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Abstract

The increasing number of students that enroll in higher education programming courses, along with the
significant increase in the availability of Massive Online Open Courses, have made it nearly impossible
for personalized feedback to be given to students who are now starting to learn programming. This
reduction in the amount of personalized feedback leads to frustration and a slower rate of learning
from the students, whose work and progression suffers from the lack of guidance. In this Thesis, we
present FeedFix, a tool designed to tackle this problem, by taking advantage of Fault Localization to
pinpoint errors in the program and leveraging the recent improvements in the realm of Large Language
Models, when it comes to Automated Program Repair, to create personalized solutions based on the
students’ own buggy submissions. FeedFix then takes these solutions and its corresponding buggy
student submission to generate a detailed Sketch of the solution, revealing the structure of the program,
while abstracting away any specific portions of code of the student submission that were incorrect or
missing. FeedFix also allows the faculty members to alter the level of feedback given, giving them the
freedom to provide more or less detail in the sketch, as they see fit. With this in mind and considering
that FeedFix’s best configurations have over a 50% repair rate, FeedFix shows tremendous promise

when it comes to tackling this feeedback problem.

Keywords

Automated Program Repair; Introductory Programming Assignments; Personalized Feedback; Code
Sketches.






Resumo

O aumento de estudantes que se inscrevem em cadeiras de programacao universitarias, em conjugacao
com o aumento significativo da disponibilidade de Cursos Abertos Online Massivos, tornaram a tarefa
de dar feedback personalizado aos estudantes quase impraticavel. Esta redugdo na quantidade de
feedback personalizado, leva a um acréscimo nos sentimentos de frustragao dos estudantes e a uma
diminuigdo na sua progressdo. Nesta tese, apresentamos FeedFix, uma ferramenta criada para en-
frentar este problema, tirando vantagem de Localiza¢éao de Falhas para encontrar erros no programa
de forma precisa e utilizando os desenvolvimentos recentes no dominio de Modelos Linguagem de
Grande Escala, no que toca a Reparagao Automatica de Programas, para criar solugoes personal-
izadas baseadas nas submissdes dos alunos. FeedFix utiliza estas solugbes, em conjunto com as
submissdes dos estudantes com bugs para gerar um esbog¢o do programa solugao, revelando a estru-
tura do programa, mas abstraindo porcoes especificas do cddigo que a submissao do estudante tinha
em falta ou tinha errado. FeedFix também permite que membros do corpo docente alterem o nivel de
feedback da ferramenta, dando-lhes a liberdade de escolher se querem que o esbog¢o mais ou menos
detalhado. Tendo isto em mente e considerando que as melhores configuragdes de FeedFix tém uma
taxa de reparagao superior a 50%, FeedFix demonstra grande potencial no que toca a enfrentar este

problema de fornecer feedback personalizado a cada estudante.

Palavras Chave

Reparacdo Automatica de Programas; Trabalhos de Programacao Introdutérios; Feedback Personal-

izado; Esbogos de Caodigo.
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1.1 Problem Overview

With the ever-changing landscape of technology and the tremendous strides it has taken, along with
the promise of higher pay and a higher degree of freedom in relation to work hours and remote work,
every year, millions of new Computer Science and Engineering students worldwide embark on their
universitarian journeys by learning programming [3, 4].

According to an article by W. M. To et al [5], in the 1980’s, the worldwide ratio of higher education
professors to students was about 1:13, whereas in 2018 the ratio had deteriorated to 1:17. Something
quite noticeable in the findings is also the fast increase in the number of students year-on-year, compared
to the relative stagnation of the number of teachers. This problem has been severely exacerbated in
recent years, with the spread of Massive Open Online Courses (MOOCs), which feature little to no

human interaction. This is due to both the vast numbers of students that these courses often have



and the fact that these courses tend to be available internationally, meaning that scheduling time for a
meeting to try to clear up doubts could be almost impossible due to timezone differences, for example.
As such, MOOCs rely almost entirely on automated responses, with feedback being extremely limited

when it comes to more practical courses, such as introductory programming courses [6, 7].

These facts lead to an interesting problem, where each student has less direct contact with the teach-
ers, due to teachers being forced to stretch their time over a significantly larger amount of students. This
consequence means personalized feedback becomes unfeasible as the teachers do not have enough
time to provide individual criticism for each of their student’s work, being relegated to providing basic

feedback, such as indicating whether a given exercise is correct or incorrect, based solely on testing [1].

This is particularly damaging when practical exercises, such as programming projects and exercises,
are put on the curriculum, as the students will often lack the attention needed from faculty members to
understand where they went wrong, leading to a lot of wasted time. This limits the number of practical

exercises that can be given to students, as the workload would increase significantly.

When it comes to programming, this is a significant problem, as practicing with any given program-
ming language will significantly increase the students’ proficiency with it. However, the lack of practical
exercises, besides the projects, has a detrimental impact on the overall speed at which new students be-
come comfortable and develop their skills with a given programming language and its rules as a whole.
The lack of personalized feedback other than, for instance, "Test 2: Failed", makes the student iterate

through their entire program, trying to find what could be the cause of the issue.

For instance, let us use a program designed to calculate the n** number in the Fibonacci sequence.
In this case, a student submits his solution, shown in Listing 1.1, whose mistake lies in the lack of an
equal sign in the conditional statement of the for loop (fixed program shown in Listing 1.2). The student,
without proper feedback, might easily overlook the lack of the equal sign in the loop condition, thinking
the issue lies within the logic of the program, leading to a lot more submissions and wasted time for the
student. This is extremely unproductive, as the mistake is very easy to fix and does not represent a
valuable learning opportunity for the student other than being a reminder to pay closer attention to the

code, while it is being written.

With the recent advancements in the realm of Automated Program Repair (APR) [3,6-9], an opportu-
nity to remedy some of the problems with the lack of feedback presents itself. As seen in Figure 1.1, the
simplified way for students at Instituto Superior Técnico to currently interact with their practical submis-
sions is by submitting it to a Git repository (either for the individual student or the student group). This
submission is then tested with the test suite and feedback on the success or failure of the test is added
to the student’s repository, along with hints on fault localization, memory related issues and complexity
analysis. A more detailed description of the inner workings of GitSEED can be found in its paper [1].

These repositories are stored by the University, leading to a large set of different archived solutions for



Listing 1.1: Buggy Submission
1 #include <stdio.h>

3 int main(){

Listing 1.2: Correct Submission
#include <stdio.h>

int main(){

4 int n, fibonacci; 4 int n, fibonacci;
5 int prevl = 1; 5 int prevl = 1;
6 int prev2 = 0; 6 int prev2 = 0;
7 7
8 scanf ("%d", &n); 8 scanf ("%d", &n);
9 9
10 if (n <= 1) return n; 10 if (n <= 1) return n;
11 11
12 for (int i = 2; i < n; i++){ 12 for (int i = 2; i <= n; i++){
13 fibonacci = prevl + prev; 13 fibonacci = prevl + prev2;
14 prev2 = prevl; 14 prev2 = prevl;
15 prevl = fibonacci; 15 prevl = fibonacci;
16 } 16 }
17 17
18 printf ("%d", fibonacci); 18 printf ("$d", fibonacci);
19 19
20 return 0; 20 return 0;
21 } 21 }
GitSEED
3) Code Evaluation
Course Group i =] —u
1)Code p—g | | 7T TTTTUTTTTTTITR 2) Alert + + @%
Submission X's Git Repo new submission X's Test Program
. . — Code Suite Analysis Tool(s)
-.- /> X's Code Y /
- = ~
Feedback/ 4
Student/Group X é Evaluation Results Successful/Unsuccessful X's Feedback
. (README) |
5) Get feedback O ’ 4) Pushes the
form GitLab B N

feedback to X's repo

~
% README

Figure 1.1: GitSEED Overview [1].

each programming exercise.

Currently, few tools exist that are tailored specifically to help with the feedback that is provided to
the students. While there are some tools which aim to help programmers, such as AnalyseC [10], that
try to provide feedback to the student by basing their feedback on the intersection between the student
submission and a reference solution, there is a clear lack of available tools that can give personalized

feedback to students based around their own code and intended solution instead [11].
In this thesis, we present FeedFix, a tool whose aim it is to tackle these problems within the Computer
Science sphere of higher education, by providing a tool for the C programming language that automat-

ically corrects a given buggy program submitted by a student and provides an identification of where



the problems lie within the submission. This was achieved by evaluating FeedFix with C-Pack-1PAs [4],
a benchmark of 25 programming assignments in C, consisting in a total of 1431 faulty programs drawn
from three laboratory classes at Instituto Superior Técnico. This tool is intended to provide a similar level
of personalized feedback as faculty would, identifying faulty segments of a program and pointing the stu-
dent in the correct direction. FeedFix achieves this level of feedback by making use of Large Language
Model based Automated Program Repair to generate a correction of the student’s submission and use
it as a baseline to generate a detailed sketch of the solution. This sketch provides the structure of the
program to the student, retaining the sections of code that the student got correct, while abstracting
away the portions that are missing or incorrect in the student’s submission.

By providing a toggle to allow professors to tweak the functionality of the tool, the desired degree of
precision for the tool can be achieved. Whether it be a direct identification of the exact place where the
problem lies, using the Listing 1.1 example for (int i = 0; i /* Op */ n; i++;), orjustidentifying
said portion of code as buggy, i.e., for (int i = 0; /+ BinaryOp */; i++;), FeedFix would provide
faculty with control over the feedback. This toggle is intended to let each lecturer either reduce or in-
crease the amount of information given by FeedFix, depending on whether they deem a certain exercise
to be worth a higher level of detail on its feedback or not. As an example, early exercises in the semester
could have more detailed feedback, whereas later exercises would provide more abstract feedback in
FeedFix’s response. Another example is increasing the level of detail given by FeedFix based on the
number of submissions made by the student.

FeedFix leverages a new method of generating feedback, based around APR, along with a pur-
pose built sketch tool which makes use of both the student submission along with its corrected version,
to generate a program sketch that attempts to mimic the feedback that a faculty member would pro-
vide to the students.

Thus, FeedFix is intended to be used on introductory programming courses where students learn
how to program in C, in different institutions, and as such, it was built with consideration for the compu-
tational and financial limitations using Open Source software to not encumber the host institution with
financial burdens. In the case of Instituto Superior Técnico, FeedFix is planned to be incorporated into
GitSEED [1] complementing its capabilities by adding this new sketch to its already existing repertoire of

feedback information, like hints on fault localization, memory related issues and complexity analysis.

1.2 Document Overview

This thesis structure is organized as follows: Chapter 2 - Background: Provide the background in-
formation necessary to have a baseline understanding of the underlying characteristics of the problem

and the tools meant to tackle it. Chapter 3 - Related Work: Provide an in-depth look at the concepts



that will be utilized for our solution and the work that has been done to forward those areas. Chapter
4 - FeedFix: Give an in-depth look at the implementation of FeedFix, accompanied by explanations
as to why certain approaches were chosen over other available options and why certain options were
abandoned. Chapter 5 - Results: Share the results of our work, along with a critical analysis of the
performance of our tool and its successes and shortcomings. Chapter 6 - Conclusion: Give a short
summary of the problem, our implemented tool FeedFix, as well as what possible steps could be taken

to further improve FeedFix.
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2.1 Automated Program Repair

Automated Program Repair (APR) is typically composed of three main phases: Fault Localization, Patch
Generation and Patch Validation [12]. A small code example of the APR process is shown in Listing 2.1
and 2.2, where a function meant to return the largest of 3 numbers has been coded. This function has
a bug in line 2, where (a >= b s&s a <= c) should be (a >= b ss a >= c¢). Using this example
while following Figure 2.1 the APR process would receive Listing 2.1 along with the test suite and their
respective Expected Outputs, shown in Table 2.1. Additionally, in that same table, a column of the
current responses of the program is provided to help showcase the error in the program. It would then
find the bug in line 2 using Fault Localization, generate the correct (a >= b ss a >= c) code patch

for line 2 using Patch Generation, and, ultimately, verify if the program, using the newly generated patch,



Listing 2.1: Buggy Code Listing 2.2: Code after Patch Validation

int bigger (int a, int b, int c¢) { int bigger (int a, int b, int c¢) {

1 1
2 if (a >=Db && a <= ¢c){ 2 if (a >= b && a >= c){
3 return a; 3 return a;
‘ } . }
5 else if (b >= a && b >= ¢){ 5 else if (b >= a && b >= c){
6 return b; 6 return b;
; } 7 }
8 elsef 8 elsef
9 return c; 9 return c;
10 } 10 }
o} i}
Inputs ;
Tests a % c Expected Output | Given Output
Test1 |0 1 1 1 1
Test2 |3 5 2 5
Test3 |2 1 3 3 2
Table 2.1: Tests and their Expected and Given Output
Buggy
Program 1 Not Validated
E Validated Fixed
< Fault Localization » Patch Generation » Patch Validation >
Program
Test
Suite —l_)

Figure 2.1: APR Process

passes the tests in the test suite. If all the outputs match their respective expected output, the fixed code

is returned.

2.1.1 Fault Localization

Fault Localization (FL) serves to identify the portions of the code that are more likely to be responsible

for the program’s faulty behavior. There are a few different approaches to FL, with the main ones being:

1. Spectrum-based fault localization aims to iterate through the different lines of the program, trying
to find failure points in each of the tests given and attributing to each line of code a “suspicion
score”. This suspicion score acts as a weight that determines how likely each line is to be faulty,
within the given code snippet. The higher said score, the higher the likelihood that the line is

faulty [13]. Given that this method relies on a set of functions that attribute a score to a given line,

10



it does not give exact identifications of issues apart from very specific edge cases (i.e. a line of
code that is executed in every test case that fails), but rather giving an overview of which lines are
more likely to be faulty. As such, it requires several executions since the bug can be given a lower
suspicion score and, consequently, be treated as less “urgent” in the fixed priority, which can lead

to several good fixes being rejected since the buggy part of the program has yet to be addressed.

. Formula-based fault localization (FBFL) encodes the several test scenarios with failing cases
into different optimization problems, in order to identify the minimal set of faulty statements within
the program. Some FBFL tools make use of Satisfiability Module Theory (SMT) Solvers [14].
These solvers utilize an SMT formula, consisting of a conjunction of various logical clauses. These
clauses correspond to logical operations between literals, real numbers, arrays, vectors, etc., which
can be in expressions of their own (i.e., n + m = 0), with each clause representing different portions
of the optimization problem. Upon encoding the problem, an SMT Solver tries to find a set of
values that, when attributed to the literals in the formula, return a value of True, if a solution is
possible [15]. Unlike SMT formula clauses, Boolean Satisfiability Problem (SAT) formula clauses
can only use Boolean values for their literals. As such, the different clauses are only comprised
of disjunctions of literals, instead of the various different data types or expressions that could be
used in an SMT formula. Similarly to SMT Solvers, SAT Solvers try to find a set of values for the
different literals (with these values now being forced to be Boolean values) for the conjunction of
these clauses to equal True. A Maximum Satisfiability (MaxSAT) solver adds an additional layer
to SAT Solvers, by allowing each of the different clauses of a SAT formula to be defined as a
“soft-clause”, which carry a weight. This weight is used to discern which of the different clauses
are more important than others, meaning that if two of the clauses can not possibly coexist while
both equaling to True, the lower weighted clause will be chosen to equate to ra1se [16]. Of these,
MaxSAT tends to be the option that is most used, since it allows these tools to find a minimal set
of faulty lines. An example of a tool which utilizes a MaxSAT solver in its approach is CFaults [17],
where the soft clauses correspond to the different program statements, with lines being weighted
differently, depending on how “important” they are to be kept intact. Given that the intent of this
work is to help introductory programming students who are trying to learn to code, both the input
and output lines are given a much heavier weight, ensuring that those lines will only be flagged as
problematic, iff there is no set of changes to the other lines that would ensure that the program
would be able to pass the tests. This technique also ensures that the minimal number of faulty
statements considering all failing test cases are changed, as each added statement that is flagged
as buggy will increase the “cost” of repair, which we are trying to minimize. Given the inherent
properties of this type of approach, this also guarantees that we only require a single execution,

as the FL program will identify every line that is necessary to be changed to achieve the correct

11



results, rather than a set of possibilities.

2.1.2 Patch Generation

The second main phase of APR, Patch Generation (PG), consists of creating new sets of patches of
code which, when used as a replacement for the buggy sections of code found during the FL phase,
manage to fix the bugs encountered in the test cases. Several methods of generating patches exist,
with three specific ones being the most common: (1) Heuristics-Based, (2) Constraint-Based and (3)
Pattern-Based [12] (see Chapter 3). Depending on which implementation of the PG techniques are
used, there might be a Patch Ranking phase, where the different generated patches are compared with
each other and ranked based on how likely they are to be correct.

Outside of these patch generation methods, the rise in the capabilities of Large Language Models
(LLMs) have put them in the spotlight in the realm of APR [18—21]. These new approaches centered
around LLMs, are usually divided into either a refinement based around fine-tuning, via the use of large
amounts of data to train the models to better handle the problem, or prompt manipulation, based around

different prompting strategies to improve repair abilities [18,22-24].

2.1.3 Patch Validation

As a final step, to ensure proper repair, there is a Patch Validation (PV) process, where the new “fixed”
code is tested and compared, using the provided test suite, in order to gauge if the repair managed to
correct the errors, or if it has failed to do so. In case of the latter, some tools try the next most likely
implementation given by the Patch Ranking, or if the technique used does not use a Patch Ranking, we
return to the PG step, where a new piece of code will be generated to be validated again. Usually, a limit
is provided to prevent infinite generation, given the fact that the process might have failed during the FL
phase, and, as such, the PG is trying to find a solution when there is none to be found due to faulty FL.
In the case that the limit is reached, it is assumed that the APR process failed, and no solution could be

found.

2.2 Abstract Syntax Trees

Abstract Syntax Trees (ASTs) are a data structure meant to represent the structure of a program [25].

These trees are made up of nodes, with each one being divided into one of two categories:
1. Parent - Node which contains “children” nodes at a lower depth than it. It is a “branch” of the AST.

2. Terminal - Node with no “children” nodes. It is a “leaf” of the AST.
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Each node of the tree serves as a representation of something within the code, whether it be a While
loop, a Function Call, a Variable, etc. These nodes store the code’s information and their placement
in the AST is directly influenced by how the code is structured, with the way in which the nodes are stored
keeping track of certain important details, i.e., what is to the left and to the right of a Binary Operation,
or the order in which a block of code is executed in.

