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Abstract

Prolog is a well-known declarative programming language commonly used in introductory
courses on logic and reasoning. However, many students find Prolog challenging because it lacks
the familiar debugging mechanisms found in imperative languages. In large classes, this difficulty
is exacerbated by the challenge of providing timely and personalized feedback to students. In this
work, we introduce PRODEBUG, the first tool to combine large language models (LLMs) with
spectrum-based and mutation-based techniques for automated debugging of Prolog assignments.
PRODEBUG automatically identifies faults and proposes bug repairs for student Git submissions.
Faults are detected using three approaches — spectrum-based, mutation-based, and LLM reason-
ing — while repairs are generated using mutation-based techniques and LLMs. Our evaluation
on 1499 buggy student submissions from a bachelor’s level programming class demonstrates
the potential of automated, LLM-augmented feedback systems to scale support for declarative
programming education.

KEYWORDS: declarative programming education, automated fault localization and repair,
large language models

1 Introduction

Debugging logic programs in Prolog poses a unique set of challenges. Traditional methods
like tracing or inserting print statements are often insufficient, since Prolog’s execution
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model is based on unification and backtracking rather than explicit control and data
flows. This difficulty is particularly evident among learners, who often struggle to grasp
the seemingly unpredictable flow of execution. While some debugging aids for Prolog
have been proposed in the past (Neumerkel 1996; Le and Pinkwart 2011; Thompson
and Sullivan 2020), they frequently rely on inflexible rule-based approaches and have
cumbersome methods of interaction for students. As a result, many students rely on
trial and error to detect and fix mistakes, making the learning process in Prolog and
declarative programming more frustrating. To address this challenge, we introduce a
tool that automatically analyzes Prolog programs, identifies possible bugs, and provides
hints to help students correct their solutions.

Consider the task of defining a predicate duplicate/2 that duplicates every element
of a list. For instance, the query ?- duplicate([1,2],[1,1,2,2]1). should succeed. Below is
a student’s submission for this problem.

1 duplicate([1, [1).
2 duplicate([H|T], L2) :- duplicate(T, L1), L2 = (H,H,L1).

While the base case is correct, the recursive case is flawed. Instead of constructing a list,
the student mistakenly creates a term of the form (#,H,L1) | which does not represent the
intended Prolog list structure. Our tool aims to automatically identify such errors and
provide students with targeted hints. For this case, a possible hint, where ? highlights
the part of the program the student should revise, could be:

1 duplicate([], []1).
2 duplicate([H|T], L2) :- duplicate(T, L1), L2 = 7.

PRODEBUG consists of two main components: a fault localizer, which identifies faulty
clauses, and a repair module, which generates corrections for the identified bugs. A report
is then generated and provided to the student based on this information.

The fault localizer supports three distinct methods: (1) Spectrum-based fault local-
ization (SBFL), (2) mutation-based fault localization (MBFL), and (3) a method using
large language models (LLMs). While concepts such as SBFL and MBFL are not new,
our application to the Prolog context diverges significantly from previous approaches.
Distinct from works that rely on mutation analysis to estimate coverage (Thompson and
Sullivan 2020), PRODEBUG implements a novel SBFL engine that leverages low-level
Prolog tracing Application Programming Interfaces (APIs). This allows us to capture
exact execution spectra, including backtracking paths, which is critical for accurate
localization.

Likewise, the repair module also supports multiple approaches: a systematic mutation-
based search using program synthesis (Brancas et al. 2025), and a fine-tuned LLM. To
the best of our knowledge, our mutation engine is the first application of constraint-
based, syntax-guided mutation to Prolog, enabling the enumeration of non-redundant
mutations. Once a candidate repair is obtained, the differing parts of the programs are
abstracted with question marks, producing hints that highlight where students need to
revise their code.

https://doi.org/10.1017/51471068426100507 Published online by Cambridge University Press


https://doi.org/10.1017/S1471068426100507

PrRODEBUG: An Automated Debugging System for Prolog 3

Student Code

</l

—

Fault
Localizer

Program
Tester

Program
Repair

ge Report 0
Generator

e Student
Program |
Metrics

Fig. 1. System architecture overview.

