfitted solutions from being considered
correct, even if only partially. This should be implemented by having 2 different assertions
with different return values. The most obvious example for this appears when evaluating
boolean functions: if the test function only has cases for when the expected value is ‘true’

(as in Listing 3.4), then a solution which always returns ‘true’ is going to pass that test.

Listing 3.4 — Test function which validates a boolean function using a single assertion. This

test will pass if the student’s isOpen() function returns an hardcoded ‘true’.

QTest

public void testDoorOpening() {
Door door = new Door();
door.open() ;

assertTrue(door.isOpen(), "isOpen() incorrectly returned false");

On Feedback

Since we want to help students to solve the exercises, assertions without a specific mes-
sage should be avoided (consistent with previous recommendations on feedback generation
[172]). As such, the minimum feedback should, at least, indicate the name of the function
returning the incorrect result (e.g., ‘getSalary() returned the wrong value’ or, at least,
‘getSalary()’). This recommendation might be slightly relaxed if we are testing a func-
tion with a very specific return format which will make it obvious for the students which
is the tested function. For example, when assessing an object’s ‘toString()’ method, if
its output format significantly differs from that of other objects, this approach may be
appropriate.

However, just mentioning the function name might not be sufficiently helpful. For

example, consider the assertion in Listing 3.5:
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Listing 3.5 — In certain cases, just refering the function name is insufficient and might cause

confusion.

@Test

List<String> movieTitles = Main.getTitles();
boolean found = movieTitles.contains("The Matrix");

assertTrue(found, "getTitles()");

If the title “The Matrix” is not included in the list, the respective assertion will simply
yield ‘AssertionFailedError: getTitles() => Expected: true Actual: false’.
This will let the student know that something is wrong with the function ‘getTitles()’,
but, unless the problem is very obvious, debugging will be hard since due to lack of clues.
Also, we have seen situations where this pattern has led some students to confusion, due
to the expected/actual result indicating ‘true’ and ‘false’ when the ‘getTitles ()’ function
is not supposed to return a boolean. It would be more helpful to let students know which
value is missing so that they can direct their debugging efforts. Refer to Listing 3.6 for an

alternative implementation which contains more actionable feedback:

Listing 3.6 — A test with more actionable feedback than the one in Listing 3.5.

Q@Test

List<String> movieTitles = Main.getTitles();
String title = "The Matrix";
boolean found = movieTitles.contains(title);

assertTrue(found, "getTitles() missing title: " + title);

Of course, giving students this extra piece of information could lead to partial or full
overfitting, since the student could insert the “The Matrix” String in the returned list to
circumvent their original error. In fact, students’ ability to produce overfitted solutions is
highly dependent on the information which is available to them, both via the assignment’s
description as well as via the employed test cases. To better understand this idea, consider
the example unit test presented in Listing 3.2. That test can be easily bypassed using the

solution shown in Listing 3.7:
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Listing 3.7 — Overfitted solution that passes the test defined in Listing 3.2. It would be easy
for a student to hardcode a solution for that test after seeing its feedback.

static long sum(int nl, int 2) {
if(nl == 1) {
return 5; // first assertion indicates 1 + 4
}
else if(nl == 8) {
return 10; // second assertion indicates 8 + 2
}

return O;

As such, it is necessary to find a balance between the level of feedback which is given
to students: on one hand, too much feedback might lead to overfitted solutions, since, if
students know all expected input/output pairs, then they can prepare a function which
returns the correct result but is not generic. On the other hand, too little feedback will
leave students lost and unable to progress. This is particularly important when dealing
with API functions such as JUnit’s ‘assertTrue()’ and ‘assertFalse()’, which provide no
clue other than ’AssertionFailedError: Expected: true Actual: false’. This
problem is made even worse in courses where the tests might be calling multiple functions,
which commonly happens in OOP exercises. In those cases, such reduced feedback will
likely make students wonder which of their functions has the problem.

However, with a varied number of test cases per test function (as previously recom-
mended), it will be hard for students to implement an overfitted version which passes all
the sub-cases. Furthermore, teachers can make testing functions which give a lot of detail
in the first few cases, and little to no detail in the final cases (consistent with [172], which
recommends employing provisions to prevent abuse of progressive hints). See Listing 3.8

for an example.




N

3.4. LESSONS LEARNED IN AUTOMATED ASSESSMENT 92

Listing 3.8 — Test function with a progressive reduction of feedback level.

Q@Test
public void testSumArray() {

String suffix = "returned an incorrect value.";

// feedback includes the arguments (vulnerable to overfitting)
int[] arrayl = new int[]1{1, 4};

assertEquals(5, Main.sum(arrayl), "sum({1, 4}) " + suffix);

// feedback includes the arguments (vulnerable to overfitting)
int[] array2 = new int[]{2, 2, 2};

assertEquals(6, Main.sum(array2), "sum({2, 2, 2}) " + suffix);

// feedback doesn’t include the arguments, only a hint
String suffix2 = suffix + "Consider arrays w/ negative numbers.";
int[] array3 = new int[]{-1, -2, -3};

assertEquals(-6, Main.sum(array3), "sum(...) " + suffix2);

// feedback only includes the function name
int[] array4 = new int[]{1, 2, 3, 4, -1};

assertEquals(9, Main.sum(array4), "sum(...) " + suffix);

In some situations, besides the name of the function and some hints ([172]) with regards
to the expected values, the minimum feedback should also indicate relevant particularities
of what is being tested. For example, imagine that we are testing a function called ‘int[]
getStatistics()’ which returns an integer array where each element has a different
semantics: the first element is the input array’s minimum value, while the second element
is the input array’s maximum value. If we provide students with simply:

assertEquals(42, Main.getStatistics() [1], "getStatistics()");

debugging will be hard due to lack of information. It can also cause interpretation
issues, since the student might be confused when seeing a message similar to ‘getStatistics()
expected: 42 but was: 99’ since ‘getStatistics()’ returns an ‘int[]” and not a single ‘int’.
In this example, it would be preferable to define the test’s feedback in order to let the
student know which of the array’s positions has the wrong value, as follows:

assertEquals(42, Main.getStatistics() [1], "getStatistics() [1]");

This will give the student extra clues with regards to where to start analysing the bug.

Finally, the amount of feedback also depends on the exercise type. This will be further
expanded later in this section.

On hidden tests

Avoid using hidden tests to validate things such as String contents. It is easy for
students to make minor mistakes, such as having an incorrect capitalization or spelling

mistake. Validating such behaviours only in a hidden test might be too penalizing. Fur-
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thermore, although hidden tests can be an interesting tool, they can also be the source of
problems: since their results are not visible to the students, eventual errors are likely to
go unnoticed. An option to mitigate this issue is to use an AAT like Drop Project, which
is able to indicate how many students are passing each test [48], and, if no student passes
a test or only a small minority of students pass it, then maybe the teaching staff should
review it, since it might be incorrect.

Assert-early and often

Consider performing one or more assertions after each action in the test, instead of
performing multiple assertions after executing a number of actions. This is particularly
helpful when validating OOP assignments, where an object’s state changes with each
action, meaning that an error on the first action might cause problems in the following
actions. If the first assert is done after multiple actions, the resulting feedback might

induce the student in error. Listing 3.9 presents an example of this strategy.
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Listing 3.9 — Example of the assert-early and often strategy. After each action, a number of

assertions is performed, in order to point to the bug as early as possible.

Door door = new Door();

// perform an action

door.open() ;

// assert that the object’s state is ‘open’ after the first action
assertTrue(door.isOpen(), "isOpen() incorrectly returned false");
// also validate the object’s toString()

assertEquals("This door is open!", door.toString());

// perform another action

door.close();

// assert that the object’s state is ‘closed’ after the second action
assertFalse(door.isOpen(), "isOpen() incorrectly returned true");

// also validate the object’s toString()

assertEquals("This door is closed!", door.toString());

Null references
Be careful when creating test cases which might result in hard to debug errors such
as NullPointerException. Consider using assertNotNull() to let students know where

their code is returning unexpected null references. See Listing 3.10 for an example.

Listing 3.10 — Gracefully handling potential null references to provide useful feedback.

// unprotected approach, which will result in a hard to debug
// NullPointerException
Actor actorl = Main.getActorByID(1000);

assertEquals("Keanu Reeves", actorl.getName(), "Actor getName()");

// protected approach, which will let the student know that
// an unexpected null reference was returned

Actor actor2 = Main.getActorByID(1000);
assertNotNull(actor2, "getObject(1000) returned null");

assertEquals("Keanu Reeves", actor2.getName(), "Actor getName()");

Test-function names

Although the industry norms and conventions for test code do not recommend prefixing
test functions with “test_” nor having a number for each test, we believe that these
two practices are actually helpful in educational contexts. Including said prefix has the
advantage of facilitating the interpretation of the tests’ stack-traces (when available) since
it makes it obvious which of the functions in the stack is the test. Furthermore, numbering
the test makes it somewhat easier to communicate with the student.

The order of the tests matters

Even though, according to the best practices, the tests should be independent of each
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other, students tend to tackle each failed test by the order it shows up in the report
provided by the AAT. As such, consider ordering the tests by difficulty level.

Progressive disclosure

Consider activating certain advanced tests only after students pass simpler tests. This
is not directly accomplishable by JUnit (since it goes against the philosophy of independent
tests) but it is easily implemented using static variables (see Listing 3.11). Important:
Students should know that these tests exist and what is needed to “unlock” them (e.g.,
“This test will only be executed after you pass the tests based on the small input files”).
This rule also interacts with the previous one: the feedback for more complex tests should

appear after the feedback for the simpler tests.