As such, these data structures are crucial in the context of program repair and giving feedback to
students (see Chapter 3), as it abstracts much of the text based clutter while retaining all of the relevant

information, leading to an easier analysis of the programs.
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This Chapter will cover some of the work that has been done in relation to both Automatic Program
Repair (APR) and of available feedback tools for students.
Sections 3.1 through 3.4, will mostly cover the work related to the Patch Generation (PG) step of

APR, while Section 3.5 will focus on the different automated feedback tools that are currently available.

3.1 Heuristic-Based Repair Techniques

Heuristic-Based strategies rely on using a set of heuristics, dependent on the algorithm, that will create
a search space based on previous patches and then explore it, in order to find suitable code patches

that may fix the problem. Most applications based on these types of algorithms are “light” or “fast”
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when compared to the other options available. This is owed to the fact that the Heuristic models are
based around fixed parameters, which can provide a more streamlined search space generation and
code patch search. A shining example of this is the utilization of a heuristics-based approach with
other methods of APR, such as with SearchRepair [8], a Constraint-Based tool. As described in a
paper by Liam Schramm [26], when a Heuristics-Based approach was added to SearchRepair its speed
increased dramatically, as a sufficiently accurate classifier can easily identify the perceived bad patches
and remove them from the search far faster, than a non-heuristics approach. The light requirements
of this approach come with the inherent benefit that the methods by which the generated code patch is
achieved are rather simple and therefore efficient. However, this leads to a lack of “depth” in its search as
the heuristics will explore the search space top-down based on the standards set by the heuristics given,
meaning that any potential code repairs that might be viable but are outside the purview of the assigned
heuristics are not explored. This leads to a fundamental problem, as the ceiling of the usefulness of these
tools is highly limited. This is due to the methods not adapting to suit the situation, giving way to tools
that are extremely compelling when targeting very common mistakes that can be planned accordingly
while designing and choosing the heuristics to use. However, these strategies are extremely frail and
brittle when the given bug falls outside of the limited range that the heuristics can cover. These factors
result in a set of tools which can not reach the heights other techniques might achieve, as they are not
limited by the heuristics that provide this method its edge in both speed and computational weight but
also hinder its repair ability. They also inherit some issues from the other techniques, given the fact that
these methods tend to require other techniques to actually generate the search space from which to

derive the solution.

For example, the tool SimFix [27] requires patterns, much like Pattern-Based generation techniques,
to generate the search space. These patterns are generated in what is referred to as the “Mining Stage”,
by utilizing pairs of buggy and fixed pieces of code. In the case of SimFix, a Code Change Statistics
Mining process is used to generate the patterns (an in-depth overview of Code Change Statistics is given
in Section 3.3.3). This fact means that the tool will suffer from both of the technique’s faults, resulting in

a compounding of problems which could be averted if a purer approach was used.

Some other tools, such as GenProg [28], utilize a genetic algorithm to apply mutations to the code
and fix the given patch. Mutations can vary between: insertions of code, swaps of operands within
a given statement or deletions of sections of code. Using Listing 2.1 as an example, the mutation
algorithm could choose to change line 2, by changing itto if (a >= b ss& a == c). In this example,
the generated mutation is wrong, so it would end up being discarded during Patch Validation. The
mutation algorithm is achieved by utilizing different weights within the program to increase or decrease
the breadth of changes being made at any given iteration and the probability of each of the different

code alteration options. While this does increase the effective area that is being explored for the new
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code patch, it can be a far slower process, when compared to tools even within its own category, such as
SimFix, as the heuristic approach only expands or diminishes the range in which the piece of code can
be altered, rather than actively reducing the exploration time. Another issue is the probabilistic nature of
the model being used, since even for simple fixes, there is no guarantee that the mutations will generate

the correct result or that it will be generated in a reasonable amount of time.

3.2 Constraint-Based Repair Techniques

Constraint-based strategies are methods which rely on the use of conditional statements, usually con-
densed down to a single formula, that is solved using SMT or MaxSAT solvers to find a code patch that
satisfies the condition established [12,29]. To do this, the tools generate the expression based on cer-
tain building blocks that are assumed to be viable. These building blocks tend to be similar from tool to
tool, as they tend to equate to it statements. As such, these generation methods are ideal while trying
to fix problems with the internal logic of a program since they are focused on the Boolean statements
of the given buggy program, but they often lack the overall reach to find errors that may occur when
the bugs are not found in the conditional statements or lack thereof, but rather in the algorithm of the
code. These methods, for example, would be extremely efficient at finding and resolving bugs similar to
the one showcased in Listing 2.1, whereas bugs that are more dependent on each individual operation
within the code rather than the conditional statements, would pose a more intricate challenge. Let us
look into a different example, where a function is trying to calculate the factorial of a given number. For
simplicity’s sake, we assume that all of the checks for negative numbers, null pointers and other issues
have been done prior to entering the function itself. As we can see in Listing 3.1, on the second line
of the function we have a bug where the line int result = 0; is wrong, given that we are multiplying
by this value at every iteration of the for loop, so every test scenario will lead to a return value of 0.
The corrected code, seen in Listing 3.2, has that same line now corrected t0 int result = 1;. This
example serves to illustrate a type of bug that would very likely go unfixed by these types of tools since
the bug has nothing to do with the conditional statements in the program, but rather a fault with the
assigned value to a given variable. In this case, the mistake is far too simple and would most likely be
easily fixed by these models as well. However, one can see how these types of bugs could generate
further complications when distributed over a bigger section of code, where multiple assignments are
wrong or the underlying algorithm is being employed incorrectly.

An example of a tool using constraint-based methods which showcases both the upsides and down-
sides of this approach, is NOPOL [30]. NOPOL focuses on the strengths of this approach, by targeting
conditional statements specifically, whether it be adding or modifying any existing ones. This allows for a

much more efficient tracking of issues and patch searches. However, it is far more limited, since it relies
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Listing 3.1: Buggy Code Listing 3.2: Fixed Code

int factorial (int a){ int factorial (int a){

1 1

2 int result = 0; 2 int result = 1;

3 for (int i = 1; i <= a; i++){ 3 for (int i = 1; i <= a; i++){
4 result = result * ij; 4 result = result * ij;

5 } 5 ¥

6 return result; 6 return result;

7} 7}

on the problem being found within the conditional statements themselves. Therefore, this tool serves as
an excellent standard for this type of methodology, easily being able to handle and correct the bug in
Listing 2.1, but being unable to effectively target and fix the bug shown in Listing 3.1.

A different tool PMBugAssist [31], focused specifically on Persistent Memory bugs, utilizes constraint-
based repair techniques to correct bugs related to memory violation and curb the problems that it might
entail. This tool is based on the fact that Persistent Memory bugs can be encoded into logical formulas,
granting SMT and MaxSAT a significant advantage when it comes to correctly finding fixes for these
problems. This tool also reiterates an interesting problem with this approach. Similar to what was
mentioned with NOPOL and its inability to perform assignment repairs, PMBugAssist is highly specific.
This is a repeat issue for constraint-based approaches, as the encoding process gets increasingly more
complex and time-consuming the more different types of bugs are accounted for.

Another tool that makes use of constraint-based methods is VeriFix [7]. This tool was developed to
tackle the student feedback problem identified in Section 1 and it revolves around utilizing the constraint-
based approach to verify and produce an alignment in their Automatons, which serve as a representation
of the control flow of the different programs. These Control Flow Automata, rely on MaxSMT solvers to
identify edge differences between the reference solution and the student submission and generate the
corresponding missing or mistaken patches of code. Although this method does circumvent some of the
common problems of the constraint-based methods, such as the ability to change assignments, this tool
is still highly gated by the backlog of data that it has stored and its quality. While similar to the method of
Automatic Mining', this tool does not utilize patterns, but rather a set of example solutions from which to
derive the Control Flow Automata. This difference leads to a significant drop in the scope of the repairs,
as the number of examples is limited, reducing the number of available repairs possible.

Overall, when compared with the other approaches, Constraint-Based generation techniques strike
a middle ground in terms of the power and breadth of the repairs and the computational resources and
time required to achieve its results. It tends to serve as a faster and lighter option when compared to
Pattern-Based repair options since it does not require the long learning processes that these methods

entail. However, these methods lack the depth that Pattern-Based repair techniques benefit from, as they

"Explained in detail in Section 3.3.2.
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are confined to finding problems within conditional statements, lacking the ability to modify assignments
and other non-conditional problems that might be causing the bugs. Their inherent reliance on logical
formulas also reduces some of the breadth of repairs available to these methods, as the tools are forced
into being problem-specific far more often than with other methods that could be used. Comparatively
to the Heuristics-Based approach, a constraint-based technique ends up being slower on average, as
the search through the search space based on Heuristics allows for a much faster patch generation,
upon the creation of the search space. Although Heuristic-Based approaches have a bigger overall
memory requirement on average, since they tend to make use of Pattern-Based techniques within their
processes, their computational resources are not as strained since the heuristics used do not require
the computational power that an SMT-Solver would require, leading to a lighter tool overall, despite the

heavier memory requirement.

3.3 Pattern-Based Repair Techniques

Pattern-based repair techniques are built upon the idea that common code changes can be abstracted
into a pattern, which, when applied to the faulty piece of code, are capable of generating a new patch
of code that corrects the bug [32]. Tools that make use of this method rely on the context of the faults
in order to better approximate the faulty code to the patterns that are being used, utilizing different
characteristics, such as abstract syntax tree nodes, which are, in essence, representations of all the
syntactical elements of the programming language [33]. These context clues are then matched with the
different available patterns to try to find suitable options that might lead to a possible fix.

To generate these patterns, code examples have to undergo a process called pattern mining. This
process consists of taking the given code snippets and abstracting them into the “rules” that are used in
the patch generation. The pattern mining process is divided into three categories: (1) Manual Design,
(2) Automatic Mining and (3) Code Change Statistics [32].

An example to give an overview of the pattern mining process is presented in Figure 3.1. TIFPs [2]
takes in the Bug set, extracts the relevant information from it and its test execution and starts to cluster
the information. These clusters are then used to extract the set of rules from which it creates the different

patterns that can be fed into a system to add the potential fixes to the APR tool’s repertoire.

3.3.1 Manual Design

Manual Design is a method of pattern mining consisting of having a human create or curate a set of
different cases and bugs that will be used by the given tool. This process requires the person (or people)
arranging the patterns to either build different programs that highlight particular problems of interest, like

the security bugs mentioned in the study by E. Pinconschi et al [34] or curate a list of examples that have
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Figure 3.1: Pattern Mining Example [2].

to be addressed. The manual design approach is highly beneficial when it comes to common problems,
as the code that the tool receives is made or edited with the sole reason of being the most accurate and
widely applicable instance of that bug, meaning it is extremely valuable in the learning process of the
tool. It can also be extremely helpful when it comes to hyper-specific edge cases that the development
team might want the tool to tackle, as the tool will have an almost perfect example of how to correct said
type of bug. This comes with the added benefit that the bug is so specific that minor changes to the
structure of the code will mean it never pops up, facilitating the use of a single pattern.

As a whole, the main draw of this approach is the fact that the patterns are highly curated, ensuring
that only quality patterns are learned and that the most important bugs are addressed efficiently. How-
ever, this approach is inherently limited due to manpower constraints. Given that it requires a human to
physically go through and either build new examples or curate a list of examples while having to verify
each one to ensure their quality, this approach will always be limited in terms of scope since no developer

or group of developers will ever be able to build every possible bug [2, 35].

3.3.2 Automatic Mining

Automatic mining is a method that relies on utilizing a large quantity of “random” examples in order to
infer the correct patterns, utilizing a “hands-off” approach [2, 36]. This approach takes advantage of the
wide range of different repositories by several different people from which to infer the patterns. This
guarantees a much more extensive array of bugs, as the sheer amount of data will far surpass anything
that a small team might be able to create, as is the usual case with the Manual Design method. It also
means that far more bugs that are deemed uncommon will show up, given that the large amounts of
examples all but ensures the presence of rare bugs that might have gone unnoticed if the examples were
to be created from scratch. This approach does lack the focus and precision of a manual method since
the amount of data being used in the process is far too large to be properly verified and guaranteeing
the quality of each example. This leads to a much more strenuous mining process, as each individual

example is assumed to be of far less quality, as to prevent low-quality examples from negatively affecting
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the mining process. As a consequence, this method tends to take significantly longer in the mining
process since the number of examples being processed is far larger than in the Manual Design approach.

A Pattern Mining tool that utilizes this approach is FixMiner [33]. This tool starts by collecting all
the relevant bug-fixing patches, abstracts the code utilizing ASTs, then searches for similar trees and
groups them into clusters. This tool exemplifies the problems with Automatic Mining on a large scale, as
the tool had extreme computational requirements, specifically when it comes to RAM, to generate the
patterns for around 1.1 million pairs of trees.

Another tool that utilizes a process extremely similar to Automatic Mining is Clara [3]. Similar to
Verifix, this tool was developed to tackle the same student feedback problem. Clara utilizes the large
repositories available from Massive Open Online Courses (MOOCs) to cluster the different student solu-
tions and abstract them. As such, it is essentially utilizing these clusters as the patterns that will be used
in the different repairs. While this approach does differ slightly from normal Automatic Mining methods in
the way it generates its patterns, the main principles still apply. It does present an interesting difference
when compared to tools that follow the approach more closely like FixMiner, as the differences in the
methods mean that small, discreet, changes might be overlooked. This is due to the fact that these
changes may be close enough to be clustered next to other options, instead of generating a completely
different pattern. This fundamental difference presents itself as a double-edged sword as Clara can
easily remove redundancy, by effectively compressing multiple solutions into a single cluster, at the cost
of the finer details that could be kept utilizing a purer approach.

Overall, this method is akin to casting an extremely large net. The amount of examples allows for
this approach to have almost every common, uncommon and rare bug in its patterns, bar extremely rare
bugs that have barely been seen. This means it is far more applicable on average, given that the tool
will be far more knowledgeable of less common mistakes. However, this advantage, inherent to this
method, also has two major drawbacks. The first is the lack of precision in the fixes since the examples
are not properly vetted, which leads to the possibility that some of the patterns learnt are not correct
and, therefore, the resulting code patches generated by the tool might be susceptible to more errors,
as opposed to the Manual approach. The second and far more limiting problem is the sheer amount of
computational power and memory space required to properly utilize this method. The extremely large
amount of data necessary to effectively employ this method places it in a very precarious position, as
this method is effectively relegated to much bigger tools rather than smaller tools that a team with a

small amount of resources could create.

3.3.3 Code Change Statistics

The Code Change Statistics approach utilizes the fop-n most common changes to the code (at the

Abstract Syntax Tree level) to infer the pattern [32]. This method heavily leans on the given quality

21



of each change, as the mining process is based on the changes that occur between each iteration,
so the quality of each change is extremely important in the learning process. This method is extremely
similar to the Automatic approach, sharing similar strengths and weaknesses. The main difference is the
computational time and the quality of the repairs since the differences between the different iterations
of the code ease the inference process, allowing for a much faster learning process per any given
example. This approach is far more susceptible to errors in its inference process when compared to the
other options, though, as the quality of the different commits is of the utmost importance for a correct
pattern to be constructed. The number of common changes necessary (top-n) is an important balancing
point, allowing for the changes to be “diluted” and regress to the mean, reducing the errors.

As mentioned in Section 3.1, SimFix [27] utilizes a Code Change Statistics approach to its Pattern
Mining. In their work, they refer to the top-n threshold as k, which is mentioned to be set to a value
that allows them to cover 80% of the search space. Although this reduces the number of outliers, which
would probably be populated by faulty or unnecessary examples that could “pollute” the pattern mining
process, it also eliminates potentially valuable information on rarer bugs, that wouldn’t normally present
themselves.

Another tool that made use of a threshold for their Pattern Mining is Repatt [37], which utilizes this
approach to better group the different patterns mined during the extraction process. This allows them
to have more redundancy, by being able to have significantly more examples per bug, while removing
stray “fixes” that might not be applicable in the vast majority of situations. Again, this creates the same
problem as SimFix, where potentially interesting edge-case fixes that could be learnt and utilized by the
APR tool are discarded, in favor of more consistently usable patterns.

Overall, the inherent characteristics of utilizing a threshold hinder the use of this method for more
uncommon problems. This is owed to the fact that there might not be enough similar code changes
to satisfy the fop-n requirement, which either might require the change to be completely discarded,
throwing away data that could lead to a pattern that is useful in those rare instances, or adding a bypass
to generate patterns from code changes that do not satisfy the fop-n condition. This causes problems
within the mining process since lowering the number of similar changes will allow for significantly more
patterns to be created. However, they might be more prone to errors and create doubled patterns that

would have otherwise been considered as part of the same type of change with a bigger top-n.

3.4 Large Language Models

Over the recent years, Artificial Intelligence has made tremendous strides. Tools such as ChatGPT-4,
which are widely available to the masses, have reached extremely impressive capabilities, being very

useful for a variety of tasks, from education to summarizing reports, or giving in-depth advice for cod-
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ing [38—41]. This last example is of particular interest, given its implications for APR. Due in part to
these rapid and extreme developments, Large Language Models (LLMs) have now become the focal
point in the realm of APR [18]. LLMs benefit from a large amount of characteristics, the most important
of which are the ability to memorize information and to generate responses. These two factors make
these models extremely enticing for APR, as the tools can both improve their current understanding of a
certain topic due to their memory, while also using their response generation to generate new patches
of code. While not fitting neatly in any of the former categories, LLMs tend to utilize an implicit Pattern-
Based structure. This is due to the principle of Self-Attention, which serves as a weight representative
of the importance of a given word [42]. These weights are relative to the context that said word was
utilized in and, as such, they are bound by an inferred pattern, leading to a learning process similar to
normal Pattern-Based approaches for APR. As such, LLMs have become prime candidates for Pattern-
Based APR tools since they can be trained on the data to improve their patch-generation capabilities
and provide better solutions.

These factors make LLMs extremely enticing, as their capabilities and ease of use far exceed other
options available. This is not without flaw since these powerful tools either incur a steep financial cost, as
is the case with ChatGPT-4 2, or require powerful machines on which to run them [43]. These limitations
can hinder using these tools on a large scale for APR, as the costs, either computational or monetary,
could spiral out of control. As such, “out-of-the-box” options of LLM have become more interesting for
institutions, as they do not come with the financial burdens that other tools might carry, and their signif-
icantly reduced computational weight allows for “weaker” setups to be able to run said tools effectively
at large scale. In the context of education, these options are especially important for universities that
do not have access to the hardware or financial requirements to be able to provide these services to
students and faculty.