This paper makes the following contributions:

e An automated fault localization approach for Prolog programs that integrates
spectrum-based, mutation-based and LLM-based approaches;

e An automated repair procedure for Prolog that combines LLM-based patching with
synthesis-driven mutation;

e The first fully automated tool for Prolog that offers both fault localization and
program repair in an educational setting.’

2 System architecture

PRODEBUG is an integrated tool designed to help Prolog students understand and fix
problems in their coding assignments. PRODEBUG was developed as a Prolog extension
for GITSEED (Orvalho et al. 2024), an open-source automated assessment platform.
When students submit their code to a GITLAB repository where GITSEED is activated,
the student’s program is automatically evaluated, and a feedback report is generated and
returned to the student.

Figure 1 shows the overall system architecture of PRODEBUG. When a student’s pro-
gram is submitted, first it is tested against a suite of unit tests @. If the program is
incorrect (i.e., fails some test), it is passed to the fault localizer @ that attempts to find
faults in the submission. Then, the fault report is sent to the program repair module €,
which uses that information to generate a patch to fix at least one of the program’s bugs.
This patch generation can take several attempts, and each attempt is tested against the
test suite for correctness @. Complementary to the main fault localization and repair
modules, PRODEBUG also collects additional program-level metrics and information €.
These include code complexity features such as the average clause length or the number
of clauses per predicate. The information from the fault localizer, repair module, and
evaluation metrics is then collected into a report @@. This report can be customized
by the faculty depending on the overall course design and the exercise’s characteristics.
Finally, the report is returned to the student @ through GITSEED.

1 Available at https://doi.org/10.5281/zenodo.18514417.
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call: [grandparent(alice, carol) ]#0

call: [parent(alice, _A) ] #0
1 parent(alice, bob). ) -
2 parent (bob, carol). exit: [parent(allce, bob) ]
3 grandparent (X, Z) :- parent(X, Y), call: [parent (bob, carol) ] #1
4 parent (Y, Z).

exit: [parent (bob, carol) ]

exit: [grandparent(alice, carol) ]

Fig. 2. On the left of this figure we show a Prolog program, while on the right we show an
execution trace for the query 7?- grandparent(alice, carol). .

3 Fault localization

One of the main features of PRODEBUG is the automatic identification of buggy
Prolog code. We accomplish this through three different fault localization methods:
Spectrumbased Fault Localization (SBFL), Mutation-based Fault Localization (MBFL),
and Large Language Model Fault Localization (LLMFL). Next, we describe each method
in detail.

3.1 Spectrum-based fault localization

SBFL is a widely known approach to finding faults in imperative programming languages
(Wong et al. 2016). Spectrum-based tools collect program execution traces (called pro-
gram spectra) from passing and failing test cases. By comparing which program elements
(e.g., statements) are executed during successful runs versus failed runs, SBFL assigns a
suspiciousness score to each program element.

While spectrum-based methods are not directly applicable to declarative programming
languages, due to the lack of an explicit control flow, we can exploit the mixed execution
model of Prolog. Although Prolog programs have a declarative logical meaning, they are
executed via a procedural mechanism based on unification, search, and backtracking,
which can produce an observable trace.

Some Prolog interpreters, such as SWI-Prolog, have native support for extracting exe-
cution traces. These traces usually contain four types of information: call when a goal
is started, exit when a goal is proved, redo when backtracking happens, and fail when
a goal fails. In Figure 2, we show an example of a Prolog program, the instrumented ver-
sion of that program, and an execution trace for the query ?- grandparent(alice, carol). .
In PRODEBUG, a program element corresponds to a Prolog clause (i.e., a rule or fact).
Suspiciousness scores are thus assigned at the clause level, and spectrum information is
extracted directly from the call and redo events of the trace.

Spectrum-based methods collect information from the execution of several tests. For
each program element, s, four pieces of information are collected: number of tests that
passed and s was executed (e,), number of tests that passed and s was not executed
(np), number of tests that failed and s was executed (ey), and number of tests that failed
and s was not executed (ny). The intuition behind the SBFL method is that program
elements that were disproportionately executed more often in failed test cases are more
likely to be buggy. Crucially, the suspiciousness formulas compare relative execution
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Original clauses:
duplicate([], [1). duplicate([H|T], L2) :- duplicate(T, L1), L2 = (H, H, L1).