Listing 3.11 — Progressive disclosure: this test is only executed after the student passes at

least 4 simple tests.

Q@Test
public void advancedTest() {
if (SimpleTests.testsOK < 4) {
fail("This test will be unlocked after passing 4+ simple tests");
}
// ... actual test

Tests involving collections

Be careful with “OutOfBounds” runtime errors: check the length of the collection
before accessing individual elements. However, don’t just check the total length of the
collection upfront, since it will be difficult for students to understand the problem when
they have insufficient or excessive data. Instead, first validate a few elements in order to

allow students to debug missing values. See Listing 3.12 for examples of both approaches.

Listing 3.12 — Testing collections’ contents: its better to validate a few examples before

asserting the full list size.

List ids = Main.calculateIds();

// this is difficult to debug
assertEquals (347, ids.size(), "calculateIds() returned wrong number of

elements");

// this is better

int size = ids.size();

assertTrue(size >= 2, "calculateIds() should have returned at least 2 elements,
but returned " + size);

assertEquals(3, ids[0], "calculateIds()[0]");

assertEquals(5, ids[1]", calculateIds()[1]");

assertTrue(size >= 5, "calculateIds() should have returned at least 5 elements");

assertEquals(6, ids[4], "calculateIds() [4]");
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Include a timeout on each test
In order to detect infinite loops and/or implementations with inappropriate time com-
plexity (i.e., big-O notation), teachers should consider defining timeouts for some or all of

the test functions.

3.4.4 Lessons learned: specific recommendations per assessment type

As we’ve seen before, in order to allow students to act and solve a problem reported by
the AAT, the respective tests should supply the student with some level of information.
We argue that the ideal level of information will be different depending on the assessment
type (e.g., homework, project).

As such, we hereby present adaptations of the aforementioned generic recommenda-
tions, making them more apt for specific assessment types.

In-class/Homework exercises

Due to the formative goals of these exercises, we consider it important to provide
students with feedback which allows them to fully master the material. As such, all test
functions should be public and all, or at least the majority, of assertions should have
significant feedback.

Mini-tests

In such assignments, we recommend that some feedback is given, but at least one of
the asserts should give very little feedback, in order to reduce the likelihood of overfitted
solutions. For example, at least the last assertion of each test function should not give any
hints in terms of input and expected output. All test functions should be public, since it
is important for students to have a real notion of how they are doing.

Projects

Use hidden tests to make it harder for overfitted solutions to get good grades. Define a
subset of the public tests as ‘mandatory’. These tests will define the minimum mandatory
functionality which a student must implement in order to get a passing grade, also pro-
moting that the approved projects have a minimum level of quality. Furthermore, if you
employ project defenses, having mandatory tests will aid in avoiding certain issues (refer
to the next paragraph for details). Hidden tests should not be mandatory, as students are
unaware of their existence and cannot take action to address or rectify any related issues.

Defenses

The rules presented for mini-tests also apply to project defenses, since both are time-
bound evaluations where students tend to become stressed. However, a few additional
recommendations make sense when defining tests for project defenses. If possible, build
the defenses around the project’s ‘mandatory functionality’ in order to prevent penaliz-
ing students whose projects have bugs that were not detected originally. If ‘mandatory’
tests were not defined, teachers should avoid testing scenarios which were only tested in
the project’s hidden tests. These two recommendations aim at reducing the chance of

penalizing students whose projects have pre-existing bugs that might condition their per-



3.4. LESSONS LEARNED IN AUTOMATED ASSESSMENT 97

formance in the defense. Furthermore, for similar reasons, we recommend using adapted
versions of the project’s public tests in the defense’s tests (e.g., same input file, similar
actions, and so on). Teachers should also be careful with interdependence between the test
cases. For example, if the defense’s assignment asks students to change the ‘toString()’
function, then it might be dangerous to use the ‘toString()’ as a criteria to determine
the correctness of other defense tests. Finally, common pitfalls should be identified and
avoided. For example, in projects involving people’s names, some students only support
two-named individuals and overlook those with multiple names, like ’Samuel L. Jackson’
versus 'Samuel Jackson.” It’s important to recognize and steer clear of these issues in

project defenses, as students often fail to address them despite detailed feedback.

3.4.5 Lessons learned: other recommendations

Sometimes students complain that a test is incorrectly failing, justifying their position with
something along the lines of ‘in my computer, it works’. As such, we find it important to
educate students on how their code will be tested.

One way of doing this is to teach them how to programmatically test their own code.
Even so, some students might still struggle with transferring this skill to the interpretation
of teachers’ tests, due to lack of testing experience and/or other issues. To help with this,
consider giving students access to the code of one of the assignment’s tests, in order to
allow them to reflect on how testing is being performed. This might have the added benefit
of students making their own adaptations of the sample test, thus better testing their code.

Finally, we also suggest a strategy of promoting that students write their own tests
when they ask for help. In response to help requests, we often prompt students to demon-
strate a unit test that evaluates a specific aspect, akin to our AAT’s test. Although
this usually requires some interactions until the student produces a test which mimics
the actual problem, it has the advantage of forcing students to enter a testing-oriented

mindset.

3.4.6 The Future of Automatic Assessment

Although LLMs have been received somewhat controversially by the CSE community [104],
we expect CS educators to adopt these technologies in their teaching practices sooner or
later. More concretely, we believe LLMs will be used to improve AATSs and/or assessment
practices [40].

Some possible research avenues are: 1) using LLMs to automate the generation of tests
([104]) that respect the recommendations presented in this section; 2) integrating LLMs
and AATs to simplify the process of providing hints for failed tests, similarly to [141], but
with guardrail mechanisms to prevent LLM over-reliance; 3) employing LLMs to generate
customized feedback that considers both the student’s code as well as the issues identified
by the AAT; 4) integrating LLMs into AAT’s evaluation schemes ([75]) to detect issues
such as overfitting and problem evasion; 5) replacing AATs with LLMs entirely. Note
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that developments in terms of improving and/or complementing AAT feedback (i.e., #2
and #3) might reduce the need for educators to follow recommendations such as the ones
presented in this section. With regards to #5, we find it unlikely, at least in the near future,
since current state-of-the-art LLMs have limitations (namely, hallucinations!'?), and still
require human supervision [75]. The need for said supervision would potentially negate

one of the biggest advantages of automated assessment: reduction of teacher workload.

3.4.7 Limitations

The recommendations in this section are based on our multi-year experience across var-
ious courses but have not been statistically validated. As such, it is possible that they
are somewhat biased. To mitigate this issue, we have reviewed our recommendations in
relation to earlier studies on feedback, such as [172], and confirmed their alignment with

prior recommendations.

3.4.8 Conclusions

This section presented a set of recommendations for the definition of unit tests to auto-
matically verify students’ work and provide students with formative feedback which allows
them to learn and/or act on their mistakes. We believe that following these recommen-
dations has helped us help our students in their learning processes. They also helped
us avoid certain mistakes which would have otherwise consumed our time or penalized

students excessively.

12Qccasions in which LLMs produce outputs which are factually incorrect.



Chapter 4

Large Language Models and
Object-Oriented Programming

4.1 Chapter summary

This chapter addresses the impact of Large Language Models in Object-Oriented Program-
ming courses as well as some potential strategies to prevent students from over-relying on
these tools.

This chapter is composed of two parts.

The first part (section 4.2) is strongly based on the publication titled LLMs Still
Can’t Avoid Instanceof: An Investigation Into GPT-3.5, GPT-4 and Bard’s
Capacity to Handle Object-Oriented Programming Assignments (presented in
the 46th International Conference on Software Engineering, 2024, level A*). It explores
the OOP capabilities of 3 state-of-the-art LLMs: GPT-3.5, GPT-4 and Bard. To evaluate
the models, we used a set of real-world programming assignments focused on inheritance
and polymorphism which had been previously used in our courses to evaluate students.
Furthermore, the evaluation was done using the Drop Project AAT. Drop Project’s OO-
features were instrumental in understanding these models OO capabilities. Note that this
was our second publication based on evaluating LLMs in the context of OOP education.
Our initial work on this topic was titled GPT-3 vs Object Oriented Programming
Assignments (presented in the 28th Conference on Innovation and Technology in Com-
puter Science Education 2023, level B). We did not include the original paper [41] in
this document, since the most relevant information is also presented in the most recent
publication.

The second part (section 4.3) is strongly based on the publication titled A Picture Is
Worth a Thousand Words: Exploring Diagram and Video-Based OOP Exer-
cises to Counter LLM Over-Reliance (ECTEL 2024, B ranked). It resulted from
our attempts to prevent students from solving their assignments by mere ‘copy-and-
prompting’. We devised a new visual notation to prescribe OOP exercises. This notation

was crafted considering the paradigm’s particularities. The proposed notation was used
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during a semester of an OOP course, after which we performed a student survey to eval-
uate it, finding that it was well received by our students, who agreed that they are an

effective way of preventing LLM-abuse and also reported other benefits.

4.2 An Investigation Into GPT-3.5, GPT-4 and Bard’s Ca-
pacity to Handle Object-Oriented Programming Assign-

ments

4.2.1 Introduction

In the last few years, researchers introduced us to Large Language Models (LLMs), which
are tools that can predict the next word in a sequence, after being trained on large amounts
of data, and taking into consideration a large number of parameters. Popular implemen-
tations of LLMs are ChatGPT, a chatbot developed by OpenAl on top of their Generative
Pre-trained Model (GPT), and GitHub Copilot!, a developer support tool that can gen-
erate code from annotations and is also based on GPT.