These circumstances have led to the development of several different tools with the express purpose
of utilizing LLMs to better attack the APR problem [44]. These tools either utilize LLMs for Fault Local-
ization (Toggle [45], AGENTFL [46], CrashTracker [47], etc.) or use them in Patch Generation to
generate the new snippets of code to be inserted in the faulty code. We will focus on the second cate-
gory since it is the most relevant to this work. Tools such as GAMMA utilize Pattern-Based methodology to
improve code creation by the LLM, by providing it with various fix templates as training data [48]. A tool
such as Repilot utilizes the suggestions from the LLM in combination with a Completion Engine in or-
der to generate patches [49], akin to the methods used in a Heuristic-based model. MORepair fine-tunes
the LLMSs, to improve its code patch generation, by training the LLMs to better pick up on context cues
such as the syntactic nuances of any given code alteration and the logical code changes underpinning
them [50].

2As of the time of writing, pricing on ChatGPT-4 is currently $2.50 per 1 million tokens. Due to the iterations required for
FeedFix’s algorithm, this is not economically viable.
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These examples showcase the different methods used by LLMs and their versatility when confronted
with the APR problem. From LLM tools specifically tailored for FL to tools that employ direct Pattern or
Heuristic-Based approaches, the variety of approaches demonstrates the personalization that can be
implemented with the different LLMs, highlighting the power these tools have when properly trained and

employed.

3.4.1 Different Prompting Strategies

Outside of fine-tuning with the use of a large amount of training data, LLMs can also vastly improve in
their results via different prompting strategies [9, 51-53]. In the realm of APR, utilizing these different
strategies has started to get explored, as the modifications to prompting strategies do not require the
extensive datasets and expensive training process that is required when fine-tuning LLMs.

These different prompting strategies can employed in a variety of ways, with a paper by X. Cal et
al [52] using both “Hard” and “Soft” prompts to try to tune them to the best of their ability. While “Hard”
prompts use natural language, “Soft” prompts make use vectors that are learnt by the LLM during the
tuning process and are not human-interpretable. These prompts were then sub-divided further into
“Basic” and “Knowledge” prompts, with the Basic prompts having no additional information and the
Knowledge prompts containing extra information in regards to the bugs in the program. Of these, the
clear stand outs were Soft Knowledge prompts, which relayed bug information to the different LLMs
to better identify and fix the issues. Despite this, a warning is made when it comes to providing “too
much” unnecessary information, as the models might become “confused” and result in a reduction of

performance, instead.

3.4.1.A Counterexample Guided Inductive Synthesis Loop

A different prompt approach was employed in the MENTOR [6, 9] tool, which used a Counterexample
Guided Inductive Synthesis (CEGIS) loop to improve the repair capabilities of several different LLMs,
testing various prompt configurations to ascertain which would produce the best results. Some of these
configurations made use of the sketching strategy outlined in Solar-Lezama et al [54], utilizing fault
localization tools (see Section 2.1.1) to build a sketch from the original buggy program and provide the
LLM with added information on the program to improve its repair ability.

The CEGIS loop is divided into two steps: The Synthesis Step and the Validation Step. The Syn-
thesis step can consist of Patch Generation (PG) processes described prior. The Patch Validation (PV)
process, as was described in Section 4.2, first verifies if the generated program successfully passes ev-
ery test scenario and in the event that it does not, we return to the PG step. The CEGIS loop alters the

prompt before asking for a new solution, now adding a counterexample of a test case where the given
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generated program fails. This reduces the cases where the LLM repeats the same mistakes, steering it

to a better fix.

3.5 Automated Feedback Tools

With the advent of the increasing numbers of student in programming university courses and MOQOCs,
the challenge to give each student personalized feedback has become harder to tackle every year. Due
to this, there has been a significant push to create automated tools which can provide feedback to the
students, without the need for direct human intervention [11]. While this concerted effort has yielded
some results, the vast majority of tools still only focus on providing the student with the minimum amount
of feedback, by returning whether the student submission successfully passes every test or not.

Despite this, some tools have begun to emerge that try to give the students more information. These
tools can be broadly separated into two main categories: (1) Abstract Syntax Tree Based Automated
Feedback Tools and (2) Large Language Model Based Automated Feedback Tools. With the prior mak-
ing use of the AST of the student program to generate its feedback and the later using LLMs to generate
the feedback for the student.

3.5.1 Abstract Syntax Tree Based Automated Feedback Tools

An example of an AST based Automated Feedback Tool is AnalyseC [10], a tool meant to help students
by comparing their submission with a model solution and providing an assessment based on the AST
of the two programs. The tool works by taking the ASTs of both programs and conducting a structural
and a semantic analysis of both programs and then deriving the Program Dependence Graph (PDG)
of both programs from their semantic analysis. These graphs, which contain both the data and control
dependencies of the programs, are compared to one another and the assessment is created based on
the similarities and differences between the two. This approach uses the fact that the generated PDGs
of two different codes that want to solve the same problem have similar control and data dependencies.
Considering this, the model solutions used as a launch point should not have as much influence over
the resulting assessment, given that both codes should have similar PDGs.

While this does occur often enough to be somewhat reliable, the vast numbers of students who are
just starting to learn programming means that the number of unorthodox solutions that are tried makes it
near impossible for a model solution to match every possible solution that a student might come up with.
Furthermore, the use of a model solution restricts the feedback to the baseline solution, being unable
to adapt to the student’s own version. While the feedback might help identify the problem, the lack of
a personalized program to compare with, results in a feedback that does not retain the structure of the

original code, trying to abstract it down to the model solution, instead.
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Listing 3.3: Student Submission Listing 3.4: Example Solution

#include <stdio.h>
include stdio #include <stdio.h>

1
1
2 2
3 int main() . .
3 int main()
4 A . 1
5 int n; .
o 5 int n, result = 1;
6
7 scanf ("%d", &n); .
) ¢ i n)' 7 scanf ("%d", &n);
8 int factorial(int a){ . . . .
X 8 for (int i = 1; i <= n; i++){
9 if (a == 1) return O0; . result result * i
u = u ij;
10 return a * factorial(a - 1); 0 } ’
11 }
. . . 1 rintf ("%d", result);
12 printf ("%d", factorial(mn)); 1 P = )
13
13 return O;
14 return O;
14}
15}

Another tool that tries to combat this problem is FLIP [55], which was a tool designed to help pro-
gramming beginners learn JavaScript. After performing syntax checks within the code, this tool takes
the AST of the buggy submission and transforms it into a vector. Upon transformation, this vector is then
given to a rule-based reasoning system, which identifies the different patterns in the code, flagging the
ones that appear to demonstrate bad coding practices or mistakes. FLIP then uses this information to
give the student help by providing them with either small tips, references to the language documentation,

code refactoring, etc.

Despite not using a model solution, this approach is also flawed when it comes to unorthodox so-
lutions. This is because the vector that the submission AST is distilled down to is being compared to
the norm, rather than being taken as an individual solution. As such, certain possible solutions which
are not wrong, will be deemed “bad” practices and the feedback given will not be on the mistakes of the

student itself, but rather the fact that the structure of the program is completely different.

To demonstrate the issues that these tools might come into conflict with, in Listing 3.3 we show a
possible student submission for the problem of calculating the factorial of a given number n. This code is
wrong, due to the return 0; in line 9, which should be return 1;, instead. Listing 3.4, shows what an
example solution could look like. Here we can see why these tools might fall short in helping the student.
The student’s approach is based on recursion, with the structure of the program being correct and only
the base case having an error. Meanwhile, the example/average implementation uses a for loop, to
calculate the factorial. These tools will pick up on the completely different code structure and signal it as
incorrect, in spite of the fact that the only thing wrong with the program is the assignment. This would
lead the student to wrongly believe that recursion is wrong by default, rather than just pointing out the
small assignment mistake that was done. As such, these methods still fall short when it comes to giving

students properly personalized feedback.
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3.5.2 Large Language Model Based Automated Feedback Tools

As alluded to in Section 3.4, LLMs have become increasingly interesting in the realm of education [38—
41]. Their capabilities are of particular interest in the realm of APR, where their versatility can be applied
both during the Fault Localization (FL) phase and Patch Generation (PG) phase. This versatility extends
to the feedback as well, with several models, such as ChatGPT-4, providing explanations for most of
the steps taken during the repair/creation process of the new code [56,57]. Given this fact, LLMs have
started to become increasingly more attractive when it comes to automated feedback generation.

As shown in several studies [58, 59], certain LLMs like ChatGPT-4 can provide accurate feedback
in close to 90% of cases, with the feedback given being similarly as helpful as what Faculty members
provide [59]. While these results are extremely promising, LLM based automated feedback still has
severe drawbacks.

The first is the lack of validation of the generated feedback that the LLM provides the student. Given
that the feedback is automated, the generated feedback is not reviewed by a human, meaning that
miss-identifications of problems, along with errors in the suggestions of the LLMs go unnoticed. These
problems can severely impact the performance of students and lead to more confusion, since the miss-
identification of the problems will cause the students to “correct” sections of code that were already
correct and make unnecessary changes.

Another point of contention related to the lack of supervision, is the fact that several instructions
have to be given in order to prevent the models from returning the solutions, to improve the way the
feedback is phrased and to improve the efficiency of the model overall. While this can be achieved
via the “roles” and header instructions provided to the model, prior to its interaction with the student,
the vast majority of these models can be broken rather easily with simple prompting techniques, such
as Direct Prompt Injections. This allows the students to override the initial instructions and alter the
output of the tools, which could lead to cheating by removing the output modifiers that had been initially
introduced and allowing the LLM to return the solution in full. While completely preventing cheating is
impossible, regardless of methods, a more significant concern that this override creates is in regards
to security breaches. The fact that these models can be overridden consistently, while also having
access to information regarding the machines and network they are run on could open the door to
malicious actors [60]. As such, this method would require significant scrutiny, as to minimize these
security concerns.

Finally, the models capable of in-depth feedback generation tend to be significantly more computa-
tionally intensive than the purpose built LLMs that are used for APR and other more specific tasks. This
means that non high end hardware would struggle to maintain a system that makes use of these types
of tools, as the amount of interactions with students on a reasonably sized institution would be too big to

be feasible. With this in mind, non open source options would also be problematic as, in addition to the
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computational requirements, the financial requirements would be too great to be put into practice.

28



FeedFix

Contents
4.1 FeedFix Architecture . . ... ... .. i ittt ittt i e 29
4.2 Automated Program Repair . . . . .. . .. @i i ittt e e 30
4.3 ConfigurationsUsed . .. ... ... ...ttt ittt eesees s 33
44 FeedBackTool . . . . . v v i i v i ittt et e i e e e e e e e e 37

In this Chapter, we present FeedFix, along with detailing the how each of the modules was imple-
mented, as well as the reasoning behind the choices taken when deciding on the different possible
approaches. Throughout this Chapter, we will use an example of a student submission for the problem
of printing the biggest of any 3 given numbers. This example will serve to demonstrate the result of the

choices that were made throughout the development process.

4.1 FeedFix Architecture

FeedFix is comprised of three major modules:

1. An LLM, which is responsible for generating the potential fixes.
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Figure 4.1: FeedFix’s Architecture

2. The CEGIS loop that was described in Section 3.4.1.A, responsible for the Patch Validation of the

generated code.

3. The Feedback Tool itself, which will take the generated correct code and the original buggy submis-
sion and use them to create a sketch, where the buggy part of the student’s program is abstracted
away, retaining the structure of the program, but not giving details that they might otherwise not

have access to, e.g., wrong arguments in a given function call.

Figure 4.1 shows an overview of FeedFix’s architecture. FeedFix starts by taking the output of
CFaults [17], which utilizes the student buggy submission and test suite to identify and output the buggy
lines in the program and feeding them to an LLM. Next, an LLM attempts to fix the program. Upon
each attempt, we check if the potential fix manages to pass every test in the test suite, or if it still fails
to do so. In the case that the PV fails, we ask the LLM to try again. After hitting a given time limit
(TIMEOUT) or reaching a certain number of attempts, we skip this step and instead use the output of
CFaults [17] as the feedback. Otherwise, in the case that the fix was successfully validated, we use this
fixed program, along with the buggy program to create the feedback (see Section 4.4) that will then be

given to the student.

4.2 Automated Program Repair

FeedFix is divided into three modules with the first two being responsible for the repair of the faulty
program.
Fault Localization (FL)

Firstly, we have the FL tool. Considering that we are trying to tackle Introductory Programming Assign-
ments (IPAs) which are written in the C language, we elected to use CFaults [17], a tool created with

the express intent of locating bugs in the C programming language. While not a part of FeedFix itself,
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Listing 4.1: Original Student Submission

#include <stdio.h>

1
2

3 int main()

e A

5 int n,i,z;

6 scanf ("%d" ,&n);

7 scanf ("%d\n" ,&i);
8 scanf ("%d\n" ,&z);
9 if (n>i && n>z)

10 printf ("/d\n",n);
11 if (i>z)

12 printf ("/d\n", 1i);
13 else

14 printf ("%d\n",z);
15 return 0;

16}

CFaults’ role in the tool’'s process cannot be understated, as the localization files are directly responsible
for a significant increase in the performance of the APR tools, as will be discussed in Chapter 5 . While
CFaults was extremely helpful in identifying the faults within the programs and significantly improving
the performance of the different prompting strategies that will be discussed in Section 4.3, this tool is not
without its flaws. Although extremely accurate, CFaults is unable to identify every single bug, owed to
the fact that it is a bounded process and that the tool lacks guarantees when it comes to proper pointer
manipulation (specifically when non-allocated memory space is accessed). In spite of this, CFaults still

performs at a high enough level to where we can disregard these drawbacks.

While FeedFix was built with CFaults [17] in mind, it can easily be adapted to utilize a different FL
tool instead, only requiring modifications to the parsing of information from the file where the informa-
tion is stored. Considering this, the FB configurations would also have to be slightly adjusted, since
these configurations interact with the feedback files directly (see Section 4.3). Outside of these two

modifications, all of the other parts and configurations of the tool would be unaffected.

Listing 4.1, shows the original student submission for the running example. Here, it would be the
task of the FL tool to identify lines 7, 8 and 11 as faulty (highlighted in red). Please note that the yellow
highlight serves to showcase a portion of code that is not necessarily wrong, but will be changed by the
LLM during the patch generation itself. Lines 7 and 8 are incorrect, as the formatting of the scanf ()
clashes with the way in which the tests input their values, causing issues reading the values. The other
main problem is the fact that the if statement in line 11 should instead be an else if, as not having
the exclusionary effect of an else can cause duplicate prints, in the case thatn > i && n > zis true

and i > zis true, the student’s program would output both the value of n and the value of i.

1A brief overview behind the principles and inner workings of CFaults can be found in Section 2.1.1.
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Patch Generation (PG) and Patch Validation (PV)

The other major component of FeedFix is the portion responsible for the patch generation (PG) and
patch validation (PV). This component is divided into two parts: 1) The LLM responsible for the PG for
the different fixes and 2) The CEGIS loop responsible for the PV and seeing whether or not we have

reached the iteration limit. We follow the CEGIS approach used in prior work [9] (see Section 3.4.1.A).

4.2.1 Large Language Models

For this tool, we wanted to focus on LLMs that would be open source and best function in “lower” end
specs and with minimal resources, given the intended use case of helping students with their IPAs. In
our case, the Graphics Processing Units (GPUs) used had 16GB of memory, which meant that any LLM
we might want to use was limited to that maximum. It was considered whether or not to distribute the
LLMs per various GPUs, in order to have access to larger models. However, this idea was abandoned as
the distribution would be extremely dependent on the architecture of the servers and would require a far
greater use of resources. Given that University resources are limited as is, the added strain this would
cause, effectively doubling the amount of GPUs required, would significantly reduce the practicality of
FeedFix, as it would end up requiring far too many resources to be put into use.

Several different LLMs were considered and tested, with different LLMs being run through different

tests, but with the vast majority being abandoned for differing reasons.

1. DeepSeek - At the time we began this project, DeepSeek [61] had become international news,
given the immense breakthroughs that occurred in early 2025. As such, we considered and tried
to test DeepSeek, given its popularity and the buzz around this model. However, the available
models were far too heavy for the GPUs we were using, having to be separated into at least 2
different GPUs even on the lightest models. This, combined with the fact that we would require a
complete overhaul of how we interfaced with the model, was deemed to not be worth the effort and

was scrapped shortly thereafter.

2. Llamas3 - Another LLM that was heavily considered was Llama3 [62]. We discarded this model due
to the fact that the Llama3 version we were using was relatively recent and utilizes far more recent
software?, as a result. This made it so that several required dependencies within the environment
would clash with the dependencies required for the LLM to work properly. This is a problem that we
faced several times, as the newer models tended to clash with the older dependencies we needed

to properly run the various LLMs.

3. Gemmas3 - Similarly to Llama3 [62], Gemmad3 [63] also faced the same issues of clashing software

dependencies. As such, it was abandoned shortly after.

2The version of Llama we tested was released in the back half of 2024
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10.

Phi4 - Similarly to Deepseek [61], Phi4 [64] also suffered from being a model that was far too large
for the used GPUs. As such, we wound up trying to test Phi4-Mini [65], but the problems of the

dependencies clashing with one another wound up being too vast to overcome, once more.

Magicoder - Similar to the ones mentioned prior, Magicoder [66] suffered from the models being

too large, along with the conflicting software dependencies, which caused us to abandon it.

Starcoder - Similar to DeepSeek [61], Starcoder’s [67] available models were far too big to be

able to run on the available GPUs.

. Mistralai - Unlike the ones before it, Mistralai [68] was heavily considered and tested extensively,

only being dropped at the end of the refinement of this portion of the solution. This was due to the
fact that we intended to test Fill in the Middle (FIM) requests and their effects on the solve ratio of

the different LLMs, which are not supported by Mistralai.

CodeGemma - The first of our selected LLMs, CodeGemma [69] was selected due to the fact
that it was light enough to be used in the available GPUs, along with having all the functionality
that we required.

CodelLlama - The second LLM we selected was Codellama [70], since it also met all the require-

ments while not having any of the problems that the other LLMs faced.

QwenCoder-2.5 - Likewise, QwenCoder [71] was also chosen due to the fact that it met all the

requirements, without having dependency or size issues.