Example mutants:

duplicate(_, [1). duplicate([H | T], L2) :- duplicate(T, L1), L2 (H, H, L1).
duplicate([], ). duplicate([H | T], L2) :- duplicate(T, L1), L2 = (H, _, L1).
duplicate([], 1). duplicate([H | T], L2) :- duplicate(T, L1), L2 = [H, H, L1].

Fig. 3. Example of a program composed of two clauses and possible mutants generated by
PRODEBUG for each of those clauses.

frequencies: a clause executed equally often across passing and failing tests receives a low
score regardless of the absolute counts. In our setting, this is further supported by the use
of test suites that include both positive tests (queries that should succeed) and negative
tests (queries that should fail), ensuring that correct clauses are exercised in passing tests
and providing a meaningful baseline for comparison. Several formulas exist for turning
these metrics into a suspiciousness score for each element. PRODEBUG implements some
of the most commonly used ones (Chatterjee et al. 2023): Tarantula, Jaccard, Ochiai,
Barinel, Kulczynski, Op2 and DStar.

3.2 Mutation-based fault localization

Mutation-based Fault Localization (MBFL) is a fault localization approach that leverages
the principles of mutation testing (Moon et al. 2014). Mutation-based tools generate a
set of mutants by applying small syntactic changes to the program under test. These
mutants are then executed against both passing and failing test cases to observe how the
introduced changes affect program behavior. By analyzing which mutants are “killed”
(detected by a test, meaning their behavior differs from the original program) and which
survive, MBFL computes a suspiciousness score for each clause. Clauses whose mutants
are disproportionately killed by failing test cases are considered more likely to contain
the fault (Moon et al. 2014).

A central point of MBFL is generating the program mutants. PRODEBUG accomplishes
this through a logic-based mutation enumeration engine using Satisfiability Modulo
Theories (SMT) (Barrett et al. 2021). This mutation enumeration engine encodes Prolog
Prolog Abstract Syntax Trees (ASTs) as logic formulas and then relaxes parts of those
formulas in order to enumerate mutations (a detailed technical description is provided
in Appendix B). While our approach is based on previous techniques for Answer Set
Programming (ASP) bug repair (Brancas et al. 2025), adapting this method to Prolog
requires addressing several key differences. Unlike ASP, where the order of rules and lit-
erals is irrelevant, Prolog’s execution is sensitive to the order of clauses and body terms.
Furthermore, the two languages differ significantly in operator and negation semantics
(Negation as Failure in Prolog wvs. Stable Model semantics in ASP). PRODEBUG also
accounts for Prolog-specific features such as support for higher-order predicates, which
are not present in ASP. Figure 3 shows some mutants generated by PRODEBUG for the
two clauses of the introduction example program. Like for SBFL, several suspiciousness
formulas exist for MBFL. PRODEBUG implements the two most commonly used ones:
MUSE (Moon et al. 2014) and Metallaxis (Papadakis and Traon 2015).
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3.3 Large language model-based fault localization

The third fault localization method included in PRODEBUG is LLMFL. This approach
takes advantage of LLMs trained on large amounts of data and especially code. Due
to the specific deployment requirements of PRODEBUG (real-time usage in classroom
with possibly few resources), we focus on fine-tuned open-access small LLMs (~4 billion
parameters) in opposition to using closed-access models or very large instruction-tuned
models. Our prompt format, shown in Appendix A, includes a description of the pro-
gram’s desired functionality, a reference implementation provided by the faculty, and the
faulty student submission. The output format consists of a sequence of buggy clauses
identified in the student’s code.

To fine-tune our fault localization models, we used Low-Rank Adaptation (LoRA) (Hu
et al. 2022) and Group Relative Policy Optimization (GRPO) (Shao et al. 2024). LoRA
is a technique that uses rank decomposition matrices to greatly decrease the number of
trainable parameters of a model. This technique has two main advantages: it reduces
GPU VRAM requirements during training and it serves as a model regularizer, reducing
the risk of overfitting. GRPO is an online reinforcement learning method for training
neural networks. In GRPO, the model generates multiple candidate completions for each
training example. A reward is then assigned to each completion using a user-defined
reward function. Instead of optimizing each completion in isolation, GRPO compares
them against one another: the relative advantages between completions are used to guide
updates to the model’s policy, encouraging it to prefer higher-reward outputs. For more
details on GRPO, we refer to the original paper by Shao et al. (2024).