As CS educators, we are interested in determining how these tools can be used to
support students in their programming learning process, both inside and outside of the
classroom. We are specifically interested in the possibilities of using these tools for teaching
and learning object-oriented design and programming.

Previous research has shown that LLMs have the capacity to generate computer pro-
gram code from natural language descriptions [202]. Furthermore, GPT-based models,
such as Codex, have been shown to be able to solve most types of exercises that are used
in introductory programming classes [69]. Additionally, researchers have reported that
GPT-3.5 can handle object-oriented programming assignments, managing to reach decent
to good scores, with the caveat that the generated code is not up-to-par with the industry’s
best practices of that paradigm [41].

However, both the availability and the capabilities of these tools are increasing rapidly.
Updated models, such as GPT-42, promise even better performance than their older ver-
sions [137, 34], while new tools, such as Bard?, a chatbot developed by Google on top
of their Language Model for Dialogue Applications (LaMDA) [179, 186], are becoming
available to the general public. These new models justify performing further research on
these topics, to confirm and/or update the findings that resulted from the previous works.

Thus, we decided to explore these newer tools to learn their capabilities and limitations,
as well as identify opportunities to integrate them into our courses, similarly to what is
being done by other instructors [104, 52, 50, 108, 114].

As such, we performed an evaluation of some of the most recently available LLMs,

GPT-4, and Bard, following previous research focused on object-oriented design, program-

"https://github.com /features/copilot
2Launched on March 14, 2023
3Launched in the US & UK on Mar 21, 2023; in EU & Brazil on Jul 13, 2023.
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ming and best-practices using GPT-3.5 [41]. This evaluation was based on assignments
that are automatically graded by an Automatic Assessment Tool (AAT).

This section makes the following contributions:

e Presents and compares the performance (as measured by an AAT) of GPT-3.5, GPT-
4, and Bard using 6 real-world assignments that have been used to grade students

in an Object-Oriented Programming university course;
e Identifies and categorizes the errors found in the code generated by the tested LLMs;

e Provides full logs of the interactions used to get each model to solve one of the

assignments, in an annotated prompt /reply format;

e Presents a set of recommendations for CS Educators wishing to adapt their classes

to the availability of these technologies.

This section is organized as follows: first, ‘The assignments’ (4.2.2) briefly describes
our course, as well as the 6 assignments used to evaluate the models. Afterwards, ‘Method-
ology’ (4.2.3) details how we interacted with the 3 models, as well as the technologies used
to interface with them. A high level description of our interactions with the 3 models when
trying to solve one of the assignments, as well as the most relevant failures of each model
is presented in ‘It works but it’s not OO - how LLM(s) tried to solve the “IT Company”
assignment’ (4.2.4). ‘Overall Findings’ (4.2.5) provides an overview of the models’ perfor-
mance over all the assignments. Then, in ‘Recommendations for CS Educators’ (4.2.6), we
present some ideas that can be explored by CS educators in response to this new reality.
Finally, we present the ‘Limitations’ (4.2.8) of our study, after which we end the paper by
drawing some ‘Conclusions and Future Work’ (4.2.9) and presenting some ideas for future

work.

4.2.2 The assignments

This research was based on assignments used for student evaluation in a Computer Engi-
neering degree. The course occurs on the 2nd curricular year of the degree and focus mostly
on teaching Object-Oriented Design and Programming using the Java programming lan-
guage. In this course, students are expected to learn how to implement object-oriented
software solutions following the paradigm’s best practices [196], with a strong focus on
issues like code readability, modularity and extensibility. For example, students are ex-
pected to understand the drawbacks of using type testing, such as those permitted by
‘instanceof’, to decide program behaviors, since that technique tends to make programs
harder to modify.

The course’s assignments (e.g., tests and projects, among others) are evaluated using
an open-source AAT, called Drop Project [48]. It evaluates if the student’s code is re-
specting the assignment’s requirements using teacher-defined unit tests. It is also capable

of verifying if the student’s code follows the expected code quality rules and guidelines.
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We want to implement a software to help an IT company that provides ITConsultant services with the
management of their employees. In this challenge, there exist two types of employees: those who
pertain to the human resources management area (HRWorker), and the IT (information technology)
experts, who pertain to ITConsultant.

The classes Employee, HRWorker and ITConsultant must be created (...) however it should not be
possible to instantiate an object using the super class’s constructor.

A company is characterized by its name. A company can have multiple employees, but each employee
only the belongs to a single company.

A employee is identified by its id (int), name (String) and monthly salary (int).
.0

Add, to the appropriate classes, the following methods:

- A public int getId() method, which returns the employee’s ID.

- A public int getSalary() method, which returns the employee’s salary.

- A public int getValue() method, which returns the IT consultant’s hourly rate.
..

(Within the Company class) add a public String toString() method, which must be implemented to
return the following:

- "The company <name> does not have employees." - if the company does not have any employee;

- "The company <name> has <number_employees> employees:" - if the company has at least one
employee. Besides that, the information for each employee should be display, considering the
respective type.

Listing 4.1 — Partial instructions for the “IT Company” assignment

In this course, some assignments are configured to warn the teacher about the use of
certain keywords that allow the program to work while disregarding some of the afore-
mentioned best practices. An example of this is the usage of the ‘instanceof’ keyword
or the ‘getClass()’ function. Due to the limitations of the plugin used by the AAT for
the code quality validations (Checkstyle [89]), some quality validations are implemented
using unit tests. A case in point is verifying whether a certain class has been declared as
abstract.

To evaluate the LLMs, a set of assignments that have been used in this course as mini-
tests focused on inheritance and polymorphism was used. Each assignment has a different
business domain, as well as different requirements. All the assignments have the following
goals: identify and implement entity relationships (both composition and inheritance),
implement some getters and setters, implement a non-trivial ‘toString()’ function, and,
implement some functions that have to create, query and/or manipulate objects of several
classes. Note that the relationships aren’t directly provided to students, who must infer
which classes are the super and sub-classes. This approach sets our study apart from
others where assignments give more explicit directions [138, 162].

Moreover, each assignment has behaviors based on the object type to assess whether
students can devise solutions without resorting to explicit type checks like those allowed
by the ‘instanceof’ keyword and ‘getClass()’ function. Finally, in some cases, we ask
for the student ID to be used as the value of an object’s attribute, to guarantee unique
solutions among students.

Listing 4.1 presents a partial example of an assignment’s text.

Six such assignments were used in this study. The selected assignments were originally
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used to grade students in different school years (2018/19, 2021/22, and 2022/23).

4.2.3 Methodology

To interface with GPT-3.5, openAI’s Playground* (free account) was used. The selected
model was “text-davinci-003”. The “temperature” parameter, which controls randomness,
was left at the default value of 0.7, and the “maximum length” parameter was left at
the default of 256. GPT-4 was studied using OpenAI’'s ChatGPT Plus® (paid account).
Finally, to study Bard, we used the respective chat interface 6. Note that neither ChatGPT
Plus nor Bard allows changing the models’ parameters. The experiments were done in
different time periods, since we did them when the models became available to us: the
original experiment with GPT-3.5 was done in December 2022, the experiment with GPT-
4 was done in May 2023, and finally, the experiment with Bard was done in July 2023. To
evaluate the models’ output, version 0.9.7 of the Drop Project AAT was used.

For each model and assignment, the following algorithm was performed:
1. paste the assignment’s text into the LLM’s text input area
2. submit it

3. examine the output to determine whether all the mandatory classes and functions

are present

(a) if they are, move to step 4

(b) otherwise, prompt for the missing code and repeat step 3
4. inspect the code for syntactic, logic, and output format errors
5. manually fix any syntactic / compilation errors
6. submit the LLM’s generated code to the AAT

7. analyze the AAT’s output

4.2.4 It works but it’s not OO - how LLM(s) tried to solve the “IT
Company” assignment

This section presents a high level overview of our attempts to use each model to solve
one of the 6 assignments: the “IT Company” assignment. In this assignment, students
are expected to design the object model of an Information Technology Company with
the following concepts: ‘Company’, ‘Employee’, ‘ITConsultant’, and ‘HRWorker’. The
concepts and their attributes are explained to the students by text. However, the text

does not explicitly indicate the relations that exist between the classes: it is up to the

4available at https://platform.openai.com/playground
Pavailable at https://chat.openai.com/
Savailable at https://bard.google.com/
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<<abstract>>
Company Employee
contains
- employees: List<Employee> # salary: Int
+ getEmployeeHighestHourlyRate(): Employee + hasHour/yRate(): Boolean
ITConsultant
HRWorker
- hourlyRate: Int
+ hasHourlyRate(): Boolean
+ getValue(): Int + hasHourlyRate(): Boolean
+ toString(): String + toString(): String

Figure 4.1 — Simplified UML class diagram for the “IT Company” assignment, excluding non-
essential attributes, methods, and constructors. Students only receive textual instructions, not
this diagram.

student to infer that there exists a composition relationship — between the ‘Company’ and
the ‘Employee’ classes —, and an inheritance relationship where the ‘Employee’ class is the
super-class and the ‘ITConsultant’” and ‘HRWorker’ classes are the sub-classes. Students
are also expected to understand that the ‘Employee’ class should be abstract, since the
text mentions that it must not be possible to instantiate that class. Finally, students
must implement several mandatory functions, identifying the class of the hierarchy where
each function belongs. For example, there is an attribute that only makes sense for
the ‘ITConsultant’ class: the hourly rate. As such, only that class should have that
attribute and the respective getter, which must be called ‘getValue()’. Also mandatory
is the creation of a function called ‘getEmployeeHighestHourlyRate()¢ in the ‘Company’
class. This function must return the ‘Employee’ with the highest hourly rate. However,
since the hourly rate concept only applies to the ‘ITConsultant’ class, the student must
find the proper Object-Oriented design to implement this challenge. As such, if a student
uses ‘instanceof’ or ‘getClass()’, a penalty will be applied to the respective grade.
Figure 4.1 presents an overview of this assignment’s required classes, as well as the most
relevant design expectations. Listing 4.1 presents part of this assignment’s instructions. A
full version of the assignment, including both instructions as well as unit tests is available

online’. Refer to [42] for full logs of these interactions.