4.3 Configurations Used

Instead of trying to fine tune the different LLMs around the problem, we elected to use different prompting

strategies to find and tune said prompts to the best outcome. As such, several different configurations

of the prompts were used to try and assess which of the different prompt strategies would result in the

best possible performance. ldeally, these configurations would improve both the repair rate and the

similarity with the original submitted code. Each of these configurations aimed to alter small sections

of the prompt, increasing the amount of information that was provided to the LLMs and to see whether

that would augment the repair tools’ capabilities. As mentioned in Section 3.4.1.A the configurations we

used were based around the CEGIS loop and we followed the prompting style previously used in other

works [6,9,53]. The different configurations and the rationale behind each of these configurations being

picked is as follows:
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. De: Gives the description of the IPA, along with the buggy program and instructions to not add
unnecessary explanations. This configuration serves to give a baseline for each of the different

tools, as it is the simplest possible prompt and each reply gives no further indications.

. De-TS-CE: Along with the description of the programming assignment, we also send the test suite
to the LLM. In the case that the attempted fix fails, we now also reply to the model with a counter
example of a test case which the newly generated program fails. This configuration was chosen
as it adds a small amount of back and forth, providing additional context whenever the LLM gives

a wrong reply, hopefully improving the overall capabilities of the model.

. De-TS-CE-EX: Expanding on the former configuration, this option adds two significant of changes
to the prompt. The first is FL, as the buggy code is now altered, prior to being sent to the LLM, and
the text /* FIXME */ added to the end of the lines that were identified as having faults. The second
change is that three code examples are given to the LLM on how to handle this addition. These
two changes are meant to provide the tool with better guidance, by giving the model a location of

the mistake and how the code should be returned.

. De-TS-CE-EX-FB: In addition to all of the capabilities of the De-TS-CE-EX configuration, this option
handles some of the problems that the prior FL options might have. In some cases, the FL tool is
not able to pin point the exact line that the mistake occurs at, either due to wrong formatting of the
answer or certain other edge cases. When this occurs, the report needed to add the /* FIXME */
text is not available and therefore, it can not be added. This option allows the prompt generator to
access the feedback file generated by the FL tool and, in turn, add the feedback given by it to the

LLM prompt.

. De-TS-CE-FB: Unlike the prior options, this configuration removes the three examples on how the
LLM should deal with the /* FIXME */ lines. This configuration was mainly chosen to see if the
increased information given by the examples had a positive effect on how the LLMs managed to

resolve the issues, or if it had a detrimental or negligible effect.

. If_De-TS-CE: This option diverges from the others, as it utilizes the infilling/FIM abilities of the
different LLMs to repair the different programs. To achieve this, FL is used to locate the faults
and then the code between the first and last fault is removed, replaced by the infilling keyword of
the given LLM. When FL is not available, it behaves identically to De-TS-CE. Listing 4.2, shows an
example of how this configuration operates, utilizing Listing 4.1 as the start point. As we can see,
any lines between the initial fault and the final one were removed, being replaced by the, in this

case, QwenCoder [71] token for the FIM process.

. Sk_De-TS-CE: This option, like all the others starting in Sk, utilizes sketches. This means that
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Listing 4.2: Infilling Example Portion

int main ()
{
int n,i,z;
scanf ("%d4d" ,&n);
<|fim_suffix|>
else
printf ("%d\n",z);
return O0;

© ® N O g AN =

instead of adding the /* FIXME */ suffix to every faulty line, the lines are deleted and replaced
with /* HOLE N =/. This allows us to remove the bias towards the original mistake from the repair
tool, essentially giving it a blank slate to repair that line of the program. Outside of this difference,
it has the IPA description and counter examples present in the other options, being functionally the

same as De-TS-CE otherwise.

Sk_De-TS-CE-EX: Functionally the same as De-TS-CE-EX, with the only difference being the use
of the sketch approach. As such, the examples given were modified to accommodate the Sketch

instead.

Sk_De-TS-CE-EX-FB: Functionally the same as De-TS-CE-EX-FB, with the only difference being
the use of the sketch approach. As such, the examples given were modified to accommodate the
Sketch instead.

Sk_De-TS-CE-FB: Functionally the same as De-TS-CE-FB, with the only difference being the use

of the sketch approach.

Of these different configurations, De, De-TS-CE and Sk_De-TS-CE were already implemented and

evaluated in [6, 9].

Iteration Limit

The last thing we implemented, relative to the APR process, was an iteration limit that is responsible for

stopping the repair process, if the LLM does not find the correct solution after some time. This was done

via a TIMEOUT of 90 seconds, where if the tool has not managed to return a valid fix, we declare it as

a TIMEOUT and move onto the next submission. The other limiter that was added was in relation to the

number of iterations themselves.

Initially, we had thought of adding a limiter on the raw number of iterations themselves. However,

depending on how fast each of the LLMs was at responding, the number of iterations that could happen

in the 90 second window was wildly different. As such, given that we had already imposed a time
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Listing 4.4: Problem Description and Test Suite

1 ### Problem Description ###

2 (Maximum between 3 Numbers)

3 Write a program that

4 determines and prints

5 the largest of three integers
6

7

8

9

Listing 4.5: LLM Prompt Program
### Incomplete Program <c> ###

#include <stdio.h>
given by the user.

### Test Suite {

;
2
3
4
5 int main ()
6
7
8
9

#input: int n,i,z;
0 6 2 1 scanf ("7d" ,&n) ;
11 #output: /* HOLE 1 %/
12 6 10 /* HOLE 2 x/
13 11 if (n > i & n > z )
14 #input: 12 printf ("%d\n",n);
5 -1 3 1 13 /* HOLE 3 %/
16 #output: 14 printf ("%d\n", i);
17 3 15 else
18 16 printf ("%d\n",z);
19 #input: 17 return O;
20 12 3 18}
21 #output:
2 3

limit, there was not an appealing reason for making the iteration limiter based around the raw number of
iterations. Instead, we observed that many of the timed out fix attempts occurred because the LLM would
reach a point where it would ignore any new instructions and would simply repeat the same potential fix
over and over again. This is due to the LLMs poor understanding of formatting, which would cause them
to be unable to fix bugs where additional prints are being made. With this in mind, we made an iteration
limiter where, if we had received this same exact potential fix 3 times in a row, we would consider the
repair as having failed. We did not store fixes that had already been tried that were not done back-to-
back, as, if this happened, it meant that the LLM was still advancing its state, despite making the same

mistake again.

This change significantly improved the speed at which we could test the dataset, as the limiter helped

us improve the performance of our APR module.

Returning to the example on Listings 4.1, an example of the prompt utilized while using the Sk_De-
TS-CE-EX-FB configuration with QwenCoder [71] can be seen in Listings 4.3 through 4.5. Each of
these Listings showcase different portions of the prompt used to fix this program. Listing 4.3 starts by
explaining that we are using sketches and explaining how it works. Then, we start providing examples
of a program sketch and how we want the LLM to behave when trying to fix said sketch. Important to
note that we offered 3 different examples, with different exercises in each one, but omitted the other 2

from these Listings.

After providing the different examples, we continue by giving the description of the IPA and the test

suite, as seen in Listing 4.4. Finally, we add the buggy program to the prompt, as seen in Listing 4.5.
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Listing 4.3: Sketch and Example Portion

Complete all the '/* HOLES N */'
in the incomplete program below.

Modify the code as little as possible.
Do not provide any explanation.

To exemplify the desired behaviour,
here are 3 examples.

In the first example we want to get
the biggest of 3 numbers.

The program:
int main (){
int f,s,t;
scanf ("%d %d %d",&f,&s,&t);
/* HOLE 1 x/
printf ("%d",f);
else if (s > f && s >= t)
printf ("%d",s);
/* HOLE 2 =%/
printf ("%d",t);
return O;
}
Should be corrected to:
int main (){
int f,s,t;
scanf ("%d %d %d",&f,&s,&t);
if (f >= s && £ >= t)
printf ("%d",f);
else if (s > f && s >= t)
printf ("%d",s);
else
printf ("%d",t);
return 0;

After the prompt is completed, we wait on the response from the LLM. In this case, we did not get the
correct fix on the first try, so we send back the response shown in Listing 4.6. In this prompt we inform
the LLM that its fix was not correct and provide it with an example input that causes the new program to

fail. After a few failed attempts, Listing 4.7, shows the fix that managed to be validated.

4.4 FeedBack Tool

The last main component of FeedFix is the Feedback Tool itself. This tool is meant to take the solutions
achieved by the LLMs during the Automated Program Repair (see Section 4.2) and the original student
submission and create a sketch of the repaired program. This sketch takes the repaired program and
abstract away the various different sections of code that were edited or added to the original submission.
Ideally, this new sketch will serve as a guideline that allows the student to have a rough draft of the correct

approach, while sticking as close as possible to the student’s own submission.
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Listing 4.7: LLM Fix
1 #include <stdio.h>

i e 2
Listing 4.6: Response Prompt s+ int mainO)

### Feedback ### 4 A
Your previous suggestion was incorrect! 5 int n,i,z;
Try again. CODE ONLY. 6 scanf ("%d4d" ,&n);
Provide no explanation. 7 scanf ("%d" ,&i);
8 scanf ("7d" ,&z);
9

### Counterexample ### if (n>=i && n>=z)

© © N O oA W N =

#input: 10 printf ("%d\n",n);
6 2 1 11 else if (i>=z)
#output: 12 printf ("%d\n", 1i);
10 6 13 else
14 printf ("%d\n",z);
15 return O;
16}

A simple overview of the Feedback Tool is given in Section 4.4.1 to establish the main points that will

be expanded upon in further Sections.

4.4.1 FeedBack Tool Overview

This tool utilizes the pycparser?® library to parse and store the different ASTs of the original submission
and solution to then traverse them and construct the sketch. This approach is intended to remove several
of the downsides of using a text change based option, as the ASTs retain more information and allow
for finer handling of the errors that are found.

This approach has its downsides, however, as traversing the two trees at the same time while trying
to match the different nodes to one another is not an ideal approach (further in-depth explanation as to
why, can be found in Section 4.4.3). As such, a combination of the two was chosen. This will allow us
to skip a lot of the iterations and recursion necessary on a solely AST based approach, while retaining
most of the advantages that this method provides when compared to the purely text based approach. It
also avoids several of the downfalls that only using the AST approach could be subject to.

The Feedback tool is divided into three different processes, each serving to improve the results of

the tool while trying to minimize the impact on its performance. These processes are as follows:
1. Normalize both the original submission and the LLMs solution.
2. Generate a diff file between the newly normalized codes.

3. Generate the sketch based on the normalized solution and original student submission and their

respective diff file.

S3Repository is available at: https://github.com/eliben/pycparser
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The first step consists of normalizing each of the two codes. This step is required, as the approach
used is a mixed one, which leads to certain problems in the text-based portion of the method, when
compared to a pure AST approach.

The second step consists of generating the diff file of the two codes. This diff file will provide the
information to better locate the mistakes that occur within the students’ code.

The final step consists of taking the normalized files, as well as the diff file between them, to
traverse the solution AST and generate the final feedback sketch. Many different approaches for this
final step were prototyped and tested. The various approaches as well as the reasoning behind each of

them and the causes behind abandoning each one can be found in Section 4.4.3.

4.4.2 Normalizer and Diff Generator

The first step in the generation of the feedback is to normalize the two different codes. While this step
is not required when utilizing the AST based approach that we are mainly leveraging, it is required to
prevent problems that might arise while using the text-based portion of it. This is due to the diff file that
is needed to locate the changes that occurred during the automated repair process.

Listings 4.8 and 4.9, showcase an example as to why this process is necessary.

In this example, we want to get the maximum number between the three numbers given by the user.
The original student submission (Listing 4.8) has a mistake in line 12 where the printf ("sd", c);
(highlighted in red) should, instead, be printf ("sd", b);. The fix that the LLM managed to arrive at
is displayed in Listing 4.9. As we can see, the change is rather simple, modifying the c to the correct
b. However, this is not the only change that occurs. In line 11, we can see that the original code had
parenthesis identifying each of the clauses on the else if condition. This was modified in the LLM fix,
where the parenthesis were removed. This change does not impact the program in any way, amounting
to, at most, a clarity or preference issue. Despite not presenting a problem to the AST based approach,
this change in formatting would be identified when the diff command is run between the two different
codes. This would then lead to a loss of performance, as the sketch generator would have to spend
extra time trying to find what was wrong in said line, despite no errors existing.

While in this case, the tool would easily be able to identify that there were no errors, a case where
mistakes and confusion might arise is when we take things like multiple declarations or multiple state-
ments in the same line. In these same two Listings, line 5 is also highlighted. These yellow highlights
are meant to indicate portions of the code that the Normalizer is intended to normalize.

This declaration stands out as a major point that needs normalization, as the multiple declarations
lead to interesting problems when utilizing the AST approach. Mainly, the fact that the multiple decla-
rations get stored differently within the ASTs, when compared to declarations in different lines. As an

example, we can observe a different possible fix in Listing 4.11. While this is also the result of normal-
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Listing 4.8: Original Student Submission Listing 4.9: LLM fix

#include <stdio.h> #include <stdio.h>

1 1
2 2

3 int main() 3 int main()

4 { 4+ {

5 int a, b, c; 5 int a, b, c;

6 scanf ("%d %4 %d", &a, &b, &c); 6 scanf ("%d4d %d %d", &a, &b, &c);
7 7

8 if (a >= b && a >= c){ 8 if (a >= b && a >= c){

9 printf ("%d", a); 9 printf ("%d", a);

10 } 10 }

1 else if ((b >= a) && (b >= c)){ 11 else if (b >= a && b >= c){

12 printf ("%d", c); 12 printf ("%d", b);

13 } 13 }

14 else if (c >= a && c >= b){ 14 else if (c >= a && c >= b){

15 printf ("%d", c); 15 printf ("%d4d", c);

16 } 16 }

17 17

18 return O; 18 return O;

19} 19 )

ization of Listing 4.9 (as will be elaborated on further ahead), this code could possibly be one of the
fixes that any given LLM might arrive at. As we can see, the multiple declarations that occur in line 5
in the original submission were turned into three different lines, each having a declaration for each of
the variables. Despite having no impact on the code itself, this change actually affects the AST, as well
as the resulting diff file. The reason behind why this change alters the AST is that the resulting tree
from the original submission will have a Compound (Code Block) node which will store the declarations,
whereas the fix would have three separate declaration nodes and no Compound node. As such, when the
Sketch generator arrived at the declarations, it would find that there are mistakes in that section. This
problem would arise both in a pure AST approach, as well as when using a text-based method. This
problem could even be exacerbated on the text-based approach due to the fact that we can have several
expressions in a single line.

Listing 4.10 shows the normalized version of the buggy program that was submitted (Listing 4.8).
As we can see, the declarations were separated as well, meaning that the diff file would not find any
conflicts in the declaration lines between Listings 4.10 and 4.11, as would have been the case had we
not first normalized them.

Let us imagine a different program that takes two numbers and prints either True or False depending
on whether or not the first number is divisible by the second number. Listing 4.12 show a student
submission for this programming exercise. In it, we can see the clear mistake on line 9, where the
if clause is a 5 b == 0 instead of the correct a s b != 0. This program is quite simple, as such it
is reasonable to assume that some students might choose to essentially collapse their code, by not
opening and closing parenthesis and by putting everything on the same line. While this does not directly

impact the code, when FL is used the entire line is deemed as “wrong”, despite the fact that the error
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Listing 4.10: Normalized Student Submission Listing 4.11: Normalized LLM fix

#include <stdio.h> #include <stdio.h>

1 1

2 2

3 int main() 3 int main()

4 1 4+ 1

5 int a; 5 int aj;

6 int b; 6 int b;

7 int c; 7 int c;

8 scanf ("%d %d %d4d", &a, &b, &c); 8 scanf ("%d %d %d", &a, &b, &c);
9 9

10 if (a >= b && a >= c) 10 if (a >= b && a >= c)

11 { 11 {

12 printf ("%d", a); 12 printf ("%d", a);

13 } 13 }

14 else if (b >= a & b >= c) 14 else if (b >= a && b >= c)
15 { 15 {

16 printf ("%d", c); 16 printf ("%d", b);

17 } 17 ¥

18 else if (c >= a && c >= b) 18 else if (c >= a && c >= b)
19 { 19 {

20 printf ("%d", c); 20 printf ("%d4d", c);

21 } 21 }

22 22

23 return O; 23 return O;

24} 24 )

rests solely on the condition, rather than the printf that follows it.

As was explained in Section 4.2, several different ways of prompting the various LLMs were tried,
with one of the options being the sketch option, which would create holes within the program according
to the FL diagnosis. A direct consequence of utilizing the sketch method is that the entire line would be
deleted and replaced by the comment /+« HOLE /. As such, the LLM could arrive at a solution such as
the one shown in Listing 4.13. As we can see, the fix was rather simple, with the only change required
being the change in the operator. However, since the entire line was deleted in the original sketch fed
to the LLM, the fix spread out the line to three different lines, instead of retaining the structure of the

original which only utilized a single line.

Ideally, we want to isolate the mistakes as much as possible, in order to not have multiple different
complex nodes that could be flagged as “wrong” when using the diff file. This also demonstrates the
necessity behind normalizing both of the codes, as the added lines and the splitting of the if clause and
printf function call would be alerted as a mistake, in spite of it being functionally the same. In the case
of the AST based approach, this would only have an impact on performance, whereas when utilizing a
text based method, these false positives would create a lot of problems to be dealt with.

In Listings 4.14 and 4.15 we can see the resulting normalized codes. Several small changes took
place, with both the partitioning of the if, else clauses and the addition of the brackets to their own
respective lines. While this changes nothing in terms of the functionality of either of the codes, this

change will allow for the diff command to only find the portions of the code that impact functionality,
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Listing 4.13: LLM fix

Listing 4.12: Original Student Submission #include <stdio.h>

1
1 #include <stdio.h> 2
2 3 int main()
3 int main() 4 A
4 A 5 int a;
5 int a; 6 int b;
6 int b; 7 scanf ("%d %d", &a, &b);
7 scanf ("%d %d", &a, &b); 8
8 9 if (a % b '= 0) {
9 if (a % b == 0) printf("False"); 10 printf ("False");
10 else printf ("True"); 11 }
11 12 else printf ("True");
12 return O0; 13
13} 14 return O;

15}

Listing 4.14: Normalized Student Submission Listing 4.15: Normalized LLM fix

1 #include <stdio.h> 1 #include <stdio.h>
2 2
3 int main() 3 int main()
4+ o 4 o
5 int a; 5 int a;
6 int b; 6 int b;
7 scanf ("%d %d4", &a, &b); 7 scanf ("%d %d", &a, &b);
8 8
9 if (a % b == 0) 9 if (a % b != 0)
10 { 10 {
11 printf ("False"); 11 printf ("False");
12 } 12 }
13 else 13 else
14 { 14 {
15 printf ("True"); 15 printf ("True");
16 } 16 }
17 17
18 return O0; 18 return O;
19} 19}

i.e., the initial if clause. This normalization will also lead to ignoring the change to the amount of lines
that were taken up as would have been the case if non normalized codes were used.