4 Program repair

The second main component of PRODEBUG is the program repair module. Given the
fault localization report, its task is to find a fix for the bugs in the student submission.
This fix can then be reported directly to the student or turned into a hint, depending
on the faculty’s preference. In this section, we describe two program repair approaches:
one based on enumerating program mutations (Subsection 4.1) and another leveraging
LLMs (Subsection 4.2).

4.1 Mutation-based repair

PRODEBUG’s mutation-based repair is based on the MBFL mutation engine introduced
in Subsection 3.2. Figure 4 shows a concrete example of how PRODEBUG enumerates
program mutations. First, the Prolog program (or program section) is parsed and trans-
formed into an AST (shown on the left side of Figure 4). Next, the AST is used to create a
logic formula that represents the program (shown on the right side of Figure 4). By relax-
ing some of the constraints in the formula and using an SMT solver, we can generate new
versions of the program with small differences (i.e., mutations). For instance, relaxing
the constraint n; = 11 would allow the solver to enumerate the terms duplicate(T, L2)
or duplicate(T, H) . PRODEBUG enumerates candidate repairs in increasing order of
complexity: first one mutation, then two mutations, and so on.
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duplicate ([H|IT], L2) :- duplicate(T, L1),
L2 = (H, H, L1).
head :

no = duplicate/2 A

rule

J\ ny= [LI_.] Ango=HA
< T N N el
duplicate/2 duplicate/2 = n3 =T Ang =12
o s ns body :
N7 N N ns = duplicate/2 Aneg= T A
1 L2 T) (L1 L2 Cocyee) nr=11 Ang= = Ang= L2 A
ny n4 ne nr ng nio
\(,—H, \f/_h no= (,o,...) Anipz=HA
H T H H L1 ni2 = H Anjz = L1

naz ns ni1 niz nis

Fig. 4. A buggy Prolog rule, its AST representation, and the SMT encoding for that tree.

Using an SMT-based approach to generate mutations allows us to capture part of
Prolog’s semantics within the logical encoding. This enables PRODEBUG to constrain
the search space by filtering out equivalent or semantically invalid mutations during
enumeration. However, this expressiveness comes at the cost of increased computational
overhead, as SMT-based enumeration typically incurs higher runtime compared to purely
syntactic mutation generation techniques.

Before creating the SMT formula, the AST can be artificially expanded in order to
support more diverse mutations. For example, by adding two empty nodes as children of
ng, we can enumerate the term [T | L1l = (8, H, L1) , which would be impossible oth-
erwise. PRODEBUG automatically completes the AST by adding empty nodes so that
all branches have the same depth and branching factor. Additionally, when the muta-
tion engine is used for program repair, PRODEBUG enables some pruning constraints
that help reduce the amount of equivalent and/or incorrect mutations. Appendix B pro-
vides a complete description of the encoding, including the relaxation mechanism, AST
completion, and pruning constraints.

4.2 Large language model-based repair

Our LLM-based repair approach uses a prompt that contains a short description of the
student’s assignment, a reference implementation created by the faculty, the student’s
incorrect submission and the list of clauses reported by the fault localization module (see
Appendix A). As in the LLM-based fault localization approach, we use small open-access
LLMs to support classroom deployment.

For the repair fine-tuning, we used a combination of Supervised Fine-tuning (SFT)
and GRPO. As introduced in Subsection 3.3, GRPO creates several completions for each
prompt and learns based on the relative rewards attributed to each of those completions.
However, if the initial model performs the desired task very poorly, it can happen for
all the completions to receive very similar rewards (and even all be 0 in extreme cases).
In such cases, the model may learn very slowly or fail to learn altogether. To address
this problem, we performed a short run of classical SFT and then continue training
with GRPO from there. Like for the LLM fault localization approach, we used LoRA to
decrease VRAM requirements during training and to serve as a regularizer.
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5 Evaluation

We focus the evaluation of PRODEBUG on a large set of correct and incorrect Prolog
programs collected in a bachelor’s level logic programming class. Overall, we consid-
ered 1499 instances, each consisting of a buggy and a corrected program. Of these 1499
instances, 229 were collected from short practice exercises with an average of 2.9 clauses
per exercise, while 1270 were collected from the longer final project assignment with an
average of 33.3 clauses. Subsection 5.1 explains in further detail how these instances were
obtained.
In this evaluation, we aim to answer the following research questions:

RQ1 How effective are the different fault localization methods?