Thttps://github.com/drop-project-edu/itCompany Assignment
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Main analysis

GPT-3.5 required 18 interactions to generate a solution that included all mandatory

elements. Issues found in that solution:
e Function ‘getEmployeeHighestHourlyRate()’ uses ‘instanceof’.
e Fails 1 test because the ‘Employee’ class is not abstract.

e Fails 2 tests because the package name was incorrectly included in ‘ITConsultant.toString()’

function’s return value.

e Fails the test for the ‘Main.myCompany ()’ function due to using an uninformed num-

ber in the solution.®
e Failed to import the ‘ArrayList’ class.

Bard required 11 interactions to generate a solution that included all mandatory

elements. Issues found in that solution:
e Function ‘getEmployeeHighestHourlyRate()’ uses ‘instanceof’.
e Fails 1 test because the ‘Employee’ class is not abstract.

e Fails 2 tests due to incorrect usage of the downcast operator in the ‘getEmployee-
HighestHourlyRate()’ function.

e Fails 2 tests due to not respecting the expected format of the ‘HRWorker.toString()’

and ‘Company.toString()’ functions.

o Fails the same test related to the ‘Main.myCompany ()’ function that the other models
failed, with a difference in the implementation: instead of guessing a number, Bard’s
code attempts to obtain the student ID by using ‘System.getEnv()’, resulting in a

‘NullPointerException’.”

e Failed to import the ‘ArrayList’ class.

e Declared 3 attributes of the ‘Employee’ class as private, and tried to access them

directly in the ‘ITConsultant’ sub-class.

GPT-4 required 4 interactions to generate a solution that included all mandatory

elements. Issues found in that solution:
e Function ‘getEmployeeHighestHourlyRate()’ uses ‘instanceof’.

e Fails 1 unit test because it did not fully respect the format of the ‘Company.toString()’

function (a new line was missing).

8This problem was expected, since we did not input the student ID to the models.
9See footnote 8
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e Fails the test related to the ‘Main.myCompany ()’ function due to using an uninformed

number in the code!?.

In summary... These experiments show that these 3 LL.Ms were able to partially solve
the “IT Company” assignment, although with some errors, both in terms of basic syntax
(e.g., missing library importations), as well as more complex object-oriented programming
errors (e.g., not declaring a class as abstract, or using explicit type testing to decide
program behaviors). This is similar to what happened in the other 5 assignments, as
described in Section 4.2.5.

Attempts to improve the LLM(s)’ solutions

After obtaining each model’s solutions for the “IT Company” assignment and verifying
that all of them were breaking one of our code quality rules — the restriction not to use
‘instanceof’ —, we attempted to guide the models toward better solutions, similar to
how we expect a student would do after seeing the AAT’s feedback, and to get a better
grade. Note that these extra prompts are not part of our main methodology and are not
represented in Table 4.1.

These attempts to improve the models’ solutions were done using an ad-hoc method-
ology where we identified problems with each model’s solution, and attempted to give it a
direct indication of the problem, to see what it would do. The first extra prompt was the
same for all models: ‘Change the code to not use instanceof’. Afterward, we re-prompted
based on what each model gave us. The prompts for GPT-3.5 and Bard ended up being
similar because the respective intermediate solutions had similar problems from the object-
oriented perspective: they both were assuming that all sub-classes of ‘Employee’ have the
‘getValue()’ function, which is not coherent with the rest of the respective solutions.

Besides the initial extra prompt, GPT-3.5 required two more prompts to reach an
acceptable solution: as a reply to the third prompt, it suggested adding the ‘getValue()’
function to both the super-class and the sub-class with an implementation that would re-
turn 0. In this case, 0 is being used as a flag to indicate that the object should be ignored,
which is coherent with the model’s implementation of ‘getEmployeeHighestHourlyRate()’.
Although that solution is more OO, it is somewhat risky: such a design would be prob-
lematic if a function ‘getEmployeeLowestHourlyRate’ is needed at some point in the
future.

Bard had a behavior similar to that of GPT-3.5, although it required a fourth prompt
to reach a solution acceptable from the OOP perspective. Bard’s fourth solution was
equivalent to GPT-3.5’s third solution, thus having the equivalent problems. Note that,
although the OO solution is acceptable, Bard implemented the ‘get Value()’ function incor-
rectly: it is returning the value of the salary instead of the value of the hourly rate. Since
we were focused on getting Bard to solve the OO issue, we ignored this implementation
detail.

108ee footnote 8.
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Finally, GPT-4 only needed the extra initial prompt to reach an acceptable OO so-
lution. The model suggested adding an abstract version of ‘getHourlyRate()” to the ‘Em-
ployee’ class, as well as adding a concrete version of that function (returning -1, which is
much safer than returning 0) to the ‘HRWorker’ class. It also gave us the code for those
changes, as well as a version of the ‘getEmployeeHighestHourlyRate()’ function that only
considers objects for which ‘getValue()’ returns more than 0.

In summary... Our experiments show that it was possible and easy to guide GPT-4
towards a fully working solution that respects the object-oriented best practice of avoiding
explicit type testing. Also, while the other models also managed to reach acceptable,
although risky, OO solutions, they required more effort (GPT-3.5: 3 prompts; Bard: 4
prompts) and generated some minor errors (e.g., Bard’s incorrect return of the salary
attribute in the ‘getValue()’ function). This extra effort is coherent with the findings from

other researchers [199].

4.2.5 Overall Findings

This section presents the 3 models’ performances across the 6 assignments. As Table 4.1
shows, all models needed multiple prompts and no model passed all the tests.

GPT-4 generally had the best performance, requiring fewer interactions than the other
models, generating fewer compilation errors and, in general, having better results in the
unit tests. Bard always had equal or worse unit test results than GPT-3.5, except in the
“Home Banking” assignment, where it surpassed both GPT models.

In terms of the Code Quality validation, we observed that GPT-4 yields the best results:
while GPT-3.5 and Bard respected the code quality rules in 3 out of the 6 assignments,
GPT-4 did it in 4 out of 6 assignments. Listing 4.2 shows an example of the type of code
that these models tend to generate: it (mostly) works, but tends to decide behaviors using
explicit type testing, via ‘instanceof’ and/or ‘getClass()’ . In summary, similarly to
what previous research found for GPT-3.5 [41], the two newer models still can’t avoid
using ‘instanceof’.

It should be noted that, in the “Condominium Mgt.” assignment, GPT-4 managed to
pass the code quality, as well as 13/14 tests. Considering that the single test failure was

expected!!, we can consider that GPT successfully solved one of the OOP assignments.

H1Gee footnote 8
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Table 4.1 — Evaluation of the 3 models’ solutions for each assignment. G-3.5 is GPT-3.5.
The values are related to the first solution that contained all mandatory classes and functions.
For example, GPT-3.5 needed 5 prompts to generate all classes and functions for the first
assignment, that solution had 4 compilation errors, the code quality failed and it passed 8/13
unit tests.

Nr. of prompts Nr. of Compilation errors Code quality Ok? Tests passed

Assignment G-3.5 | GPT-4 | Bard | G-3.5 | GPT-4 | Bard G-3.5 | GPT-4 | Bard | G-3.5 GPT-4 | Bard

8/13 12/13 7/13
. 5 § )

Realtor Agency 5 2 2 4 0 8 No Yes Yes (61.54%) | (92.31%) | (53.85%)
9/13 11/13 7/13

IT Company 18 4 11 1 0 4 No No No (69.23%) | (84.62%) | (53.85%)

Home Banking 7 2 10 1 0 14 Yes Yes Yes 7/13 7/13 9/13

(53.85%) | (53.85%) | (69.23%)
11/14 13/14 10/14

. L , - . E ) §
Condominium Mgt. 5 2 5 12 0 3 Yes Yes No (78.57%) (92.86%) (71'43%>
. 8/10 9/10 8/10
: 5 s s
Home Cinema A/V 5 2 6 3 0 2 Yes Yes No (80%) (90%) (80%)
— - . 11/16 12/16 10/16
Railway Co. Vehicles | 11 6 8 4 3 10 No No No (68.75%) | (75%) (62.5%)
Average 8.5 3 7 4.17 0.5 6.83 50% 66.67% | 33.33% | 68.66% 81.44% 65.14%

Listing 4.2 — A function generated by Bard for the “Condominium Mgt.” assignment that
fails our Code Quality validations. Besides using explicit type-testing (i.e., it uses instanceof)
Bard also failed to implement the proper business rules since the formula for the ‘Garage’

should multiply the area by 3 instead of 4 (see line 3).