As such, we normalize both of the programs in order to remove these formatting or presentation
preferences, to ensure that both the ASTs and the text are formatted in the same way, preventing these
mistakes.

For this normalization process, we are making use of some of the built-in functionality of pycparser
for writing C programs based on their ASTs. Despite serving as a solid launchpad, we had to alter the
behavior of the tool when it came to the If node, as we had to change the way in which we handled
Else statements, as will be further elaborated on in Section 4.4.3.C.

Turning our attention once again to the example of Listing 4.1 and 4.7, in Listing 4.16 and 4.17, we

can see the normalized programs for both the student submission and the LLM fix. As we can see, the
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Listing 4.16: Normalized Student Submission Listing 4.17: Normalized LLM Fix

int main () int main ()

1 1
2 { 2 {

3 int n; 3 int n;

4 int ij; 4 int i;

5 int z; 5 int z;

6 scanf ("%d", &n); 6 scanf ("%d", &n);

7 scanf ("%d\n", &i); 7 scanf ("%d", &i);

8 scanf ("%d\n", &z); 8 scanf ("%d4d", &z);

9 if (n > i & n > z) 9 if (n >= i && n >= z)

10 printf ("%d\n", n); 10 printf ("%d\n", n);

11 if (14 > z) 11 else if (i >= z)

12 printf ("%d\n", 1i); 12 printf ("%d\n", i);

13 else printf ("%d\n", z); 13 else printf ("%d\n", z);
14 return O; 14 return O;

15} 15}

Listing 4.18: Diff File of Both Programs
7,9¢7,9

1
2 < scanf ("%d", &i);

3 < scanf ("%d", &z);

4 < if (n >= i && n >= z)
5 ——-

6 > scanf ("%d\n", &i);

7 > scanf ("%d\n", &z);

8 > if (n > i & n > z)
9 11ci1

10 < else if (i >= z)

11 ===
12 > if (14 > z)

formatting underwent some significant changes, especially in the declaration of the variables in lines 3

through 5, where the multiple declarations were separated into three different lines.

Diff File Generation

After normalizing both of the codes, we run the command:

diff -w llm_fix.c student_submission.c > diff file.diff

This command produces a file that is then used in the sketch generation process. It is important to
note that despite the normalization, the program we use to create this normalization retains certain white
spaces, such as empty lines. Considering this, the —-w flag was used when creating the resulting diff
file, in order to prevent said lines and added white spaces from interfering with the results and having
false positives.

Returning to the example of the three biggest numbers problem we have been using throughout this
Chapter, we take the normalized codes shown in Listings 4.16 and 4.17, to generate the diff file shown

in Listing 4.18. As will be discussed in Section 4.4.3.C, the behavior of the else statement in line 11
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Inserted Hole What was Sketched Out

/* Constant */ String, Int, Float, etc...
/1D */ Identifier of a Variable or Function.
/* FuncCall */ Function Call
/*Op*/ Operator (Not a Node, only used in Sketches)
/* UnaryOp */ Unary Operation
/* BinaryOp */ Binary Operation
/* TernaryOp */ Ternary Operation
/* Assignment */ Assignment
/* IdentifierType */ Type of a Node, i.e. int, float, str, etc..
/* TypeDef */ Type During a Definition, i.e. int, float, str, etc...
/* Decl */ Declaration
/* FuncDef */ Function Definition
/* Return */ Return
Al | ) If
/* While */ While
/* DoWhile */ Do While Structure
/* Switch */ Switch
/* Case */ Case
/* Default */ Default

Table 4.1: Sketch Caption

is extremely relevant, as, had we not removed the additional new line, the following if would be a line
down and it would have caused matching errors during the sketching process, given the fact that the

diff command would have both the else and if lines, were these statements to be in different lines.

4.4.3 Sketch Generator

The last step in generating the feedback is the sketch generator itself. It is responsible for taking the
normalized student submission and normalized LLM fix, as well as the diff file between them and
creating a sketch of the solution.

The sketch generator had a lot of different prototypes, each utilizing either entirely different ap-
proaches, or with certain tweaks that drastically altered the output of the generator itself. This Section
will focus on providing an overview of the different choices that were tried, as well as the tweaks that
were made to improve the output to be as close as possible to the ideal.

Despite differing approaches, every iteration and tweak done was based around the pycparser li-
brary, using the standard frameworks that the library uses as a building block for the sketch generator.

Throughout this section, we will refer to several types of nodes within the ASTs. Table 4.1 shows

what each of the node types represent as well as the comments used during the sketching process.

4.4.3.A Pure Dual Abstract Syntax Tree Traversal Approach

Initially, we attempted to create a tool that only utilized the AST method to traverse both trees at once
and design the sketch as the trees are being traversed. While this method seemed promising, its im-

plementation proved to be extremely challenging. This is mainly due to the fact that the structure of
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Listing 4.20: Normalized LLM fix

#include <stdio.h>

1
2
Listing 4.19: Normalized Student Submission ; ;nt main O
1 #include <stdio.h> 5 int a;
2 6 int b;
3 int main() 7 int c;
4 o 8 int max;
5 int aux; 9 scanf ("%d %4 %d", &a, &b, &c);
6 int max; 10
7 11 if (a >= b && a >= c)
8 scanf ("%d", &max); 12 {
9 13 max = a;
10 for (int i = 0; i < 3; i++) 14 }
11 { 15 if (b >= a && b >= c)
12 scanf ("%d", &aux); 16 {
13 if (aux > max) max = aux; 17 max = b;
14 } 18 }
15 19 if (c >= a && c >= b)
16 printf ("%d4d", max); 20 {
17 21 max = c;
18 return O0; 22 }
19} 23
24 printf ("%d", max);
25
26 return O;
27}

the abstract trees themselves is intended to be traversed recursively. As such, visiting the nodes of two
different trees at once generates significant friction, in the case that the two trees do not line up perfectly
with one another.

While this does not make it impossible to traverse both trees at once, it does create major issues
when the abstract tree structure does not match. Shown in Listings 4.19 and 4.20, are examples of a
program intended to calculate the biggest of three numbers given by the user. While this example might
seem far fetched, it is a slightly modified version of a real student submission and its respective LLM
fix pair. In it, we can see that the original code is extremely different from a “normal” solution for this
problem. The mistake lies in line 10, where the for loop should only have two iterations, rather than the
three that were used. Despite being a simple change to a human, in several of the LLM fixes, the models
were unable to find fixes that retained the structure of the original student submission, opting instead for
a solution that was closer to what would be classified as an “average” solution. As a result, the structure
of the AST of the fix is vastly different from the structure of the original buggy submission. This is evident
within the code itself, as the if clauses that exist in the LLM fix are almost entirely absent on the original
submission, but the two biggest differences are the for loop and the second scanf function call that is
called during the iteration. Another smaller issue is the number of variables, which increased from the
original three (counting the iterator i of the for loop) to four.

The ASTs of both codes are shown in Listings 4.21 and 4.22. As we can see, their structure is
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Listing 4.22: LLM fix AST

1 FileAST:
2 FuncDef :
3 Decl: main, [1, [1, [1, []
4 FuncDecl:
5 TypeDecl: main, [], None
6 IdentifierType: ['int']
7 Compound :
8 Decl: a, [1, [I, [1, 01
Listing 4.21: Student Submission AST 9 TypeDecl: a, [1, None
10 IdentifierType: ['int']
1 FileAST: 11 Decl: b, [1, [1, [1, [
2 FuncDef : 12 TypeDecl: b, [], None
3 Decl: main, [1, [I, [1, [] 13 IdentifierType: ['int']
4 FuncDecl: 14 Decl: c, [1, [1, [1, [1
5 TypeDecl: main, [], None 15 TypeDecl: c, [], None
6 IdentifierType: ['int'] 16 IdentifierType: ['int']
7 Compound: 17 Decl: max, [1, [1, [1, []
8 Decl: aux, [1, [1, [1, [ 18 TypeDecl: max, [], None
9 TypeDecl: aux, [], None 19 IdentifierType: ['int']
10 IdentifierType: ['int'] 20 FuncCall:
1 Decl: max, [1, [1, [, (] 21 ID: scanf
12 TypeDecl: max, [], None 22 ExprList:
13 IdentifierType: ['int'] 23 Constant: string, "%d %d %d"
14 FuncCall: 24 UnaryOp: &
15 ID: scanf 25 ID: a
16 ExprList: 26 UnaryOp: &
17 Constant: string, "%d" 27 ID: b
18 UnaryOp: & 28 UnaryOp: &
19 ID: max 29 ID: ¢
20 For: 30 If:
21 DeclList: 31 BinaryOp: &&
22 Decl: i, [1, [1, [1, II 32 BinaryOp: >=
23 TypeDecl: i, [], None 33 ID: a
24 IdentifierType: ['int'] 34 ID: b
25 Constant: int, O 35 BinaryQOp: >=
26 BinaryOp: < 36 ib: a
27 ID: i 37 ID: ¢
28 Constant: int, 3 38 c°mP°‘.“‘d:
29 UnaryOp: p++ 39 Assignment: =
30 ID: i 40 ID: max
31 Compound: M1 ID: a
32 FuncCall: 42 If:
33 ID: scanf 43 Blnérpr: &&
34 ExprList: 44 BinaryOp: >=
35 Constant: string, "%d" 32 %g b
36 UnaryOp: & 47 Bi : 8 . ose
37 ID: aux inarylp:
38 If: 48 ID: b
39 BinaryOp: > gg ¢ ID:d?
40 ID: aux ompound :
41 ID: max 51 Assignment: =
42 Assignment: = gg %g zsax
43 ID: max 54 1f :
44 ID: aux s
45 FuncCall: 55 Blnéry[]p: %& _
48 ID: printf s BinaryOp: >=
47 ExprList: :
. wor 3 n 58 ID: a
48 Constant: string, "%d Bi Op: >=
49 ID: max 59 1nafy p: 2=
50 Return: 60 D: ¢
51 Constant: int, O 61 ID: b
’ 62 Compound:
63 Assignment: =
64 ID: max
65 ID: ¢
66 FuncCall:
67 ID: printf
68 ExprList:
69 Constant: string, "%d"
70 ID: max
" Return:
72 Constant: int, O

markedly different, with very little overlap, besides for the initial few nodes, the return node, and the
nodes representing the int max; and printf ("%d", max); expressions. These differences heavily
impact this approach, as the recursive approach would require the tool to mix and match each of the
nodes from both trees to try to find the similarities. Using this approach, the recursion would go as

follows:

1. The recursion would start by checking the FileAST node. Given that they both “match”, it would

then proceed to the next node on both trees.
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2. It would then move onto the FuncDef (Function Definition) node, which exists in both trees. It would

then proceed with the traversal on both trees.

3. We would then visit the Decl (Declaration) node and its “children” and reach both the IdentifierType

(Type of Declaration, i.e., int, str, etc.) nodes without issues.

4. After successfully checking both the Decl nodes on line 3, we would move onto the Compound
(Code Block) node on line 7. The tool would then enter the node, to see the declaration node,

which does not match, as the variable names are different.

5. Considering the recursive nature of the ASTs, the only way to achieve the desired outcome would
be to do a depth-first search on either of the trees to see if any node matches. In the prototype,
we elected to do this search on the student submission (Listing 4.21 tree), since we wanted to

accumulate the LLM fix’s code string for the final feedback.

6. Given this fact, the search would traverse the entirety of the student submission’s AST, before
finding no match. This lack of match would then be propagated to the upper node (in this case the
Compound node in line 7) which would then move on to the next child, a second Decl node in line
11 of Listing 4.22 .

7. It would repeat step 5 on both this Decl node and the one responsible for declaring the variable ¢

too.
8. Only once it reached the Decl node for the variable max, would it find a match and proceed.

9. It would then reach the FuncCall (Function Call) node, responsible for calling the scanf function.

This node would match, as both of the calls are made to the same function.
10. Once it reached the ExprList (Expression List) node, the traversal would not find a match.

11. This process would repeat for each of the AST nodes of the fix tree, failing to find any match, up

until the final printf and return 0 expressions.

This approach had some glaring flaws, as can be seen by the description of the process. One of the
main drawbacks was the fact that the amount of backtracking necessary on a worst case scenario was
quadratic. This is due to not being aware of the location of the changes, requiring us to have to traverse
the submission tree fully and try to match each of the nodes to their respective fixed counterparts. In the
event that no match is found, we would move on to the next node in the fixed code tree. However, we
would have to return to the last non-matched node in the submission tree. This is because the fixed line
we were unable to find a match for might be a completely new line that was added by the LLM. As such,
we cannot discard the entirety of the student submission and have to return to the node in the student

submission we tried to originally match.
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A potential fix to the performance issue would be to effectively “lock” the search to the current “depth”.
Essentially, the search would only be allowed to occur at the same level within the AST. While this would
significantly reduce the number of nodes that need to be searched, it could cause other problems. The
first has to do with how the nodes are represented within the AST itself. Since a Compound node (among
others) might exist in one of the trees, while not existing in the other, even if a portion of the contents of
the Compound node match the desired node, said contents would be a level deeper than that of the one it
is trying to match. As such, it would not find the match, despite the correct node match existing within the
Compound node. While most of these issues would be solved during the normalization phase (described
in Section 4.4.2), if the problem was the lack of certain expressions or the existence of additional,
unnecessary, expressions which could generate a Compound node, this problem would appear and we

would not be able to tackle it.

Besides the performance issues, this matching strategy had another major problem, which was the
fact that the nodes can be matched at wrong points. Listings 4.23 and 4.24 illustrate this problem. In
Listing 4.23 there is a possible student submission for a program meant to print all the numbers in a
Fibonacci sequence up to a user given number n. The two mistakes can be clearly found, with the
first being the initial variable declaration in line 6, where instead of the intended int previ = 1; the
variable is initialized to 0 and the print £ () in line 17, which should be done before the addition in line
14. A possible, valid fix can be seen in Listing 4.24, where the variable initialization was corrected and
the printf () call was changed to its intended position. While this should cause this function call to be

diagnosed as an error and sketched out, this approach would treat this case differently.

Following the logic explained previously, the nodes would traverse each of the ASTs at the same
time, reaching the mistake in line 6 and correctly identifying it as such. It would then continue until it
reached the FuncCall node representing the printf () in line 14 of the LLM fix. Upon reaching this
point, the tool would see that it could not find a matching node on the student submission AST, since it
would currently be at the fibonacci = prevl + prev2 ; node. Given this, it would then skip over this
node, until it reached the FuncCall node in line 17, which would be a match to the node in line 14. This
fact would effectively cause the portion of code that was skipped over to be eliminated, despite it being
correct. Given this fact, this approach could be prone to sketching out far more information than what
would be desired. Considering that the order in which expressions appear in the code might be crucial
for the result (as is the case in this example), we can not backtrack to check whether or not the portions
of code we skipped over are matches, as this could generate further false positive matches that could

turn the sketch more confusing.

Due to these issues, as well as the difficulty and challenges presented during implementation, this

approach was scrapped in favor of other options.
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Listing 4.23: Normalized Student Submission Listing 4.24: Normalized LLM fix

#include <stdio.h> #include <stdio.h>

1 1
2 2

3 int main() 3 int main()

4 1 4+ 1

5 int n, fibonacci; 5 int n, fibonacci;

6 int prevl = O0; 6 int prevl = 1;

7 int prev2 = 0; 7 int prev2 = 0;

8 8

9 scanf ("%d", &n); 9 scanf ("%d", &n);

10 10

11 if (n <= 1) fibonacci = n; 11 if (n <= 1) fibonacci = n;

12 12

13 for (int i = 2; i <= n; i++){ 13 for (int i = 2; i <= n; i++){
14 fibonacci = prevl + prev2; 14 printf ("%d\n", fibonacci);
15 prev2 = prevl; 15 fibonacci = prevl + prev2;
16 prevl = fibonacci; 16 prev2 = prevl;

17 printf ("%d\n", fibonacci); 17 prevl = fibonaccij;

18 } 18 }

19 19

20 printf ("%d\n", fibonacci); 20 printf ("%d\n", fibonacci);

21 21

22 return O0; 22 return O;

23} 23}

4.4.3.B Hash Based Sub-tree Matching

The second approach that was tested was an approach based on the number of matching hashes in the
sub-trees of the two different codes.

This approach based itself around the fact that, ideally, the hashes of different portions of code would
differ, whereas when the codes are the same, the hashes would match as well.

This method was chosen for our second prototype, as it would be able circumvent a lot of the issues
that we faced when utilizing the Dual AST approach described in the previous section. Mainly, this
would severely reduce the impact on performance and cut down on the wrong matching and recursive
searching that plagued the previous approach.

Figure 4.2 showcases a simple overview of the process that was used on this prototype.

To begin this process, we would take the AST of the student submission and traverse the tree, with
the intent of storing the hashes of the various nodes. Each node hash was comprised of the hash of
its class name (i.e. a FuncCall or ID node, seen in Listing 4.21) and the hash of its children’s hashes.
An immediate problem becomes evident, as the order in which the children nodes are given is highly
important. This is because a different order within the children of the node that we are visiting would
result in a different hash. To avoid this, we sorted the hashes of the children node, prior to hashing the
entire string. This would mean that the different hashes are ordered the same way, regardless of the
order that they are written in the code, as long as its parents are the same. To demonstrate this process,

let us use the FuncCall node for the scanf () in line 14 of Listing 4.21 and its corresponding node in
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Figure 4.2: Hash Based Sub-tree Matching Process
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Listing 4.22 in line 20. The hashing from the student submission FuncCall node will be as follows:

1. Visitor arrives at FuncCall (Function Call) node, visits its children and reaches the ID (ldentifier)

node in line 15.

2. Upon reaching said ID node, we hash the node, returning the hash(’ID”). This hash would then

return the string “I’* to its parent.

3. We would then continue through the children, reaching the ExprList (Expression List) hode and

deeper into the Constant node in line 17.
4. From here, we would hash the string “Constant”, returning the hash “C”.
5. Following that, we would visit the UnaryOp (Unary Operation) node and then the ID node.
6. The ID node would return the hash “I”, since its the same node type as the one in line 15.