RQ2 How do PRODEBUG’s SBFL and MBFL compare with prior tools?
RQ3 How effective is the program repair?

RQ4 What is the impact of fine-tuning?

5.1 Methodology
5.1.1 Dataset

The original set of programs used to create the instances in this evaluation was collected
in a bachelor’s level logic programming class (Brancas et al. 2026). Each data point in
the dataset corresponds to a Git commit containing two versions of a student’s program:
the previous version and the current one. Among all commits, 2495 were identified as
bugfix commits, meaning the new version passed strictly more tests than the previous
one. Of these 2495, we filtered out commits with syntax errors and those where the “fix”
only involved adding a missing predicate that had not been implemented in the previous
version. Such cases were excluded because they do not represent true bug fixes. Students
often build their programs incrementally, implementing new predicates over time. As
such, a missing predicate is typically a feature not yet implemented, rather than an
actual error. After this filtering, we obtained 1499 instances, each consisting of a buggy
and a corrected program.

To evaluate the performance of the different fault localization methods, we need to
establish the ground truth, that is which clauses in a program are faulty. This is chal-
lenging because students might modify clauses that are not relevant to the fix or might
not fix all bugs in the program. Therefore, we only include in the ground truth modified
clauses that are relevant to the newly passed tests. We accomplish this by looking at the
predicates invoked by these newly passed tests and computing their transitive closure
over the program (i.e., all the predicates possibly called by the tests). The ground truth
is then defined as the set of modified clauses that belong to these predicates.

5.1.2 Fault localization evaluation

The SBFL and MBFL approaches return a suspiciousness score for each clauses, where
more suspicious clauses are assigned higher values. When several clauses are assigned the
same suspiciousness, PRODEBUG uses the order they appear in the program to break
ties, with elements that appear later being assigned higher ranks. The motivation for
this is that students usually implement predicates sequentially and test as they go. As
such, bugs are more likely to be present in later parts of the program.
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LLM fault localization methods directly return a ranking of suspicious lines. Lines not
included in the ranking are placed below ranked lines in the inverse order they appear
in the program, similarly to SBFL and MBFL disambiguation.

In the evaluation of the fault localization methods, we present three commonly used
metrics (Maitama et al. 2020):

e MinRank: first position in the ranking with a faulty clause;

e Accuracy@k: percentage of faults in the program that appear in the first k& positions
of the ranking;

e Expense: percentage of the program a developer needs to go through (in the ranking
order) until a fault is found. It is computed as the MinRank divided by the number
of clauses.

5.1.8 Program repair evaluation

We consider a repair candidate correct if it flips at least one test to passing and does not
flip any tests to failing. This follows the typical student use case where they only need a
small hint in order to keep progress moving along. As such, when using mutation-based
repair, the search terminates as soon as a correct repair candidate is found. However,
inferencing several completions in the LLM repair method only takes a little longer than
a single one due to latency, batching and caching. As such, in this method, we generate
several completions and give preference to ones that fix the most bugs in the program.
If there are several tied candidate repairs in the number of tests flipped, we choose
the one that is closest to the original student program. The current implementation of
PRODEBUG’s repair only supports repairing bugs at the clause-level and not term-level.

5.1.4 LLM fine-tuning

In order to fine-tune the LLMs for fault localization and repair, we need a large number
of diverse instances with accurate ground truths. Therefore, we developed a bug inser-
tion tool that can create realistic-looking bugs in correct Prolog programs. This tool
uses a combination of rule-based modifications and the mutation engine introduced in
Subsection 3.2 to insert different bugs in correct programs. Based on the correct sub-
missions from the dataset, we created 10,000 synthetic buggy instances to fine-tune the
LLMs.