1 public int calculateCondominiumPayment() {

2 int value = baseValue;

3 value += area * 4;

i if (this instanceof Apartment) {

5 value += ((Apartment) this).getFloorNumber() * 3;
6 value += ((Apartment) this).getNrRooms() * 2;

7 }

8 else if (this instanceof Store) {

9 value += ((Store) this).getNrFronts() * 2;

10 value += ((Store) this).getNrDoors() * 2;

11 }

12 else if (this instanceof Garage) {

13 value += Math.abs(((Garage) this).getNrFloor()) * 2;
14 }

15 return value;

Problem categorization

This section presents a brief categorization of the problems observed across assignments
and models. After each problem, we indicate which models displayed it at least in one
assignment.

Issues related with syntax

e Failed to include library imports. [GPT-3.5, Bard]
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e Created minor compilation errors (e.g., missing “}”). [GPT-3.5, Bard]
e Failed to declare a required package. [GPT-3.5]

e Generated incoherent code (e.g., called a function with fewer arguments than re-
quired). [Bard]

Issues related with OOP concepts

e Used instanceof or getClass() to decide program behaviours. [all]

e Failed to declare a class as abstract. [all]

e Failed to correctly identify and implement business rules. [all]

e Did not respect the ‘toString()’ function’s required format. [all]

e Failed to apply inheritance best practices. [all]

e Suggested solutions with code duplication. [all]

e Accessed a super-class’s private fields from its sub-classes. [GPT-3.5, Bard]

e Declared constructors with problems (e.g., added extra arguments). [GPT-3.5]

e Failed to properly apply the downcast operator. [Bard]

e Declared abstract methods in the super-class but failed to implement them in the
sub-classes. [GPT-4]

4.2.6 Recommendations for CS Educators

Students are likely to misuse tools like GPT-3.5 and Bard, which offer decent-to-good
OOP code generation for free. Superior models like GPT-4 are currently available at a
cost. With the evident progress from GPT-3.5 to GPT-4, observed both in other research
[162] as well as in our study, we believe that educators should adapt to this emerging

landscape.

Give more weight to code quality evaluations

For educators focusing on object-oriented programming, given our observations, as well
as previous research [97], we recommend putting more weight on evaluating items such as
code quality, design patterns and other similar aspects. The course’s focus should change
from just producing “functional code” to producing “functional and high-quality code”.
The assessment work can be scaled using an AAT with the capacity to evaluate functional

and quality requirements.
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Use LLMs in your classes

Consider embracing LLMs in your classes. One option is the adoption of in-class exercises
where students have to 1) interact with LLMs to generate code, and then, 2) evaluate the
respective solutions. This process would be supervised by the teacher, who would help
the students analyze and critique the LLMs’ output. This has the advantage of showing
students that these models should not be trusted blindly, and that they should inspect
and test the generated code, possibly improving their critical thinking, similarly to other
mistake-finding exercises [133]. This exercise can be enhanced by having students validate
their findings through an AAT using teacher-defined tests or by creating their own unit

tests.

Adopt project-based learning

If you currently rely solely on using small assignments for assessments, we recommend that
you consider including also project-based evaluations. Projects will require more complex
code and interactions to be implemented, which will possibly require more complex inter-
actions with the LLMs to obtain a fully working solution that respects the object-oriented
best practices. The projects can be incremental, in order to allow students to grow and
apply their knowledge incrementally. For example: consider having a first project de-
livery where the students do not need to use inheritance, followed by another delivery
where inheritance is needed, followed by another delivery where some of the requirements
change, and so on. Although LLMs’ performance over larger assignments has not yet been

measured, there are known benefits to project-based learning [132, 170].

4.2.7 On the importance of citing your sources

One of the interesting features of Bard is its ability to display sources for parts of the
generated content. In the case of the “IT Company” assignment, Bard displayed a single
source: a GitHub repository with a Java course.!?

We performed a brief analysis of the repository and found some OOP examples that are
incorrect. For example, the repository contains a class called Product with a getPrice()
method, which is extended by the sub-class ImportedProduct that redefines the price cal-
culation formula to take into account a customs fee. Instead of overriding the getPrice(),
ImportedProduct declares a new method totalPrice(). This is clearly wrong, in light
of OOP best practices.

Although we are unsure of how much of this repository actually contributed to Bard’s
reply, we suspect that it is the use of data sources that have not been curated that results
in the generation of code that does not follow the OOP best practices.

Note that GPT-3.5 and GPT-4 do not disclose any information regarding their sources.

Since the only publicly available information are high-level descriptions of the training

2https:github.com/camilaabrantes/CursoJava
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datasets (e.g., a filtered version of Common Crawl '3, English Wikipedia, among others)

[33], it was not possible to perform this analysis for those models.

4.2.8 Limitations

The 3 experiments were done using different interaction interfaces. This may have some
kind of impact on the model’s replies, namely in terms of the number of prompts required
to obtain a solution.

These models’ output is not deterministic: repeating the experiments for each assign-
ment might have led us to different results.

We did not employ any Prompt Engineering (PE) techniques. The models were initially
inputted with the original assignments’ text. The prompts used to obtain missing elements
or to guide the models’ toward better solutions consisted of very literal and direct requests.
It is possible that the models would have given better answers if some PE techniques were

applied.

4.2.9 Conclusions and Future Work

In this work, we present the performance of 3 LLMs when solving several OOP assign-
ments.

From our observations, GPT-4 demonstrated better performance than GPT-3.5, need-
ing fewer interactions and producing code with fewer issues. Additionally, GPT-4 con-
sistently passed more unit tests than GPT-3.5. In comparison, Bard lagged behind both
GPT versions in number of issues, passed tests, and the number of interactions needed to
guide it toward a reasonable solution.

If the 3 models were students, we would say that GPT-3.5 is a student that has learned
the basics of programming but struggles with object-oriented design and programming
concepts; GPT-4 is a more experienced student who, with minimal guidance, is able to
achieve good solutions; and Bard is a student of a level slightly below GPT-3.5, with less
autonomy than the others and more issues with basic programming elements. In the end,
all these students struggled somehow and made some mistakes.

But can we blame students for making mistakes when they had a bad teacher? Perhaps
the challenges encountered by LLMs in adhering to OOP best practices are not due to
inherent reasoning limitations often associated with this technology but rather attributed
to suboptimal choices in their information resources. We have verified the poor quality of
the source referenced by Bard, and while GPT-3.5 and GPT-4 do not disclose their sources,
it is plausible that they too might have relied on inadequate references. The significance
of LLMs disclosing their sources, and the more general issue of explaining their reasoning
has been a topic of repeated discussion [15]. We not only endorse such explanations but

also emphasize the necessity of curating high quality sources for training these models.

Bhttps: //commoncrawl.org/the-data
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4.2.10 Data Availability

Since this work is based on real assignments that we use for student assessment in our
course, publishing the full assignment and/or interactions dataset would require us to
fully recreate all the assignments, ensuring we use unpublished materials when evaluating
our students. As such, we have decided to release just one of the assignments: the IT
Company Assignment. This was achieved by creating the respective GitHub repository

14 as well as publishing the respective interaction logs, for each LLM, in Zenodo [42].

4.3 Exploring Diagram and Video-Based OOP Exercises to
Counter LLM Over-Reliance

4.3.1 Introduction

The advent of large language models (LLM) and their ability to generate computer code
from natural language descriptions has led to robust discussion in the computing education
community around the opportunities and challenges they present to educators and students
[26, 54]. In fact, there is differing opinion amongst educators regarding whether to resist
and fight the usage of these tools, or to try and find ways to embrace them [104, 169].
While there have been some initial attempts to integrate LLMs into teaching practice at
the introductory level [150, 95], very little is known about the efficacy of these approaches
and there is little discussion or consensus about how to adapt higher level courses [152].

Given that LLMs are becoming an essential part of industry practice [24], it is neces-
sary for educators to explore approaches that promote the acquisition of core computing
knowledge and skills alongside authentic use of code-generation tools. Tasks which are
solvable through pure “copy-and-prompt” approaches may not be engaging or motivating
for students. Very recent research suggests using image-based exercises that illustrate
expected behaviors through diagrammatic problem descriptions [53]. The goals of this ap-
proach, which has only been explored at the introductory programming level, are twofold:
first, students have to make an effort to understand and describe the underlying problem,
and, second, they can’t just copy the assignment into ChatGPT, Bard or similar tool.

In this research we propose extending the idea of image-based problem specifications
to more complex design-oriented tasks suitable for Object-Oriented Programming (OOP)
courses. In such courses, the focus is not on implementing stand-alone functions but
rather on tasking students with designing and implementing multiple classes that maintain
mutable states and collaborate with each other to achieve specific objectives!®. Our aim is
also to develop an approach where problems can be presented in such a way that that their
solution is not uniquely specified. Instead, rather than guiding students towards a single

model solution, we want students to have the flexibility to infer their own object-oriented

Mhttps://github.com/drop-project-edu/itCompany Assignment
5For example, in a racing simulator, when the ‘accelerate()’ method of a ‘Car’ object is called, the state
of the respective ‘Engine’ and ‘Wheel’ objects is also changed.
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design by performing a domain analysis'®. To achieve this, we propose a novel notation
for expressing program requirements. Problems are then presented to students using this
notation, rather than as highly descriptive plain text specifications, which we hypothesize
will help mitigate probable LLM-abuse as motivated in prior work [52].