7. The UnaryOp node would then hash the following string “UnaryOpl”. This hash would return the
string “Ul".

8. Upon the return of the hash, the ExprList node would sort the two strings. Therefore, it would
take the “C” string as well as the “Ul” string and sort between the two of them. As such, the next

hash would be “ExprListCUI”. This would result in the string “ECUI” being returned.

9. Now that both the children of the FuncCall node have returned their hashes, we take the two
hashes “I” and “ECUI” and sort the two, resulting in the string “FuncCallECUII”, which, upon hash-

ing, would give us the hash “FECUII".

After the traversal through the student submission AST, we traverse the LLM fix to store its hashes.
This is done prior to the sketch generation itself, as it will allow us to have the hashing of a given node
prior to visiting it during sketch creation, meaning that upon entering a node, we will know whether or not
there is a match from the onset. If a match exists, then we write both the node and its children, since we
can be sure that the entire sub-tree is matched correctly. Returning to the FuncCall example we used
and following this same method, we can calculate that the hash for the FuncCall in line 20 of Listing
4.22 would result in the string “FECUIUIUII". As we can see, the hashes of the two nodes are different,
owing to the fact that the ExprList node is significantly different from one code to another. Given that
the sub-trees do not match, we would then start the sketching process, to block out the parts that do not
match.

It is in this step that we start seeing the drawbacks of utilizing this method. The hashing process

simply tells us whether or not any given sub-tree appears within the AST of the code. It does not tell us

4To simplify this example, assume that the hashing for each of the different nodes is the first letter in its class name.
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Listing 4.25: Normalized Student Submission Listing 4.26: Normalized LLM fix

#include <stdio.h> #include <stdio.h>

1 1
2 2

3 int main() 3 int main()

4 1 4+ 1

5 int a; 5 int a;

6 int b; 6 int b;

7 scanf ("%d %d4d", &a, &b); 7 scanf ("%d %d", &a, &b);
8 8

9 if (a % b == 0) 9 if (a % b != 0)

10 { 10 {

11 printf ("False"); 11 printf ("False");

12 } 12 }

13 else 13 else

14 { 14 {

15 printf ("True"); 15 printf ("True");

16 } 16 }

17 17

18 return O; 18 return O;

19} 19 )

which nodes appear, their order or their attributes. Therefore, when a sub-tree is not an exact match, we
have no idea at which point within the sub-tree it stops matching. In the example we used, the function
being called is the same, despite the arguments being different. Ideally, we would want the sketch to
keep the scanf (), while abstracting away the arguments. However, in contrast to what we would want
from this approach, the result is that any given sub-tree can only appear if the entirety of the sub-tree
exists.

Another major issue resulting directly from this approach is the fact that each of the nodes is not
unique. None of the different nodes have their unique identifiers (in the case of this FuncCall node the
“scanf” ID). This was, in part, due to the fact that the sub-tree matching used was built to try to find
matching section of code to find the most structurally similar codes, instead of actively trying to match
the code to one another.

To try to reduce the impact that this might have on the sketch, we introduced a way to identify each
of the nodes, by taking the identifiers of basic nodes and adding them to their hashes (i.e. an ID node
would add its name to the hash and a Constant node would add the value being returned). While
this helped with the creation of unique sub-trees, it still had some problems, mainly that the non-simple
nodes would not have their own identifiers. Returning to Listings 4.25 and 4.26, we can see that the if
statements, despite having different conditions, would generate the same hash. This is due to the fact
that the constants and identifiers of the nodes are the same, with the only difference being the operator
in line 9, which we did not take into account when hashing the program.

This could be solved by adding these identifiers to the non-simple nodes as well, with each of the
different node types having different attributes that could be used in the hashing process. In the case of

the BinaryOp nodes, for example, we can use the operator of the node to identify it. While it will not be
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unique, it will reduce the frequency with which the nodes are wrongly matched with one another. With
this change, we would be able to avoid the error in line 9. However, this change highlights an inherent
problem with this approach: it is incapable of knowing whether a parent node exists or not.

Due to the way that the hashing process works, the closer we get to an “end” node, the simpler its
hash will be. Recalling the example of the ASTs, the hash of the ID node in line 19 of Listing 4.21 and
keeping in mind the changes we made thus far, the hash would only consist of “Imax”, whereas its parent
node UnaryOp would be “U&lmax”. This hash becomes more and more complex as we go “up” the tree.
The ramifications of this is that, if something does not match at a “deeper” level, everything before it can
not be guaranteed to exist. As such, when generating the sketch, the non-terminal nodes are not able
to know whether or not they exist, unless the hash matches exactly.

To try to tackle this issue, our next tweak was to store the “height” that each of the nodes can be
found at. This height would then be used to see whether or not we had reached the bottom of the tree.

Each node Parent, with N children would have their height set as follows:

Heightparent = max(Heightco, ..., Heighton) + 1

In the case that the node does not have children (terminal node), its height is set at 0.

This height would then be used as we traverse the tree to see if we have reached the bottom of the
tree or not. If we had not yet reached the bottom, we would represent the node, despite no matching
hash being found. If we reached the bottom, we would see if its hash existed or not and represent it
only in the case that it existed. While this approach removed the problem of not representing the higher
nodes that did not have a perfect hashing match, this approach meant that basically everything that was
not the bottom nodes was represented. As a consequence, the sketches became far too detailed, giving
far more information than what was intended. To combat this, we added a “minimum height” parameter
while traversing the tree. This minimum height was meant to ensure that we would not just stop at the
terminal nodes, but rather a given number of parent nodes before them. With this, we could try to fine
tune the height at which it produced the best results. The main problem with this was that the height of
a given node is not consistent.

Let us say we setMinimum Height = 1. Using Listing 4.21 once again as an example, this minimum
height would allow us to match anything that had a height greater than 1. The biggest difference between
the AST in Listing 4.21 and 4.22 is that the student submission utilizes a for loop, whereas the LLM fix
uses a group of if/else statements. This means that unless we set the minimum height to the height
of the for loop, we are unable to sketch out the loop. It also causes everything that is not the for loop to
be sketched out, in the case that we do not have an exact hash match. This is because, due to the way
that we calculate the height for any given node, the height of the parent node will always be 1 above the

height of its “tallest” child. In this case, the For node is the “tallest” child of the Compound node of line 7,
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with them having a height of 5 and 6, respectively. As such, every other child of the Compound node will
be sketched out completely, unless the hash of that node finds a match.

However, this is not the main issue with utilizing this height based limiter to try to curtail the problem of
giving too much information. Let us now imagine that instead of the scanf () function call that appears in
line 32, was instead replaced by a printf ("Hello wWorld!™). This new node would be 1 height shorter,
than the one that we currently have, meaning that the for node would have a height of 4, instead of the
5. Therefore, the optimal height to sketch out the program, would not be 5, but 4.

The heights from the portions of code we want to abstract away are not known to us, unless we
manually try to figure out which parts of the code we want to remove. As such, there is no way of
knowing for certain what minimum height will provide the best results, since it fluctuates from code to
code. Given that this occurs, the generated sketch could not be consistent in the way in which it hid
certain portions of code and showed others. After tinkering with the minimum height to see whether or
not we could find a point that was somewhat consistent, we ended up moving away from this approach,
as anything above 1 would start hiding things we did not intend to be hidden, while retaining certain

portions of code that should not be retained.

4.4.3.C Abstract Syntax Tree Node Coordinate and Diff Based Approach

Our final prototype, and the one that we managed to hone to a point of satisfaction, was based around
utilizing a diff file to identify the changes between the student submission and the LLM fix and save the
lines that those changes occurred at. This information would then be used during the traversal of the
AST of the fixed submission to better pinpoint the nodes at which the faults appeared in.

An overview of this process can be seen in Figure 4.3. As we can see from the figure, we first
generate the diff file. Following this, we begin the sketching process itself, by storing the nodes of
the student submission for easier access, during the matching process. At the same time, we parse
the diff file to store all the lines that contain changes between the student submission and the LLM
fix. Next, we traverse the corrected AST and check if the node we are visiting is located in a line we
identified as faulty. In the case that the node is not in a faulty line or we find a correct matching node
in the corresponding line of the student submission, we write the node. However, if we are unable to
find a fitting match, we abstract the node away. If we have yet to reach the final node, we continue the
traversal, otherwise we return the final sketch.

As alluded to previously, the first step in this process is taking the previously normalized codes (both
the student submission and the LLM fix) and generating a diff file of them®. After generating the diff
file, we begin the sketch generation process itself.

Next, we traverse the student submission AST in order to store the nodes in a python dict, where its

5The command used to generate this file can be found in Section 4.4.2
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Figure 4.3: Abstract Syntax Tree Node Coordinate and Diff Based Process

key is the line in which the node appears in and the value stored is a list of the nodes that appear in

said line. An important detail when it comes to the organization of the AST, is that, due to the recursive

nature of its traversal, we can guarantee that the first node we enter in a given line will either be at the

same “depth” or a higher “depth” than every other node in this line. This can be seen in Listings 4.21

and 4.22 where, when entering a new node, the first child is always either at the same level or higher

than any other node below its parent.

Next, we parse the generated diff file, storing the lines in which changes occurred. There are three

possible change types, with each one getting treated as follows:

1. Addition (a) - When an addition is found, we store the line at which the addition should be inserted

in the LLM fix tree and line it occurs at in the student submission tree.

. Deletion (d) - When a deletion is found, we store the line at which this deletion occurred and we
“connect” it to a “non-correspondent” node. This means that the line we are storing is guaranteed

to not have a matching line/node in the student submission.

. Change (c) - When a change is found, we match each of the lines to each other. Listing 4.27 shows
a diff file for a student submission and its fixed counterpart. As we can see, there are multiple
lines which have a corresponding or matching line in the student’s submission. We parse this
information with the premise that the LLM will try to alter as little as possible from the submission.
As such, we assume that, on average, the positioning of the lines that are altered will be retained.
This case serves as a perfect example of this, since each of the lines has a perfect match with
the same order. Given this fact, we match the changes to the line that is in the same “place”

as it. In this case, line 2 (7 on the fixed program) will be matched with line 6 (7 on the Student

Submission), line 3 will be matched with line 7 and line 4 with line 8. In the case that the solution

has more lines than the initial submission, we match each line that was altered one by one until we
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Listing 4.28: Base CGenerator Diff File
7,9¢7,9

Listing 4.27: Example Diff File
7,9¢7,9

1
1
< ll"n n 1 .
2 < scanf ("%d", &i); 2 scanf ( o/d s &1
) 3 < scanf ("d", &z);
e < scanf ("%d", &z); 4 < if (n >= i && n >= z)
4 < if (n >= i && n >= z) s -
5 ——-
> "on n 3 ;
6 > scanf ("%d\n", &i); ¢ scanf ( .,/d\n » &)
N 7 > scanf ("%d\n", &z);
7 > scanf ("%d\n", &z); . :
. R g > if (n > i && n > z)
g > if (n > i && n > z)
o 11,12c11
o 1icil 10 < else
< 1 if i >=
10 else if (i z) v o< if (i >= z)

noo---

) . 12 =———
12 > if (4 > z)

13 > if (i > z)

reach the end of the lines in the submission. The lines left with no match are treated as not having
a correspondent and will be deemed as wrong when abstracting the code. This style of matching
is also why we had to alter the Normalizer's behavior when it came to the if node. Listing 4.28
showcases why this change was necessary, as when an else was added to the code, it would
add a new line, where previously there was none. This would make the else line, which is not
represented as node within the AST structure we are using, match the if node, causing matching
problems. With this in mind, we removed the new line character that was added upon normalizing

these nodes, allowing the matching to occur correctly, despite the addition of the else to the code.

Upon parsing the diff file and storing the different lines where errors occurred, we start traversing
the solution tree. At each node we verify two different things: first, we check whether or not we need to
add a portion of code that the student had in his code; second, whether or not the line coordinate of the
node we are currently visiting matches the line number in the list of changes that occurred.

For the first point, whenever we visit a node, we check if there is any addition, that is yet to be added,
that needs to be made before the coordinate of this node. A common mistake that is made by students
is adding an unnecessary printf () to their submission. Let us take Listing 4.14 as a baseline and
imagine that between line 6 and 7, a printf ("Write 2 numbers:\n"); was written. In this scenario,
we would want to warn the student that this section needs to be removed. For this, upon reaching line 7
in Listing 4.15 we add a /+ Remove this Section\n, before visiting and exploring the scanf () node.
We also add an ellipsis before finishing the comment to show that a portion of what was removed was
omitted.

After checking if there is missing code and dealing with it appropriately, we check to see if the line
coordinate of the node we are currently visiting has an associated error or not. If no error is found, we
proceed normally to next node. If an error is found, we try to match this node to a possible node in the
student’s submission. To achieve this, we go to the nodes we had stored during the beginning of this

process and search for the line that we matched with during the parsing of the diff file. If the line is not
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found, we can assume there was no corresponding node and, therefore, we are free to sketch out said
node. If the line is found, we need to search for the corresponding node. For this, we cycle through the
nodes in that line and see if there is an exact match. If there is one, then we write the node, otherwise,
we sketch out the node. This process is then repeated until we reach the final node in the AST.

This approach was by far the most reliable of the ones that were tried, behaving as intended for the

vast majority of cases. However, it still had a couple of major drawbacks that we had to overcome:

1. The first major drawback is the way in which the diff command presents the differences between
the two files. For example, in the case where two lines had been changed and a single line was
added between them, the output of the command was not the ideal “line 1 was changed, line 2
was added, line 3 was changed”, but rather “line 1, 2, 3 were changed”. This would cause errors in
matching that we were not able to overcome, as we do not have access to the node when parsing
the file and, therefore, cannot try to find the corresponding node in the other file. This problem
did not occur frequently enough to justify scrapping this tool, since the only effect it had on the

generated sketch was the sketching out of an extremely small number of lines, when it did occur.

2. The second major drawback was the matching of nodes themselves. To try to retain a level of
disconnect between each of the “depths” of each node, we only utilized the class name, along with
the non-node attributes of said node to check whether or not they were the same. This means
that multiple nodes in the same line could be mistaken for one another, if their class and attributes
were the same. This was surprisingly common in the BinaryOp (Binary Operation) nodes, since
the only attribute they have which is not a node is their operator. As such, it would often be the
case that in non-simple binary operations, there would be a matching symbol, despite it not being
the correct match. This caused several issues, chief among them being that far more was being
shown and corrected in the conditions of if nodes than what was intended. This is mainly due
to the fact that the conditions of if nodes usually have multiple checks, rather than a single op-
eration. To showcase why this is problematic, the expression if (a == b || a >= ¢ && b < ¢)
contains five different binary operations. If a student were to submit a faulty program where this
line is instead writtenas if (a >= b s& a < c || b == c), no portion of the code would be ab-
stracted, since there are suitable matching nodes, given that all of the operations used in the fixed
code appear on the student’s submission. To tackle this problem with the BinaryOp nodes, we took
advantage of the fact that the storage of nodes happens in order of their precedence. This fact
allowed us to guarantee that upon entering the first Binary0Op node, its intended match would be
the first BinaryOp we find in the corresponding line of the student submission. With this in mind,
we completely overhauled the way we handled the BinaryOp nodes to be similar to our first proto-
type in Section 4.4.3.A, where we would traverse each of the nodes at the same time recursively.

Since we knew beforehand that the nodes are intended to be the match, we can traverse them at
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the same time without wasting time searching for a match like we were forced to do before. This
way, we could compare if either side was correct and keep the correct portions while sketching out
the portions that were incorrect. This change significantly improved the consistency with which the

tool performed at the level that was desired of it.

The reason why we did not apply this same solution to certain other nodes such as the FuncCall
(Function Call) node, despite them having similar issues, had mostly to do with the fact that this approach
would remove a lot of the information that we might want to keep. Using Listing 4.19 and 4.20 as an
example, the scanf () function call in line 8 and 9 respectively has different arguments. As we can see
in Listing 4.21 the ExprList node for its scanf () function in line 16 has a size of 2, having only the
Constant and UnaryOp node within it. In contrast, the ExprList node that we find in Listing 4.22 (line
22) has a size of 4, having 2 extra Unary0Op nodes. In this case, since both the constant and the Unary0Op
nodes are all different from one another, this approach would have worked. However, let us imagine that
instead of the ID node in line 19 of the students submission being called “max”, it was instead called “b”.
If this were the case, we would want to keep the “b” in the function call arguments, abstracting away only
the unnecessary “a” and “c” ID nodes and the wrong Constant node. In this new scenario, this approach
would completely delete every argument, since the ExprList node did not match. Considering this, we
deemed the extra precision to not be worth it, discarding this option for other nodes.