5.2 Implementation

PrRODEBUG is implemented in Python and uses the SWI-Prolog dialect and interpreter
through the Machine Query Interface. Parsing of Prolog programs is accomplished
through a custom-built grammar. PRODEBUG uses a modified version of the Trinity
framework (Martins et al. 2019) for the enumeration of mutations for fault localization,
repair and creation of synthetic instances for fine-tuning. Results were obtained within
a 10-minute time limit (wall clock time) and with 60 GB of RAM per instance, which
was strictly enforced through runsolver (Roussel 2011) and runhelper.? We use a time
limit of 10 minutes in this evaluation because we consider it the upper limit of time a

2 https://pypi.org/project /runhelper/
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Table 1. Different evaluation metrics for each fault localization method split among the practice
ezxercises and the project submissions. Acc@k: percentage of faults ranked within the top k
positions (higher is better); Expense: MinRank divided by the total number of clauses, i.e., the
fraction of the program inspected before the first fault is found (lower is better)

Instance type/method MinRank Acc@l Acc@3 Acc@5 Acc@l0 Expense Timeouts

Practice exercises (n=229)

SBFL 1.23 83.57 97.73 - - 48.29 4.4%
MBFL 1.42 70.95 96.19 - - 53.71 5.7%
LLMFL 1.23 84.75 97.01 - - 47.53 0.0%
ProFL SBFL 1.68 58.54 93.01 - - 62.67 7.9%
ProFL MBFL 1.76 50.24  91.63 - - 67.20 7.9%
Project (n=1270)
SBFL 3.33 56.82 63.22 71.35 82.74 10.86 9.1%
MBFL 3.76 45.08  57.58 70.05 85.49 16.05 59.9%
LLMFL 6.32 24.11 41.06 55.77 74.85 19.11 0.0%
ProFL SBFL 3.28 48.67 60.32 70.91 84.21 28.42 90.6%
ProFL MBFL 4.80 34.65 42.74 50.54 78.50 43.96 91.5%

student would accept to wait for automated feedback. Results were obtained on an Intel
Xeon Silver 4210R processor. We employed the Qwen 3 family of models (Team 2025) for
fault localization, and the Qwen 2.5 Coder family (Hui et al. 2024) for program repair.
These model families were selected empirically based on their performance in preliminary
experiments for each respective task. LLMs were fine-tuned on four Nvidia RTX A4000
GPUs, and inference was performed on a single RTX A4000. PRODEBUG’s source code,
data, and logs are publicly available.?

5.3 How effective are the different fault localization methods?

We evaluated the three fault localization methods proposed in Section Section 3 and
present the results in Table 1 under the labels SBFL, MBFL and LLMFL. Of these meth-
ods, the one with the best overall performance when considering both types of instances
is SBFL, achieving 83.6% Accuracy@1 in the Practice Exercises and 56.8% Accuracy@1
in the Project submissions. This technique also has a fairly low percentage of timeouts®
(8.4%), meaning it can provide accurate answers in most instances. The second best per-
forming technique is LLMFL, with a very similar performance in the practice exercises.
However, this approach struggles with the longer context of Project submissions, only
achieving an Accuracy@1 of 24.1%. The LLMFL approach also has the big advantage
of not having any timeouts. Finally, the worst performing approach is MBFL, which is
less accurate across the board. Furthermore, this approach has the drawback of having
to generate and test large amounts of mutants, which scale linearly with the number of

3 https://doi.org/10.5281/zenodo.18514417
4 Timeouts in SBFL result from copying large traces from SWI-Prolog to Python through a socket and
do not represent a fundamental limitation of the approach.
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Table 2. Fault localization performance
across SBFL and MBFL formulas

SBFL formula Acc@1

Tarantula 55.75%
Ochiai 63.70%
Op2 60.96%
Barinel 55.75%
Jaccard 63.57%
DStar 50.31%
Kulczynski 50.57%
MBFL formula Acc@1

Metallaxis 52.87%
MUSE 50.29%

clauses in the program. This is reflected in the much larger percentage of timeouts in the
MBFL approach for the project (59.9%) versus for the practice exercises (5.7%).

Table 2 shows summarized results for the SBFL and MBFL approaches using the
different spectrum formulas implemented in PRODEBUG. The best performing formula
for SBFL is Ochiai, with Jaccard as a close second. For MBFL, the Metallaxis formula
is slightly better than MUSE. Based on these results, PRODEBUG utilizes Ochiai and
Metallaxis as its default formulas.