We conducted an experiment with diagram-based OOP exercises and video-based OOP
projects, both utilizing a custom notation, and evaluated them in a classroom setting
over the course of a semester. Our investigation is guided by the following four research
questions (RQs)!":

RQ1: How do students perceive the new diagram-based exercises compared to more
traditional text-based specifications?

RQ2: Are diagram-based exercises perceived by students as being more suitable for
certain OOP topics than for others?

RQ3: For larger-scale projects, are video-based specifications motivating for students
and do they find them easier for interpreting required behavior?

RQ4: To what extent does the proposed notation for specifying programming tasks
discourage students from inappropriate use of LLMs for code-generation?

Recently, both ChatGPT and Bard were updated with the capacity to interpret im-
age content (i.e., ‘vision’)!®. We performed some experiments to determine if these new
capabilities could jeopardize our diagramming efforts. Despite being ad-hoc experiments,
their relevance to our study led us to include a brief section on them in this section.

This section makes the following contributions:
1. Presents a novel notation to represent OOP exercises;

2. Presents the results of a student survey evaluating diagram-based and video-based

exercises, as well as the impact of these new exercise formats on their LLM usage;

3. Presents the results of several ad-hoc experiences using GPT-4 and Bard’s ‘vision’

capabilities to solve diagram-based exercises.

This section is organized as follows. We begin with ‘Notation: Diagrams’ (4.3.2), which
presents the proposed format for prescribing LLM-resistant OOP exercises. Afterwards,
in ‘Notation: Videos’ (4.3.3), we explore the usage of videos for prescribing more complex
assignments (projects). ‘Evaluation’ (4.3.5) describes the research methodology, which
consisted of a student survey to assess the impact of the proposed formats in the students’
learning experiences during one semester of an OOP course. We then present the survey’s
‘Results’ (4.3.6) and further discuss them in ‘Discussion’ (4.3.7). ‘Limitations’ (4.3.8)

16We combine this with automated assessment by defining a frontier class which acts as an API that
students must implement. In exercises, we sometimes define mandatory classes, but in the project students
are free to design the object-model which supports the API.

1"This section of the thesis presents four research questions (RQ1 to RQ4). In the published version
of this research, RQ2 was omitted due to page constraints, and the remaining RQs were renumbered
accordingly. However, the original RQ2 is reinstated here for completeness.

18ChatGPT received ‘vision’ support on September 25, 2023 (only available for paying subscribers) [136].
Google Bard started supporting image input on July 13, 2023 [102].
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Figure 4.2 — Example algorithmic exercise. Students should understand that the function
must create an array with elements from the two input arrays, in alternating fashion.

presents the the potential limitations of our work. Finally, we end the section by presenting

some ‘Conclusions’ (4.3.9).

4.3.2 Notation: Diagrams

Our proposed notation aims to address the variety of scenarios that typically occur in
OOP, such as functions that change the state of an object, functions that receive multiple
objects and associate them with each-other, concepts with common attributes and/or
behaviours that should take advantage of the inheritance and polymorphism mechanisms,
and so on.

We propose 5 types of diagrams, and explain the relevant notation in the following

subsections. A given assignment may combine several diagram types.

Algorithmic function diagram

These diagrams are used to present students with single non-instance (i.e., static) func-
tions that transform input into output, similar to prior research adapting introductory
programming courses [52]. See Figure 4.2 for an example.

These diagrams depict the function, with a black box denoting its name, input el-
ements represented using inbound orange arrows, and output elements in green (with
outbound black arrows). In cases where inputs or outputs are arrays, lines of small boxes
should be utilized, as illustrated in Figure 4.2. The function name within the black box
should be “obfuscated,” so as not to provide clues to its purpose (e.g., ‘£()’). This is
recommended because some LLMs can generate working solutions from only meaningful
function names [18, 204].

A minimum of two input/output examples should be provided to assist in clarifying
the expected behavior. In certain instances, more than two examples may be necessary,
particularly to illustrate how the function should behave with invalid inputs or boundary

cases.



4.3. DIAGRAM AND VIDEO-BASED EXERCISES 115

State-change function diagram

These diagrams are similar to the algorithmic function diagrams described in the previous
section but are used for non-instance (static) functions that change the state of one or
more objects and possibly also return a value. While this may be considered bad practice
in imperative programming, where students should avoid implementing functions with
side-effects, it is common practice in OOP. Since these functions can have two simultaneous
effects, a different notation must be used for changing the objects and returning a value.
The former is represented by a dashed arrow while the latter is represented by a solid arrow
(in concordance with the algorithmic diagrams that only return values). Given that the
distinction between solid and dashed arrows may not be immediately evident, a caption
is provided to highlight this difference for students. The remaining notation is expected
to be inferred by students.

The business rules can be directly written in the diagram as a side note but we consider
it more interesting to just provide several examples and allow students to infer those rules.
For more complex rules, it may not be feasible to describe them through examples —
consider using a state transition rules diagram (see Section 4.3.2) in those cases.

To illustrate this concept, imagine an exercise where students must implement a func-
tion which associates ‘Employees’ and ‘Tasks’ within a ‘Company’ if certain conditions (or
rules) are met. Figure 4.3 presents such an exercise. The presented function must receive
3 input arguments, as indicated by the orange arrows. Each input is described with an
example object, represented by an ellipse annotated with the expected class name (e.g.,
‘Company’). Relevant attributes and values (e.g., ‘description’) are drawn inside the el-
lipse. Relevant notes might also be added (e.g., "TEmployee obj w/ N tasks’). The diagram
also conveys that this function has two distinct sub-behaviours: 1) the dashed arrow indi-
cates that the function is expected to change some of its input arguments, and, 2) the solid
arrow indicates it should return a boolean. Below the dashed arrow, we see a pink arrow
suggesting that some kind of link should be created between the ‘Task’ and ‘Employee’
objects. That association is further explained with a textual hint which reads ‘Employee
obj w/ N + 1 Tasks’. Finally, an asterisk near the expected return value presents rules
that must be respected.

Notice that students are expected to implement not only the function but also the

classes and methods that support its behavior.

Class declaration diagram

These diagrams provide students with guidelines for implementing predefined classes, at-
tributes, and relationships (e.g., composition). Each class should be depicted within a box,
enumerating its attributes (optionally with their types), specifying the necessary construc-
tors, and outlining the expected behavior of fundamental methods like ‘toString()’. The
behavior can be described similarly to algorithmic diagrams, with examples of input/out-

put and corresponding arrows. It is important to note that the direct representation of
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Implement in the Main class:
[ 1 —> e
[

(") returns true lIF the Task’s state

Company obj L transition is valid and if the Employee
I belongs to the Company
( description: “paint the office” J 4 v
\ SR S description: “paint the office”
Task obj month: “January”
name: “Joseph” ‘ Task obj ‘7|
S
Employee obj -
w/ N Tasks name: “Joseph’ Employee obj
w/ N+ 1 Tasks

Figure 4.3 — Example state-change function exercise. Students should understand that the
function must receive 3 objects (a ‘Company’, an ‘Employee’, and a ‘Task’) and associate
them if some rules were respected. The rules are detailed in Figure 4.6’s diagram.

relationships between classes is omitted. Specific attributes are linked with an accompa-
nying image, indicating that they are objects themselves.

See Figure 4.4 for an example where students had to implement two related classes.
In that example, students had to infer that the small house-like figure within the ‘Person’
class diagram represented a composition relationship between the ‘Person’ and ‘Apart-
ment’ classes. Note also the reference to the ‘toString()’ function, with a black arrow
which indicates the expected return value, similar to the previously discussed diagrams
for algorithmic exercises.

Although this information could be partially represented by UML class diagrams, this
proposal has two advantages: (1) it presents both structure (e.g., the class’s attributes) and
behaviour (e.g., ‘toString()”s expected return-value); and, (2) the composition relationship

is less explicit than it would be in UML.

Inheritance diagram

These diagrams are an extension (or adaptation) of the previously mentioned class declara-
tion diagrams, specifically tailored for exercising inheritance relationships between classes
(i.e., generalization via inheritance). The notation is exactly the same, however the goal
is different. Instead of describing all the classes that the students must implement (as
in class diagrams), they only describe the child classes and students must determine the
structure and behaviour of the parent class (which is absent from the diagram). After this,
they must implement all classes (structure and behavior), both those explicitly outlined
in the diagram and classes that are not present in the diagram but have been identified
by the students.

Figure 4.5 presents one of these diagrams, in which two similar concepts are repre-
sented: ‘Managers’ and ‘IT Technicians’. Students are expected to infer that these two

concepts should share a common super-class since they have common attributes (e.g.,
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Implement this class

Implement this class

« City (str)
« Country (str)

+ Constructor w/ 4 arguments

Apartment Person
+ Street name (str) * Name
+ Door number * Surname

« Living place @

« Constructor w/ 2 args
« Constructorw/ 3 args

toString() toString()
| I
"<street name><door number>, <city>, <country>“ "<name><surname> | Address: unknown"

OR
"<name> <surname> | Address: <street name><door number>,
<city>, <country>"

Tip: note that when an address exists, the formatis the same as
inthe other class. Try and take advantage of this fact.
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Figure 4.4 — Class declaration exercises. Students should infer that the ‘Person’ class has a
composition relationship with the ‘Apartment’ class. Some data-types were omitted.

Manager

* Name: ... (e.g. "Joseph")

* Base salary:... (e.g. 1000)

* Manages tasks, but does
not execute them.