Another issue of our approach is the way in which we dealt with the change in the variable names.
Whenever the LLM fix would change a variable name, the tool would not be able to recognize it and,
as such, we would sketch out the instances where that variable appeared. This is mainly due to the
fact that we utilize the attributes of the node to compare and see if they match to one another or not,
given that if the name is changed the equality does not hold and, therefore, we do not have a match. To
combat this somewhat, we made it so that, when given the “Below” help setting (explained in Section
4.4.3.D) a declaration would always show the name of the variable being declared. Even though this
does not completely fix the problem that we have, giving the name of the declared variables appeared to
be enough for the rest of the sketch to be understandable. A real example of this can be seen in Listings
4.29 through 4.31. Where we have a real student submission, its LLM fix and the resulting abstracted
code. The error with the program lies in line number 26, where the printf () is missing a new line
character after printing the values. We can see that the fix managed to correct the output. However,
the x variable name was changed to temp during the fixing process. Listing 4.31 shows the resulting
sketch, where every instance of the x/temp variable was replaced by an /= 1D */ comment, with the
sole exception of the initial declaration in line 6. It also correctly changed the argument in the printf ()
function call in line 26. While this is not the ideal result, we can see that the comments clearly map out
the exact location of the x variable, so, upon investigating the generated sketch, we would be able to

assume that those comments refer to the newly name changed variable and not to some other error.
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Listing 4.29: Original Student Submission Listing 4.30: LLM Fix

int main () int main ()

1 1
2 { 2 {

3 int aj; 3 int a;

4 int b; 4 int b;

5 int c; 5 int c;

6 int x; 6 int temp;

7 scanf ("%d%d%d", &a, &b, &c); 7 scanf ("%d%d%d", &a, &b, &c);
8 if (a > b) 8 if (a > b)

9 { 9 {

10 X = a; 10 temp = aj;

11 a = b; 11 a = b;

12 b = x; 12 b = temp;

13 } 13 }

14 if (a > c¢) 14 if (a > c¢)

15 { 15 {

16 X = a; 16 temp = a;

17 = c; 17 a = c;

18 c = X; 18 c = temp;

19 } 19 }

20 if (b > c¢) 20 if (b > c¢)

21 { 21 {

22 X = b; 22 temp = b;

23 b = c; 23 b = c;

24 c = x; 24 c = temp;

25 } 25 }

26 printf ("%d %d %d", a, b, c); 2 printf ("%d %d %d\n", a, b, c);
27 return O; 27 return O;

28 1} 28 }

The final issue which was alluded to during the discussion on how we utilized and parsed the diff
file, was the way in which we had to deal with the else statements. Within the tool we are using, the else
statements are not classified as a distinct node type, but rather a set of expressions (which may or may
not contain another if in the event of an else if statement) that happen in case the corresponding if
node is False. While this difference may seem small, it clashes with the way that we handle every other
node. This is because the else node type does not exist, so we cannot compare the nodes properly.
This is especially problematic when taking into account the fact that if the else line is identified as being
the faulty line, we have no way of reaching it, since it is not a node in itself. As such, the decision to
not add a new line character after the else when normalizing the program or writing the sketch, served
not only to try to minimize false matches, but it also serves to effectively guarantee that a node exists
in an else line. The removal of the new line character, managed to reduce these problems significantly.
However, the fact that the else is not a node still causes a major issue which unfortunately we could
not solve, which is the fact that, as a result of not being a node, every time the solution has an else
statement, it will always appear in the sketch, regardless of whether or not that statement appeared in
the students submission. Despite this not being ideal, this occurrence was deemed to be small enough
to overlook, especially given the fact that the idea of this feedback tool is to give the structure of the

program to the student. Considering the fact that an additional else can completely modify the entire

59



Listing 4.31: Generated Sketch

int main ()

1
2 A

3 int a;

4 int b;

5 int c;

6 int temp;

7 scanf ("%d%d%d", &a, &b, &c);
8 if (a > b)

9 {

10 /* ID */ = a;

1 a = b;

12 b = /x ID */;

13 }

14 if (a > ¢)

15 {

16 /* ID */ = a;

17 a = c;

18 c = /* ID x/;

19 }

20 if (b > c¢)

21 {

22 /* ID %/ = b;

23 b = c;

24 c = /*x ID x/;

25 }

2 printf (/* Constant */, a, b, c);
27 return O;

28 }

program, we elected to keep it as is, since the added structure it shows was considered more important

than trying to remove the extra piece of information.

4.4.3.D Level of Feedback

A major setting that we wanted to implement was the idea of different levels of feedback to the student.
Essentially, we wanted to give the ability to either add or remove information from the sketch. This would
present itself in the granularity of the feedback that was to be given to the student, with it being split into
two different options: Help Depth “Below” or “Current Node™.

To create this functionality, we leverage the fact that every node in an AST is either a terminal node,
or a parent node. This is relevant, since the information stored within each node can pertain to their
children (for example, a BinaryOp (Binary Operation) node can have an ID node to each side of the
operation). This fact means that we can always either choose to remain at the level of the current node
or continue to its children.

Functionally, this setting allows us to decide whether or not to keep giving information in the case
that a parent node is incorrect, with the “Current Node” setting limiting itself to the node we are currently

on and the “Below” setting allowing us to continue the search, in spite of already finding a mistake in

6Below is called using “-hd 17, and Current Node using “-hd 2.
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Listing 4.32: Generated Sketch with “Below” Help Depth Listing 4.33: Generated Sketch with “Current Node” Help

Depth

1 int main () . .
- 1 int main ()
3 int n; 2 1 . X
4 int i; ¢ :.Lnt I.l’
5 int z: 4 int 1i;

H int z:
6 scanf ("%d", &n); ° o (g
7 scanf (/* Constant */, &i); 6 scanf ("7d", &n); .
. scanf (/+ Constant */. &z): 7 scanf (/* Constant */, &i);
. if (n /* Op */ i && n /* Op */ z) 8 .scanf(/*.Constant *x/, &z);'
10 printf ("%d\n", n); o it (e &t Ol
1 else if (i /* Op */ z) 10 printf?“%d\n",‘n);
b printf ("%d\n", i); 1 else if (/* BinaryOp */)
13 else printf ("%d\n", z); 12 printf ( ("d\n ’,,1);
. return 0: 13 else printf ("%d\n", z);
6} ’ 14 return O0;

15}

the program. Using Listing 4.14 as an example, the BinaryOp node in line 9 would not find a match, as
the operator in the higher tier of precedence (the == sign) does not have an equal node to match with.
As such, if we were using the “Current Node” setting, the entire condition would be omitted. However,
using the “Below” level, we could “force” a match between the == and the != nodes, and then continue
our search for more matches. In this second case, the only thing that would be omitted would be the
operator !=.

This setting will allow for a more tailored approach, which can either be incorporated as an automated
process, by changing the “help depth” level depending on the number of attempts or by being manually
set for any given lab or exercise. We believe that this feature is one of the main highlights of this
approach, as the AST based approach allowed us to implement this in a way that avoided complicated
setups that might be unreliable.

To complete the example from Listing 4.1, we take the normalized codes, along with their diff file,
that we had generated (shown in Listings 4.16 through 4.18) and create the final generated sketch. For
this step we traverse the tree of the solution to verify whether or not a matching node exists in the other
tree. Listings 4.32 and 4.33 demonstrate the resulting sketches, depending on the given “Help Depth”.
In this case, we can see that the generated sketch is almost identical. This is because the structure of
the “taller” nodes within the tree is extremely similar, with the only difference being found in line 9 and 11.
The difference in operators means that with the “Below” mode we represent the children of the Binary0Op

node, since they are the same, while with the “Current Node” mode we abstract them away, instead.
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This Chapter will focus on showcasing and analyzing the results of the different LLMs, when it came
to the program repair module of FeedFix, as well as the performance of the feedback tool module. We

will also discuss which of the prompt configurations and LLM pairing we believe to be the best.

5.1 C-Pack-IPAs Dataset

To conduct our analysis, we used the C-Pack-IPAs dataset [4], which contains student submissions to
programming exercises from laboratory classes. The C-Pack-IPAs dataset comprises 1,431 incorrect
submissions across 25 different C programming language IPAs, collected from three distinct laboratory
classes over three academic years. The exercises cover a diverse range of topics, including integer and

input—output operations, loops and character manipulation, and vector processing.
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| Labs | #IPAs | #Correct Submissions | #Wrong Submissions

Lab 02 10 789 486
Lab 03 7 363 699
Lab 04 8 468 246
Total 25 1620 1431

Table 5.1: Dataset Breakdown

| Abreviation | Meaning
De IPA Description
Sk Sketch Approach - Uses Fault Localization
TS Test Suite
CS Counterexample
EX Example on how to handle Fault Localization - Uses FIXME when not a Sketch
FB If FL fails, uses generated tips to steer LLM
If Infilling Implementation - Uses Fault Localization

Table 5.2: Configuration Abbreviation Caption

This dataset has been successfully employed in several prior works across various program analysis
tasks [9, 17,72, 73], demonstrating its reliability and versatility. For this dataset, we specifically selected
submissions that compiled successfully, since compilation errors are already identified by the compiler
and therefore do not require additional feedback.

A simplified overview of the dataset is presented in Table 5.1.

5.2 Analysis of Performance Results

Table 5.3 showcases the results of program repair that each of the different LLMs reached under the
different configurations utilized (refer to Subsection 4.3 for an overview of each configuration), whereas
Table 5.5 showcases the tree edit distances between the ASTs of the original buggy program and the
fixed program [74]. As mentioned in Section 4.3, configurations De, De-TS-CE and Sk_De-TE-CS had
already been tested before in the AAAI paper by Pedro Orvalho et al. [9]. The remaining seven configu-

rations were newly built for this thesis, not having been tested before.

5.2.1 Analysis of Different Prompt Configurations

We will start by analyzing the different prompt configurations and their impact on the performance of the
different evaluated LLMs. This metric is the most important and, as such, will carry the majority of the
weight for any decisions taken moving forward. Table 5.2 shows what the abbreviations in each of the
different configurations stand for and what they add to the LLM prompt.

The first thing to take notice of is the fact that Qwen Coder [71] had, by far, the best performance
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Entire Benchmark
Configurations

LLMs De De-TS-CE De-TS-CE-EX De-TS-CE-EX-FB De-TS-CE-FB Portfolio
(All Configurations)
CodeGemma 553 (38.6%) 571 (39.9%) 571 (39.9%) 561 (39.2%) 562 (39.3%) 878 (61.4%)
CodeLlama 509 (35.6%) 548 (38.3%) 602 (42.1%) 620 (43.3%) 617 (43.1%) 869 (60.7%)
Qwen 770 (53.8%) 823 (57.5%) 780 (54.5%) 747 (52.2%) 763 (53.3%) 1052 (73.5%)
(:ﬁrl‘_ff,:,'l‘;) 856 (59.8%) 912 (63.7%) 950 (66.4%) 920 (64.3%) 925 (64.6%) 1079 (75.4%)
Portfolio
LLMs #DeTS-CE  SkDeTS-CE  SkDe-TS.CEEX  SkDe-TS-CE-EX-FB  SkDeTSCEFB oot o2,
CodeGemma 549 (38.4%) 618 (43.2%) 597 (41.7%) 605 (42.3%) 580 (40.5%) 878 (61.4%)
CodeLlama 713 (49.8%) 610 (42.6%) 616 (43.0%) 621 (43.4%) 605 (42.3%) 869 (60.7%)
Qwen 833 (58.2%) 814 (56.9%) 814 (56.9%) 790 (55.2%) 804 (56.2%) 1052 (73.5%)
(:‘I’I’I‘_fl‘_’,:,'l‘;) 959 (67.0%) 944 (66.0%) 957 (66.9%) 919 (64.2%) 927 (64.8%) 1079 (75.4%)

Table 5.3: Results of Different Configurations.

out of the chosen LLMs as it outperformed in every single category. This even extends to the De
configuration (which managed to resolve 53.8% of the wrong submissions), that only utilized the IPA
descriptions of the problems, which out performed both CodeGemma [69] and CodeLlama [70] in all
of the different configurations (with them being 43.2% and 49.8% respectively in their best performing
configurations).

Another interesting pattern that emerges is that the sketch and infilling based implementations tended
to outperform their non-sketch counter-parts. This could be due to a variety circumstances, especially
when compared to the /*x FIXME */ approaches (configurations De-TS-CE-EX, De-TS-CE-EX-FB and
De-TS-CE-FB), but a significant one that emerged rather often is how the different configurations handle
extra printf () ; lines that students often add by mistake.

This mistake was repeated throughout the various different exercises, where the students would
add prints meant to serve as guidance to the user, which would then muddle the output, causing
them to fail the test cases. Let us use code that calculates the Fibonacci sequence up to a given
number N, as an example. In Listing 5.1, we can see this type of mistake on display. The additional
printf ("Provide a N:");, meant to give guidance to the user, causes every test to fail, as the pro-
gram will always print the phrase, before printing out the correct result. This type of mistake, while
extremely easy to fix when given context since the program itself is correct, gives the LLMs significant
issues, as they are unable to understand what is incorrect with the code. Considering the fact that, unlike
the /* FIXME */implementations, which add the comment to the end of the line, the Sketch and Infilling
based implementation remove the line completely (as seen in Listing 5.2), it is no surprise that these
implementations manage to handle these mistakes far better than the other configurations. Given that
the faulty part is removed, the LLM would understand that the program is correct and simply return back
the program, without the added Hole or their respective Infilling identifier.

This case does highlight a big flaw within the different LLMs: they are unable to comprehend what

the formatting of the answers should be. While the tools are mostly able to correctly identify and ac-
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Listing 5.1: Buggy Submission Listing 5.2: Sketch Example

1 #include <stdio.h> 1 #include <stdio.h>

2 2

3 int main(){ 3 int main(){

4 int n, fibonacci; 4 int n, fibonacci;
5 int prevl = 1; 5 int prevl = 1;

6 int prev2 = 0; 6 int prev2 = 0;

7 7

8 8

9 9

/* HOLE 1 x/
scanf ("%d", &n);

printf ("Provide a N:");
scanf ("%d", &n);

10 10

11 if (n <= 1) fibonacci = n; 11 if (n <= 1) fibonacci = n;

12 12

13 for (int i = 2; 1 <= n; i++){ 13 for (int i1 = 2; i <= n; i++){
14 fibonacci = prevl + prev2; 14 fibonacci = prevl + prev2;
15 prev2 = prevl; 15 prev2 = prevl;

16 prevl = fibonacci; 16 prevl = fibonacci;

17 } 17 }

18 18

19 printf ("%d", fibonacci); 19 printf ("%d", fibonacci);

20 20

21 return 0; 21 return 0;

2 } 2 }

knowledge the test cases and inputs and outputs that are provided to the tools in their prompts, they
have difficulty understanding the desired formatting of the answers. In the case of the aforementioned
Fibonacci example, given the input 3, the desired output is 6. However, to the LLM, an output of 6\n
would still be a correct output, even though it would clash with the intended formatting of the answer and
result in the test cases being wrong. This is a severe limiting factor, as these mistakes should be easily
identifiable to the student, but they wind up being too precise for the different LLMs to be able to detect
and correct.

This issue is something that the FB configurations ideally would have addressed and mitigated, as
they would give more information to the LLMs specifying issues in formatting of answers, hinting at the
fact that the mistakes lie somewhere within the printf () statements in the code. However, as we can
see from the results, the FB configurations, both the ones using /* FIXME */ and /* HOLE N */, were
almost always outperformed by those that did not utilize this additional set of directions. While it is
impossible to know exactly why the performance was poorer when using the FB configurations, we can
see that the extra information did not positively impact the results.

In contrast to the FB configurations, we can observe that both the TS-CE and TS-CE-EX config-
urations managed to, in a majority of cases, vastly outperform the one that solely relied on the IPA
descriptions (De). It is interesting to note that the added examples, intended to serve as guidance to
the LLMs on how to “attack” the solving process, often had a negative impact on the performance of

these tools, with the exception of CodeLlama [70], whose performance increased. This could be due
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Qwen Repair per Lab
Configurations
Labs If_ De-TS-CE Sk_De-TS-CE Sk_De-TS-CE-EX Sk_De-TS-CE-EX-FB Sk_De-TS-CE-FB

[ab02 388 (79.8%) 374 (77.0%) 376 (77.4%) 365 (75.1%) 377 (77.6%)
lab03 299 (42.8%) 290 (41.5%) 296 (42.3%) 293 (41.9%) 291 (41.6%)
lab04 146 (59.3%) 150 (61.0%) 142 (57.7%) 132 (53.7%) 136 (55.3%)

Table 5.4: Repair Rate of QwenCoder on Most Promising Configurations by Lab

to a variety of different factors, but the most likely one is that the provided examples steered the LLM
in the wrong direction, confusing it and having a negative impact on its solving abilities. Nevertheless,
these configurations have some promising aspects, as will be discussed in Subsection 5.2.2, since they

appear to follow the original program more closely than the other configurations.

Unsurprisingly, the highest performing configuration for both CodelLlama [70] and QwenCoder [71]
was the Infilling based implementation, which showed a marked increase in performance, when com-
pared to their other configurations. This is especially noticeable with CodeLlama [70] as it showed a
15% increase in the amount of corrected programs, when compared to the second highest performing
configuration (Sk_De-TS-CE-EX-FB). This is to be expected, given that these models were made with
FIM requests in mind and so, their performances being above the other options is in congruence with
what was to be expected from them. The more interesting result of these Infilling based implementations
is related to the CodeGemma [69] results, which are comparatively much worse than those that were
achieved by the other two LLMs, achieving a solve rate inferior to even the De configuration. This is ex-
tremely unexpected, as the FIM capabilities are built-in to the model, and, as such, it would be expected

for it to perform at a higher level when making use of them.

Overall, QwenCoder [71] was, by far, the model with the best performance, managing to correct
73.5% of the entire set of problems, spanning all its configurations. An interesting detail to point out is
the fact that while the individual configurations of CodeGemma [69] had a lower efficiency when fixing the
different programs than CodeLlama [70], CodeGemma managed to fix a broader range of problems with
its aggregate solve ratio (total Portfolio) being 61.4%, whereas Codellama sits at a lower 60.7%. This
could be indicative of some predisposition of CodeGemma, as it appears to be more random with the
problems it can solve, when compared to the other two models. If so, the added variance could explain
the discrepancy between the range of coding problems it solved on the aggregate and the limited amount
of problems it managed to solve with each individual configuration. This factor might make it undesirable,
as the inconsistency in its output might lead to a more frustrating experience, since the model ends up

being unreliable.

Considering how QwenCoder’s [71] performance was significantly better than that of the other mod-
els, we wanted to examine its most promising configurations, and how they differ between labs. As

we can see in Table 5.4, the Infilling configuration outperforms the other options in lab02 and lab03,
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whereas the Sk_De-TS-CE implementation slightly edges it out in lab04, managing to fix four more pro-
grams than its Infilling counterpart. While the best configuration when it comes the repair rate of the tool
is clearly the If_De-TS-CE, having achieved the best results for two out of the three labs and having the
highest repair rate overall, the discussion for the number two is a lot more interesting. When all labs
are taken into account, both Sk_De-TS-CE and Sk_De-TS-CE-EX managed to solve the exact number
of programs (see Table 5.3), with them both being able to solve 56.9% of the dataset. However, as is
shown in Table 5.4, the Sk_De-TS-CE-EX configuration performed better in the initial labs, while taking
a performance hit on lab04. This difference could be an interesting push-and-pull, as if we value the
initial labs more, the Sk_De-TS-CE-EX configuration might seem more appealing, whereas if we believe
lab04 to be more valuable to the learning process, the Sk_De-TS-CE configuration might become more

interesting.

5.2.2 Analysis of Abstract Syntax Trees Results

Keeping the efficiency of the different LLMs in mind, we now move to analyze the similarity between
the ASTs of the original buggy code and the final solved code. These values can be seen in Table 5.5,
where the highlighted values are the smallest AST edit [74] distance between the original code and the
corrected code returned by the model. It is extremely important to note that these values need to be
viewed through the lens that they only make sense in the context of the percentage of solved problems
and that taking them at face value is extremely dangerous.