The most effective fault localization method is the Spectrum-based Fault Localization,
followed by the LLM-based method and then the MBFL. The SBFL method correctly
selects a buggy clause as the most suspicious in 84% of practice exercises and 57% of

project submissions.

5.4 How do PRODEBUG’s SBFL and MBFL compare with prior tools?

Table 1 also includes the results of the SBFL and MBFL approaches implemented
by a previous Prolog fault localization tool, PROFL (Thompson and Sullivan 2020).
Although both PROFL and PRODEBUG implement SBFL and MBFL methods, their
implementations differ substantially. We highlight three key distinctions: (1) PRODEBUG
communicates with Prolog via the Prolog Machine Query Interface, rather than launching
a new Prolog process for each query, (2) PRODEBUG supports a broader range of pro-
gram mutations through its SMT-based mutation engine, and (3) PRODEBUG measures
program coverage directly using Prolog’s tracing capabilities, whereas PROFL estimates
clause coverage indirectly through program mutations. These differences address one of
PRrROFL’s major limitations: its need to enumerate mutations even for the SBFL approach,
combined with launching a fresh process for each mutant, resulting in substantial exe-
cution overhead. Consequently, PROFL exhibits a high rate of timeouts across both
approaches — particularly in the project submissions, where more than 90% of instances
exceed the 10-minute timeout used in our evaluation.
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Table 3. Fvaluation results for PRODEBUG s program repair approaches

Practice exercises (n=229)  Project (n=1270)

Simulated perfect fault localization

Mutation 21.0% 1.7%

LLM w/ 100 completions (default) 81.7% 34.3%

LLM w/ 30 completions 79.0% 26.1%
SBFL fault localization

Mutation 20.2% 0.5%

LLM w/ 100 completions (default) 73.8% 30.9%

LLM w/ 30 completions 69.0% 15.0%

For the instances that finish within the time limit, PRODEBUG’s SBFL approach
outperforms PROFL’s SBFL on the practice exercises (83.6% vs. 58.5% Acc@1), while
both tools show comparable performance on the project submissions (56.8% vs. 48.7%
Acc@1, with PROFL achieving a slightly better MinRank of 3.28 vs. 3.33). However,
PrROFL’s MBFL approach performs consistently worse than PRODEBUG’s MBFL across
all instance types and metrics, likely due to its more limited set of generated mutants.
Notably, PROFL’s MBFL achieves only 50.2% Acc@1 on practice exercises compared
to PRODEBUG’s 70.9%, and 34.7% on project submissions compared to PRODEBUG’s
45.1%.

Overall, PRODEBUG represents a significant advancement in Prolog fault localization,
improving both the accuracy of fault identification and the efficiency of the analysis
compared to previous tools.

5.5 How effective is the program repair?

To evaluate the effectiveness of our program repair methods, we tested them under two
conditions: using a simulated perfect fault localization and using the best-performing fault
localization technique identified in Subsection 5.3. This design allows us to assess both
the idealized repair performance, as well as to quantify the extent to which repair success
is constrained by inaccuracies in fault localization. Table 3 summarizes the outcomes for
the two repair strategies, mutation-based and LLM-based, across these contexts.

Under simulated perfect fault localization, the mutation-based approach has a repair
rate of 21.0% on practice exercises and 1.7% on project submissions. Although relatively
low, these results are consistent with prior work on mutation-based repair for short
declarative programs which achieved a 19% repair rate (Brancas et al. 2025). In contrast,
the LLM-based repair method performs substantially better, reaching 81.7% for practice
exercises and 34.3% for project submissions. As described in Subsubsection 5.1.4, the
LLM repair method samples multiple completions and selects the best candidate among
them. Depending on deployment constraints, the number of completions can be reduced
to improve runtime at a modest cost to repair accuracy. For example, reducing from
100 to 30 completions decreases average repair time from 106s to 77s, while lowering
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Table 4. Summarized results for fine-tuned and non fine-tuned Large Language Models.
The models used for the fault localization were Qwen 8 with sizes 4B, 8B and 14B, while
the models used for repair were Qwen 2.5 Coder with sizes 3B, 7B and 14B

Fault localization Acc@1 Repair rate
Fine-tuned LLM 4B/3B 33.4% 34.2%
Pre-trained LLM 4B/3B 14.2% 14.1%
Pre-trained LLM 8B/7B 6.5% 21.5%
Pre-trained LLM 14B 6.6% 37.9%

repair success by only 2.7 percentage points on exercises and 8.2 percentage points on
projects.