IT Technician

* Name: ... (e.g. "Peter")
+ Fixed salary:... (e.g. 750)
« Executes internal works

Notes:

« Different managers might have different base salaries;
« Besides the base salary, managers also receive
2 euro per each task that they managed in the
corresponding month.

Notes:

« Differenttechnicians might have different fixed salaries.

Figure 4.5 — Example inheritance exercise. Students were expected to understand that
some common elements exist between the ‘Manager’ and the ‘IT Technician’, and create an
inheritance relationship with a super-class above those.

name, salary) and similar behaviours (e.g., salary calculation).

State transition rules diagram

These diagrams should be used when the exercise has certain classes which can transition
between different internal states, with rules which guide those transitions. In practical
terms, these diagrams are simplified state transition diagrams which only display valid
transitions. See Figure 4.6 for an example. That figure’s diagram explains the name of
the action which changes the state (e.g., ‘plan’, ‘start’), as well as what information should
exist inside the object in each state. For example, a newly created task only has value for
the ‘description’.

These diagrams are useful for providing complementary information to the other ex-
ercises. For example, the state transition diagram of Figure 4.6 and the state-change
function diagram of Figure 4.3 were part of the same assignment and are complementary:

for students to correctly implement the ‘f06()’ function (i.e., to assign a ‘Task’ to an ‘Em-
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pfan start fmish
Created Planned Started

(has description) (has description (has description, (has description,
and month) month and employee)  month, employee
and duration)

Figure 4.6 — State transition rules. This is a simplified state transition diagram which only
displays valid transitions.

ployee’), they must understand that the association can only be done if the ‘Task’ is in
the ‘Planned’ state.

4.3.3 Notation: Videos

While some exercises are easy to describe with a diagram containing 2 or 3 example inputs,
or even with 2 or 3 diagrams, in more complex assignments, where there is a significant
amount of user interaction or input validation, or projects which span multiple weeks or
months, creating diagrams to represent all relevant behaviours and interactions is complex
and time consuming.

In such cases, it is more practical to create video demonstrations of the expected be-
haviours. The videos can include a mixture of behavioural demonstrations and static
diagrams. More concretely, we recommend using demonstrations for explaining user in-
teractions, and diagrams for presenting any mandatory protocols which the students must
follow. The videos should start with the demonstration of the expected functionality from
the user’s perspective, and only afterwards go into required implementation details.

A video' with an example OOP course project is available online?”

4.3.4 Method
Experimental context

To evaluate the proposed diagrams and videos as formats to present students with OOP
tasks, we applied them in the 2023/24 offering of a course focused on Object-Oriented
Design and Programming taught at Lusdfona University. In this course, students are
exposed to OO analysis and design, as well as Java implementation details. They are also
challenged to solve a number of practical programming activities, with the course following
a mixed approach with both exercise-based and project-based learning.

The diagrammatic notation and videos proposed in this section were applied to the
majority of these practical activities, which were originally described in natural language.
Diagrams were used to describe the exercises, while the project was described using the

video format.

¥Narrated in Portuguese, but auto-translated captions are available.
Onttps://www.youtube . com/watch?v=_WWpLkIc6S8
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Table 4.2 — Survey questions categorized by Research Question.

RQ | Q. # | Question
1 1 “It is easier to understand the objective of the exercise when presented in
the form of a diagram, than when it is presented textually.”
1 9 “When I come across a diagram-based exercise, I tend to think more carefully
before writing code, compared to what I do with exercises described textually.”
1 3 “In general, I prefer exercises based on diagrams over exercises described
textually.”
) 4 “Considering the interpretation of the exercise, the absence of the function
name in the diagrams ...”
9 1.4 “The use of diagrams to represent exercises of this kind is appropriate.”
v (kind=algorithmic V state-change function V state transition rules V inheritance)
3 1 “It is easier to interpret the project when presented in video format,
due to the combination of text, images and audio.”
“Video statements fall short when compared to statements in natural language,
3 2 .- .
because it is more difficult to take notes on paper”
3 3 “I feel more motivated to do the project when the statement is in video
than when it is in natural language.”
“I find it easier to develop the project with the video statement than with
3 4 .
the traditional model”.
4 1 “I am more likely to use GPT/Bard with textual exercise descriptions than
with diagrams and/or videos”.
“Diagram and/or video exercises effectively prevent abuse of GPT/Bard, as they
4 2 force me to prepare a prompt instead of simply copying the
description into GPT/Bard.”
4 3 “I consider diagram and/or video exercises a good step towards making me more
prepared for a professional future where I have to interact with GPT/Bard.”

4.3.5 Evaluation

To assess the effectiveness of this novel notation, students were administered a structured
anonymous questionnaire during the 12th week of the course. At this juncture, students
had been exposed to multiple diagrams of all types presented in this section: this includes
10 assignments, each composed of multiple diagrams. On total, 72 unique diagrams were
made available. Also, students were actively engaged in the project.

The questionnaire was composed of 15 quantitative questions, each associated with
one RQ. Fourteen of the questions — presented in Table 4.2 — used a standard 5-point
Likert scale (strongly disagree to strongly agree). One question was categorical, with three
possible options. Finally, the questionnaire included a qualitative question for students to

provide open-response comments.

4.3.6 Results

The course had 115 enrolled students. Among them, 84 students had some level of par-
ticipation, submitting at least one diagram-based assignment. For those 84 students, the
average number of submitted assignments was 6.25 and the mean was 7 (out of the 10
available assignments). The minimum number of submitted assignments was 1, while the
maximum and mode were both 10 (12 students submitted all 10 assignments). A total of

56 students participated in the survey.
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B Strongly disagree W Disagree Neither agree nor disagree == Agree I Strongly agree

]
Easier to understand '
diagrams than 1
textual descriptions

Think more carefully |
before writing code

Prefer diagrams over | _
textual descriptions
|
30% 25% 20% 15%  10% 5% 0% 5%  10%  15%  20%  25%  30%

Percentage of Responses

Figure 4.7 — Students’ opinions with regards to diagram-based exercises when compared to
natural language exercises (RQ1).

RQ1: Perception of diagram-based exercises

Response distributions to the three quantitative questions associated with RQ1 are pre-
sented in Figure 4.7. Although the results are somewhat balanced between the agreement
and disagreement sides, in the first two questions, more students agree with the benefits
of diagrammatic exercises. However, in the third question, results were skewed to the
disagreement side, indicating that most students do not prefer diagram-based exercises
over text-based ones.

Finally, we asked students to evaluate the impact of the absence of the function name
from the diagrams (Table 4.2: Question 4, RQ1). This categorical question had 3 possible
options: “It causes me some difficulties” (selected by 37 students or 66.07%), “It doesn’t
affect me” (14 students or 25.00%), and, “It causes me a lot of difficulties” (5 students or
8.93%). We were somewhat surprised by the results, as we expected most students to find

the absence of function names more challenging.

RQ2: Suitability for various OOP topics

Figure 4.8 presents the survey’s results for each exercise or diagram type. In all diagram
types, more students indicated some level of agreement than the students who indicated
some level of disagreement. However, it is possible to see that some diagrams were better
received by the majority of the students than others. For example, 65.31% of students who
used the ‘Inheritance’ diagrams indicated either agreement or strong agreement with their
suitability for the respective exercises, closely followed by the ‘Algorithmic’ diagrams,
which were considered appropriate by 52.73% of the students who used them. On the
other hand, both the ‘state-change function’ and the ‘state transition’ diagrams were only
considered appropriate by 45.28% and 47.06% of students, respectively. As such, these

aspects of the notation can still be improved to better enhance their effectiveness.
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1
i
function .
1
State transition A — 14 10
i
Inheritance m 20 12
H
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Percentage of Responses

Figure 4.8 — Students’ opinions about each of the diagram types (RQ2). In all cases, the
mode was 4 (Agreement), with positive agreement values consistently exceeding negative ones.
‘Inheritance’ and ‘algorithmic’ diagrams were better received than the ‘state-change’ and ‘state
transition’ diagrams.

Ease of project
interpretation 1 27 12
with video format
Note-taking ’
difficulty: video vs. 1 17
natural language
Motivation with
video vs. natural
language
Project development
ease: video vs. 18 6
traditional model ,
1

30% 25% 20% 15% 10% 5% 0% 5% 10% 15% 20% 25% 30% 35% 40%
Percentage of Responses

Figure 4.9 — Distribution of student replies to questions about video-based exercises (RQ3).
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Figure 4.10 — Students’ opinions on diagram/video exercises’ effect on LLM usage (RQ4).
Students generally find that these new formats effectively reduce LLM over-reliance and po-
tentially prepare them for their future careers.

RQ3: Interpretability and motivation of video-based projects

Figure 4.9 presents the results for each question related with RQ3. The vast majority of
students indicated that videos make projects easier to interpret. However, with regards
to the ease of note taking, most students feel that videos are not as good as textual
descriptions. Videos also seem to have a positive impact on students’ motivation (Table
4.2: Question 3, RQ3). Finally, the majority of students reported that developing the

project with the video statement is easier than with the traditional text-based assignments.

RQ4: Use and Reliance on LLMs

Figure 4.10 presents results for questions related with RQ4. The majority of students
indicate that they would be more likely to resort to an LLM when solving textual exercises
than with diagrammatic or video exercises. The vast majority of students also agree that
diagrams and videos are an effective way of preventing LLM abuse. Lastly, students agree
that these formats will better prepare them for potential future careers where they have
to use LLMs to produce code [24].