As an example, the lowest distance in the entire table is in CodelLlama’s [70] De implementation,
which sits at 2.1. This does not mean that the implementation was better as a whole, but rather that the
generated AST for the fixed program was closer to the original. This is an important distinction, given
the fact that the De configuration was the worst performing option for CodelLlama. The reason behind
this discrepancy is that the only ASTs that are taken into account are the ones from scenarios where the
model managed to fix the buggy portion of the code. This means that the harder the solve and the more
modifications are necessary, the more the AST will diverge from the original. As such, configurations
with a lower solve ratio will tend towards having more similar ASTs as the more complex solves end up
falling to the wayside, leading to a skew in the results towards lower AST distances.

Despite these pitfalls, this metric is still useful when evaluating similarly performing configurations, as
it provides insight as to how the different configurations might alter the way in which the models tackle
the problem.

The first thing to take notice of, is that the Infilling implementations are near the upper echelon of
distance for every LLM. This makes sense intuitively, considering the way the buggy code is provided
to the models when using this approach. As explained in the Subsection 4.3, the Infilling implementa-

tions removed the chunk of code from the first fault, down to the last one, meaning any line that might
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have been correct between two different faulty lines was completely removed. As an example, in Listing
5.3 we can see a program meant to calculate the Fibonacci sequence again, but in this case there are
two mistakes. The first being the initial printf ("Provide a N:"); in line 8, and the second being the
prev2 = fibonacci; inthe assignmentin line 15. In Listing 5.4 it is shown how the Infilling implemen-
tation would present the buggy code to the model’. In this example, we can see that every line between
line 9 and 14, which are correct, are also deleted when preparing the code to be sent to the LLM. This
removal is necessary for the Infilling process, as the models used do not support multiple Infilling tokens.
With this in mind, it is expected that this approach would trend towards a larger distance between the
ASTs, as portions of the code that are correct are completely removed. In the example of Listing 5.4,
the FIM request could easily produce a while loop, instead of the for loop that was used. It could also
alter the way in which the original code handled the case when n <= 1. These differences, while still
able to fix the program, would generate a bigger disparity between the resulting ASTs, as the resulting

code would be further apart from the original submission.

This metric presents an interesting question for QwenCoder [71] specifically, as its repair capabili-
ties between If_De-TS-CE, Sk_De-TS-CE, Sk_De-TS-CE-EX and Sk_De-TS-CE-FB are similar with less
than 30 problems being the difference between the highest and lowest performing configurations (2% of
the entire set). Utilizing this metric we can also rule out the De-TS-CE configuration for QwenCoder, as
the average distance between the ASTs is far greater than any other alternative, along with its perfor-
mance being worse than the If_De-TS-CE implementation. It is almost impossible to know the reason
behind the fluctuations from just the numbers, given that the Infilling implementation managed to solve
a broader range of problems that might have required bigger changes to the ASTs as a whole. Consid-
ering this, and similarly to what we did when analyzing the repair rate of the different LLMs, we chose to
isolate QwenCoder’s [71] best performing configurations and see how they perform in relation to the AST
distance by the different labs. These values can be seen in Table 5.6, where we highlighted the biggest
average AST edit distance. Note that, as the programs increase in difficulty, the more the AST has to be
altered for a successful repair, which causes the average tree edit distance to increase with each lab.
However, it is also clear that the Infilling implementation alters the AST of the programs, significantly
more, especially in the early labs. Here, we can also see that both Sk_De-TS-CE and Sk_De-TS-CE-EX
configurations share a similar amount of average edits. Despite this, we can see that the differences
between the two configurations in lab02 and Iab03 are smaller than that of lab04. This higher average
could be a result of the Sk_De-TS-CE configuration being able to repair a larger number of programs, so

while Sk_De-TS-CE-EX appears to be slightly better, there can be no conclusive answer.

We will delve deeper into which of these configurations ends up being the most desirable when we

analyze the number of attempts and time required by each configuration (Section 5.2.3), along with the

"Note that the “INFILL” in line 8 is a placeholder and the token for the specific model is used instead.
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Entire Benchmark
Metric: avg(Tree Edit Distance between fixed and original incorrect program)
Configurations

LLMs De De-TS-CE De-TS-CE-EX De-TS-CE-EX-FB De-TS-CE-FB
CodeGemma 4.9 4.5 5.6 5.5 4.7
CodeLlama 21 2.7 4.0 4.2 4.8
Qwen 15.3 171 15.0 13.4 14.5
LLMs If_De-TS-CE Sk_De-TS-CE Sk_De-TS-CE-EX Sk_De-TS-CE-EX-FB Sk_De-TS-CE-FB
CodeGemma 6.1 7.2 7.3 6.7 6.5
CodelLlama 6.7 5.1 4.3 4.7 4.4
Qwen 15.9 14.9 14.8 14.4 13.3

Table 5.5: Distance in ASTs from the original program to the corrected version

Listing 5.3: Buggy Submission
#include <stdio.h>

1
2
s int main () { Listing 5.4: Infiling Code Prompt
int fib i;
‘ tot o, bibonacced; i #include <stdio.h>
5 int prevl = 1;
2
int 2 = 0;
6 ot prev ! 3 int main(){
7 . . .
; ; 4 int n, fibonacci;
8 printf ("Provide a N:"); ,
5 int prevl = 1;
9 scanf ("%d", &n); .
6 int prev2 = 0;
10
7
11 if (n <= 1) fibonacci = n; . <JINFILL\>
N 9 revl = fibonacci;
13 for (int i = 2; i <= n; i++){ } p !
10
14 fibonacci = prevl + prev2;
11
ev2 = fibonacci; . .
1 prev % n c%’ 12 printf ("%d", fibonacci);
16 prevl = fibonacci; W
17 } 14 return 0;
18 }
15
19 printf ("$d", fibonacci);
20
21 return 0;

resulting code generated by FeedFix (Section 5.3).

5.2.3 Analysis of Number of Tries on Successful Repairs

Similarly to the prior metric of the AST edit distance between the different trees, analyzing the time or
the number of tries required to fix a given problem needs to be contextualized by the fact that whenever
a model configuration is unable to correct the buggy code, its number of tries is not taken into account.
As such, just like with the metric revolving around the ASTs, the numbers cannot be taken at face value.

Table 5.7 displays the average number of attempts that were required to successfully repair the
program, where the bolded values are the lowest average number of tries required for each LLM. The

values that immediately standout are those of CodeGemma [69], with 1.0s in every configuration except
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Qwen’s AST Distance from Original to Fixed by Lab
Configurations
Labs If_De-TS-CE Sk_De-TS-CE Sk_De-TS-CE-EX Sk_De-TS-CE-FB

lab02 12.5 10.5 10.6 9.8
lab03 19.1 17.0 18.0 15.4
lab04 18.5 22.0 19.5 18.7

Table 5.6: QwenCoder AST Distance from Original to Fixed Tree on Best Performing Configurations

Entire Benchmark
Metric: avg(Number of chat messages of Successful Repairs)
Configurations

LLMs De De-TS-CE De-TS-CE-EX De-TS-CE-EX-FB De-TS-CE-FB
CodeGemma 1.0 1.0 1.0 1.0 1.0
CodeLlama 1.3 1.2 1.3 14 1.5
Qwen 11 1.1 1.1 1.1 1.1
LLMs If_De-TS-CE Sk_De-TS-CE Sk_De-TS-CE-EX Sk_De-TS-CE-EX-FB Sk_De-TS-CE-FB
CodeGemma 1.0 1.0 1.0 1.1 1.0
CodeLlama 1.3 1.2 1.2 1.2 1.2
Qwen 1.1 1.2 1.1 1.2 1.2

Table 5.7: Average Number of Tries when Successfully Repairing

for the SK_De-TX-CE-EX-FB option. While this might seem like an appealing thing, this betrays the lack
of adaptation that the model suffers from. These values showcase the fact that CodeGemma either gets
it right the first time, or it will flounder around until the timeout eventually stops it. This means that a lot
of time is being wasted, since the back-and-forth that was intended to occur to improve the capabilities
of the model has a negligible effect on the outcome of the code repair. As such, in this specific case, this
metric serves as a condemnation of the model, showcasing its inability to handle cases that it is unable
to fix out of the gate.

Unlike CodeGemma [69], both QwenCoder [71] and CodeLlama [70] have much more interesting
results. CodeGemma shows every configuration at 1.2 attempts or higher, whereas Qwen Coder sits
at 1.1 tries or higher. These results are significantly more interesting to analyze, as they showcase that
the models are indeed having a back-and-forth, with CodeLlama reaching a 1.5 in the De-TS-CE-FB

configuration.

5.3 Analysis of Sketch Generator

Unlike the other metrics, the analysis of the sketch is, fundamentally, a subjective task. Not only is
the best way to present the abstractions completely subjective, but the process is highly reliant on
the LLM being able to closely follow the student submission. This is because a significantly different
solution would result in a confusing sketch. An example of this can be clearly seen with the If_De-TS-CE
configuration, as its removal of a significant portion of the code leads it to create a large amount of

differences. Looking back at the example shown in Listing 4.1, we can see how this configuration might
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Listing 5.6: Generated Diff File
3,17¢3,13

1
2 < int numi;
3 < int num2;
4 < int num3;
. - . 5 < scanf ("%d %d %d", &numl, &num2, &num3);
Listing 5.5: Infilling Fixed Program . < if (numi >= num2 && numi >= num3)
1 int main () 7 < {
2 o 8 < printf ("%d\n", numl);
3 ?nt numl ; 9 < }
4 int num2; .
5 int num3; 10 < else if (num2 >= numl && num2 >= num3)
6 scanf ("%d %d %d", &numl, &num2, &num3); 11 < {
7 if (numl >= num2 && numl >= num3) 12 < printf ("%d\n", num2);
8 { ' 5 . 13 < }
13 . printf ("%d\n", numl); 14 < else {
11 else if (num2 >= numl && num2 >= num3) B < printf ("%d\n", num3);
12 { 16 < }
13 printf ("%d\n", num2); 17 —-=-
14 ¥ 18 int n;
15 elseA { , . 19 int i;
ﬁ printf ("%d\n", num3); 20 int z;
18 return 0; 21 scanf ("%d", &n);
19} 22 scanf ("%d\n", &i);

scanf ("%d\n", &z);

if (n > i && n > z)
printf ("%d\n", n);

if (1 > z)
printf ("%d\n", 1i);

else printf ("%d\n", z);

n
@
VVVVVVVVYVVYV

affect the results. Listing 5.5, shows the normalized fixed program that QwenCoder [71] managed to
create utilizing this configuration. As we can see, we have several differences, between the complete
name change of every variable, to the fact that the multiple scant () statements were condensed down
to a single one. This results in a diff file whose contents indicate a fault in almost every line, as seen
in Listing 5.6. The results of these flaws within the process can be seen in the sketch itself, as shown
in Listing 5.7 (see Table 4.1 for a caption for each comment). This sketch, utilizing the “Below” mode, is
significantly inferior to the one provided in both Listings 4.32 and 4.33, despite supposedly giving more
help than the latter. This is mainly due to the wrong matching occurring because of the major differences
detected by the diff command. As such, the traversal of the AST abstracted away far more nodes than

what was intended.

This occurrence was a core aspect of the If_De-TS-CE configuration, mainly due to how the con-
figuration operates as a whole. As such, this configuration ends up falling short of expectations, since
the resulting fixes generate significantly worse and more convoluted sketches, which directly clash with
the intended purpose of helping the students. Unlike the infilling configuration, the other configurations

tended to follow the students submissions much closer, which resulted in better sketches.

The best possible option to properly judge the sketches would have been to roll out a demo of this

project to the students and gather their thoughts on the tool and the sketch as a whole. However, due to
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Listing 5.7: Generated Feedback Sketch

1 int main ()

2 A

3 int numi;

4 int num2;

5 int num3;

6 scanf (/* Constant */, &/* ID %/, &/* ID %/, &/* ID x/);
7 if (/* BinaryOp */)

8

9

{
/* ID */(/* Constant */, /* ID */);

10 }
11 else if (/* BinaryOp */ /* 0Op */ /* BinaryOp */)
12 {
13 printf ("%d\n", /* ID x/);
14 }
15 else {
16 /* ID */(/* Constant */, /* ID */);
17 }
18 return O;
19}

the timeline of the development of the tool, we were unable to test this tool in a real life scenario, as the
classes which would make use of FeedFix were held before the start of this tool’s development.

Given that the best option was not available, a manual “sanity check” was performed on every ex-
ercise of the first academic year from the IPA dataset on the programs from the second lab for every
configuration. This manual check revealed that the main problem was the matching of the lines, where
when the matching failed, the output was significantly worse, as seen in Listing 5.7. Despite this, the
overall behavior of the tool was in line with what was intended and generated what we deemed to be
suitable sketches that could help the students. As such, we are planning on deploying FeedFix in Febru-
ary 2026, to provide feedback to students and properly evaluate FeedFix’s performance based on its

impact on the students.

5.4 Result Discussion and Best Configuration/LLM Pairing

Throughout this Chapter we analyzed the different possible configurations and LLMs for both their per-
formance and similarity to the original code. Of the various possible pairings, we can conclude that the
standout performer across the board, when it comes to the different LLMs, is QwenCoder [71]. The
model was light in the context of large language models, having only 7B parameters, while retaining the
best performance by a considerable margin. While this is not shown, due to the way it interacts with
the timeouts and how the used time is registered, this model was also the quickest, which is a very big
advantage for a tool such as FeedFix, as a faster response time means that the student will get their
hands on the feedback sooner, reducing idle time while waiting for feedback.

Of the various configurations, we can see that four of them standout as the best overall perform-
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ers, those being: If_De-TS-CE, Sk_De-TS-CE, Sk_De-TS-CE-EX and De-TS-CE. The first three are not
surprising, as these configurations provide ample information to the tool, while removing the faulty por-
tions of the code, reducing the bias towards the already written code that might confuse the LLM, as
is the case with the /+ FIxME »/ approaches. However, it is interesting to note that, while not using
a Sketch implementation, the De-TS-CE configuration had an impressive repair rate, beating out both
Sk_De-TS-CE and Sk_De-TS-CE-EX configurations.

Of these four configurations, the first we can safely discard is the infilling implementation (If_De-
TS-CE). Despite having the best repair rate, as discussed in Section 5.2, this implementation suffers
from the fact that the formatting of the fixed program can differ wildly from the original submission. This
causes major problems when it comes to the sketch generation process, leading to significant portions
of code being abstracted away. Given that the final sketch is what the students will have to interact with,
the added repair rate seems to be too small to justify such a big drop in the quality of the sketches.

By this same metric and, as mentioned in Section 5.2.2, we can rule out the De-TS-CE configuration,
as it had an higher average AST edit distance than the infilling implementation.

As such, we are left with the other two configurations, Sk_De-TS-CE and Sk_De-TS-CE-EX, which
both had the exact same repair rate. Between these two, the metrics are too close to be able to defini-
tively say which one is the best. However, the average AST distance appears to be slightly in favor of
the Sk_De-TS-CE-EX configuration. This makes sense intuitively, as the EX tag helps guide the LLM
on how to handle the holes left in the code and trying to limit the changes made by the model to said
holes. In theory, this would then lead to a more similar code than the non EX option. Despite this, no
definitive conclusion can be drawn about these configurations, as the generated feedback appears to be
extremely similar on manual inspection.

As discussed during Section 5.3, the best way to arrive at a conclusion for this would be to roll out
a demo of the project with each of these two configurations and do A/B testing on the satisfaction of
the students with the tool's performance. Unfortunately, this was not possible, so we can only speculate
as to which of these configurations is best. As it stands, both Sk_De-TS-CE and Sk_De-TS-CE-EX
configurations seem like valid approaches with merit, so either one could serve as a suitable building
block for FeedFix. To clear up these doubts and to evaluate FeedFix objectively, we will deploy FeedFix
in February 2026 to get the opinions of students on the overall performance of the tool and which

configuration they prefer.
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Conclusions and Future Work
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6.1 Conclusion

Automated Program Repair (APR) for Introductory Programming Assignments (/PAs) is mainly driven by
the large influx of new students every year to programming courses. This increase in students, despite
the relative stagnation in the number of professors and teaching assistants, places a heavy burden on
faculty members, who are now unable to personally help every student [1]. The lack of support results
in a worse learning experience, which can lead to frustration. To address these issues, we propose
FeedFix, which we believe represents a novel approach that can help tackle this problem by providing
individually tailored feedback. By using APR in combination with the Abstract Syntax Tree (AST) and
text-based sketch generation, we can create detailed sketches of solutions which we believe provides
the students far better insights than currently available options. This new tool receives a student’s buggy

submission, alongside the test suite and the fault localization information provided by CFaults [17] and
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attempts to correct the program using a Large Language Model (LLM) and the CEGIS loop described in
Section 3.4.1.A. Upon the termination of this loop, we either provide the student with the fault information
from CFaults’ output if the patch generation was unsuccessful, or we generate a sketch program based
on the student’s buggy submission and the LLM’s fix to return to the student as feedback. Given the
capabilities of the APR module of FeedFix, this combination allows us to provide students with a per-
sonalized sketch in over 50% of cases, based on the submitted buggy code’s structure. Consequently,
the generated sketch will be far more similar to the student’s own code than if a given “example solution”
was used in its place. Another advantage of this approach is the fact that we are only obfuscating the
sections of code that the students are not privy to, not giving away the answer, despite providing the
complete structure of the corrected version of the code. That, combined with the “Help Depth” toggle
mentioned in Section 4.4.3.D, which allows the faculty to tailor the tool to each exercise, to remove or
add more of the structure of the program, depending on their preferences, is a clear improvement over

the current approaches to feedback.

6.2 Future Work

Despite the overall good performance of FeedFix, it is important to note parts of the tool that might
require some further attention and development in the future.

The first and most glaring is the A/B testing mentioned in Section 5.4, which is necessary to properly
evaluate the usefulness of FeedFix on providing tailored feedback to students. This is going to be
addressed in the future, as we plan on launching this experimental version in the next iteration of JAED
(class for which this tool was built), in February 2026.

Another point that could be expanded on is the way in which we find the differences between the two
programs, post normalization. While the diff command is usually good enough for the task at hand, the
fact that changes that might be deemed additions/removals are often considered as “changes” instead
means that the line matching of the sketch generation process can be wrong more often than we would
want. As such, a program tailored to this task that more precisely identifies the text changes acting
as a replacement for the diff command that is used could provide a noticeable positive impact on the
performance of the sketch generator.

Lastly, new and improved models are still being released at an extremely fast pace. These new
models might prove to be better than what we used for FeedFix and the tool might significantly improve

with those new models.
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