4.3.7 Discussion

The proposed notation and diagrams present a new visual language relevant for the speci-
ficities of teaching and learning OO design and programming. These diagrams require
that students first understand the problem by analysing the diagrammatic sample sets,
and then proceed to define an object model and/or algorithm which solves it, with or
without the help of a LLM.

Diagrams and videos can prescribe more or less directed tasks, according to educators’
goals, by using clues such as ‘Implement in class Main’, ‘Represent these concepts’, and so
on. However, educators should avoid exposing too much information textually or verbally,
since some textual instructions can be parsed from images [84] and audio interpretation

tools are also emerging [136].
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We believe this model has three advantages: (1) it forces students to interpret test
cases and infer a problem description; (2), it should prevent direct ‘copy-and-prompting’
from the assignment description to the LLM; and, (3) it requires students that wish to
use an LLM to create prompts that guide it towards the goal. Although these last two
ideas might seem contradictory, we argue that both have pedagogical value, since it is
important that students gain some experience with using LLMs in an authentic way, as
helpers for solving coding problems, due to the likelihood that they will use these tools
professionally [24].

During the experiment, we observed some interesting student behaviours which we
believe should guide future work on this topic. One interesting aspect was, at least in some
cases, students’ difficulties in interpreting the diagrams prompted interesting discussions
between students and teachers. When the doubts were not obvious, we would engage with
the student and help them reach the expected interpretation by themselves. For example,
when a student asked “What does this ‘N + 1’ tasks mean?”, the teacher pointed out
that, before the function call, the object indicated ‘N tasks’, and then asked the student
what they thought was happening that resulted in the change from ‘N tasks’ to ‘N + 1
tasks’. As for the videos, at least one student transcribed the video to a text document.
We informally asked the student for their reasons, and they indicated doing it to support
offline work because they didn’t have an internet connection at all times. One other
student used a tool to download Youtube’s automatic captions for the video assignment.
Although these techniques could be used to exploit the video assignment, since not all
information is obtainable from the narration, the videos should remain LLM-resistant for
the time being.

Besides countering LLM over-reliance, the survey shows that these approaches also
seem to have other benefits, such as the apparent positive impact on students’ motiva-
tion levels. Moreover, the qualitative question also allowed us to identify another added
benefit, since multiple students reported the need to analyse and reflect on the diagram’s
contents, in order to fully understand it. For example, participant S7 indicated that “Not
knowing specifically what the function should do [...J, I had to ‘spend’ some time trying
to understand that”. Another participant, S39, commented that “Since I don’t have a
[function] name, I don’t immediately know what I'm supposed to do, I have to think and
reflect on the diagram”. Finally, S56 indicated that “Sometimes, just the diagram without
a brief contextual explanation made the exercise more difficult to understand than solving
it.”. As such, it appears that diagrams might also promote some development of analytical

skills, and this would be an interesting avenue to explore more rigorously in future work.

GPT-4 and Bard’s vision capabilities

Recently, both GPT-4 and Bard have become capable of interpreting images. Given the
potential impact to our proposed diagram-based approach, we conducted initial explo-

rations of the vision capabilities of these tools. As such, GPT-4 and Bard where supplied
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Table 4.3 — Results of the ‘vision’ experiments. CS (compilation score) covers function
location and protocol; LS (logic score) covers function behaviour. The first three columns
show diagram-based outcomes, while the fourth column details text-based results.

Experiment 1 Experiment 2 Experiment 3 Experiment 4
(diagram) (diagram) (diagram) (textual)
CS LS CS LS CS LS CS LS
GPT-4 0/3 1/3 0/3 1/3 3/3 0/3 2/3 3/3
Bard 0/3 0/3 0/3 1/3 0/3 0/3 3/3 1.5/3

with the same information that students had: a diagram containing some introductory
text and Figure 4.6, and then a second diagram which was equal to Figure 4.3. This ex-
periment was repeated 3 times with the same images, but with slightly different prompts
and the generated code was evaluated considering 3 compilation and 3 logical items. None
of the attempts yielded a correct implementation of the ‘f06() function, with both mod-
els generating code with compilation errors and/or logical errors. We also supplied both
models with an equivalent text-based description of the exercise. With the textual input,
GPT-4 was able to generate an almost correct solution, failing only to declare the function
as ‘static’. Bard’s solution to the text-based variant was also better than all its diagram-
based attempts. See Table 4.3 for an overview of our results. The logs of our experiments
are available online in [45].

This experiment reveals that LLMs perform much better with text-based OOP exer-
cises than with diagram-based ones. As such, diagrams seem a good approach to limit

students’ over-reliance on LLMs, at least for the time being?!.

4.3.8 Limitations

One limitation is the significant proportion of students opting for the neutral option in most

quantitative questions. This could potentially have skewed some of our interpretations.
In relation to the questions about the impact of diagrams and videos on the utilization

of LLMs, it is conceivable that some students may not have provided honest responses to

this question given concerns around academic integrity.

4.3.9 Conclusions

We believe that the biggest challenge in adapting courses and classes to this brave new
world where LLMs with code generation capacity are easily accessible is creating exercises
that are hard for an LLM to solve, but are still accessible and can be solved by students.
In this section we present a novel pedagogical approach to describe OO programming
exercises and projects. This notation allowed us to replace the previously used natural
language descriptions which could be solved, to some degree, by GPT-3.5, GPT-4 and
Bard [41, 43]. The proposed notation was well received by our students, who also agree

that it helps mitigate LLM over-reliance.

21This experiment was performed in the last week of December, 2023.



Chapter 5

Conclusions and Future Work

This thesis focuses on two CSE topics of technological nature: Automatic Assessment Tools
and Large Language Models, specifically when applied to Object-Oriented Programming
Education.

We believe that the pedagogical and technical tools used for teaching OOP should
continuously evolve over time, taking advantage of technology as possible. This requires
that educators pay attention to technological advancements and determine if and how
they should be integrated in the respective courses. This is what we tried to do with both
AATs and LLMs.

In the AAT side of things, we proposed two new tools: the Drop Project (DP) AAT and
a complementary IDE plugin. Drop Project’s characteristics (multi-file, unit-tests-based
and supporting code quality evaluations) make it adequate for validating OO projects.
Furthermore, DP is an Open-Source, documented and unit-tested tool, which is under
continuous development with new features being implemented and bugs being fixed. This
allows other educators to adopt it in their courses if they see fit.

With the complementary IDE plugin, we have made DP more apt at handling small
exercises, which also has benefits in terms of OO education since it facilitates the creation
of mixed learning environments.

We also documented our knowledge in terms of test-case construction feedback defini-
tion. This knowledge resulted from our experience of working with automatic assessment
for the last seven years. This resulted in a publication in which we try to raise awareness
to the need to define, promote and use best practices in terms of 1) defining unit-tests for
AAT-based assessments, 2) define useful feedback for better supporting students.

With these 3 publications, we believe we have contributed to improving AATSs and
their usage in OOP education, which was our first research goal.

On the LLM side of things, we started by evaluating the impact of some of these
tools — GPT-3.5, GPT-4 and Bard — in OOP education. This evaluation was done using
Drop Project'. Drop Project’s capacity to evaluate functional as well as code quality

requirements allowed us to evaluate the code generated by the LLMs and capture it’s

'The Open-Source AAT which we proposed in our first AAT-related publication
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strengths and weaknesses. To perform the evaluation, we resorted to multiple real-world
OOP assignments which had been previously used for grading students. This evaluation
allowed us to inform the CSE community about some particularities of LLM-generated
OOP code. First, we reported that the tested tools are able to achieve what can be
described as ‘passing scores’. This leads to the conclusion that some students might
abuse these tools to obtain undeserved passing grades. Second, we reported that the
tested LLMs do not properly use some of the paradigm’s techniques, such as inheritance
and polymorphism. This means that even if students use these tools responsibly — for
example, by referring to them to get help — they are at risk of learning from bad examples.

After researching and learning about the potential impacts of LLMs in OOP education,
we decided to investigate ways of mitigating students’ over-reliance on these tools. In this
scope, we devised a new visual notation for prescribing OOP exercises and evaluated it
over the course of a semester, both in small exercises described as diagrams, as well as in
a larger project, described in video. This visual notation requires that students first make
an effort to understand the problem, and then proceed to define an object model and/or
algorithm which solves it, with or without the help of an LLM. As such, it should prevent
direct ‘copy-and-prompting’. These new formats were well received by our students, who
reported other effects, such as the need to spend more time thinking on interpreting the
problem (which potentially promotes the development of analysis skills), and being more
motivated to work on video-based projects.

With our 3 LLM-oriented publications, we believe we have informed the CSE com-
munity about the particularities of LLM-generated OO code and we also believe that we
have contributed to the responsible integration of LLMs in OOP courses, which was our
second research goal.

Looking beyond the scope of the current thesis, we would like to further develop these
two areas of knowledge, finding ways of integrating AATs and LLMs. We have done some
preliminary work on this topic, by feeding the AAT feedback and assignment context into
OpenAl’s API, allowing students to request GPT’s help for their assignments [147]. We
plan to evaluate the impact of said integration in terms of providing helpful feedback to
students.

Finally, we believe that it is of the utmost importance that educators and researchers
keep making efforts in terms of responsibly integrating LLMs in Object-Oriented Pro-

gramming courses. This work is an important step in that direction.
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