When using the SBFL, repair performance decreases slightly. Mutation-based repair
drops from 21.0% to 20.2% on exercises and from 1.7% to 0.5% on projects. The LLM-
based method also declines, from 81.7% to 73.8% on exercises and from 34.3% to 30.9%
on projects. The reduction is more pronounced for the configuration using only 30 com-
pletions, especially on the project dataset, suggesting that diversity in completions helps
compensate for fault localization errors.

Overall, when using the SBFL localization, the LLM-based repair achieves the best
performance, repairing 73.8% of practice exercises and 30.9% of project submissions.
These results compare favorably with the state of the art in declarative program repair
and suggest that advances in fault localization could further improve repair success.

5.6 What is the impact of fine-tuning?

In this work, we focused our LLM-based approaches on relatively small models with
around 4 billion parameters. To evaluate the limitations of these smaller models and assess
the impact of fine-tuning, we compared our fine-tuned 4B/3B models with larger non—
fine-tuned models from the same families. Table 4 summarizes these results. As shown
in Table 4, fine-tuned models consistently outperform their non—fine-tuned counterparts
of the same size in both fault localization and repair. Moreover, the fine-tuned 4B/3B
models achieve results comparable to or even surpassing those of much larger (8B—14B)
pre-trained models.

Interestingly, the non—fine-tuned Qwen 3 4B model performs substantially better than
its 8B and 14B counterparts. According to the Qwen developers, the 4B version under-
went a longer and more extensive training process than the other two variants, which
likely explains its stronger baseline performance.

Fine-tuning has a significant positive impact on model performance. Our fine-tuned
models (4B for fault localization and 3B for repair) achieve results that match or
exceed those of much larger 14B pre-trained models within their respective families.
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6 Related work

Debugging tools for Prolog. Prolog’s declarative semantics often confuse learners
accustomed to imperative control flow. To address this, researchers have developed
environments that prioritize reasoning about program logic over procedural execution.
GUPU (Neumerkel 1996) provides a sandboxed environment using program slicing and
test-based diagnostics to help students identify logical inconsistencies. Subsequent sys-
tems have focused on automated feedback: PRAM (Mansouri et al. 1998) provides
immediate correctness feedback via test suites, while INCOM (Le and Pinkwart 2011)
uses weighted constraints to model student solutions and offer ranked hints based on
common misconceptions.

Recent research has adapted imperative fault localization techniques to logic program-
ming. PROFL (Thompson and Sullivan 2020) applies spectrum-based and mutation-
based analyses to rank clauses by suspiciousness, while Terminyzer (Liang and Kifer
2013) specifically targets non-termination by analyzing recursive call chains. While effec-
tive at localization, these frameworks lack automated repair capabilities or machine
learning-driven reasoning.

LLM-augmented debugging and repair. Recent research integrates LLMs with tra-
ditional debugging and repair methods. In declarative domains, FORMHE (Brancas et al.
2025) combines logic-based fault localization, similarity metrics, program synthesis, and
LLM reasoning to locate and repair faults in ASP programs. Both systems share the
same SMT-based mutation approach and overall design philosophy of pairing logic-based
analysis with LLM reasoning, though each system’s mutation engine is adapted to its
target language’s syntax and semantics. However, they diverge in two key respects. For
fault localization, FORMHE exploits ASP’s stable model semantics to identify minimal
sets of rules responsible for a test failure, a technique with no counterpart in Prolog’s
procedural model; PRODEBUG instead introduces a novel SBFL engine based on Prolog’s
native tracing APIs. For LLM reasoning, FORMHE fine-tunes models as classifiers, while
PRODEBUG uses generative LLMs trained with GRPO, and is evaluated at a substantially
larger scale (1499 submissions vs. 115). In a related direction, CODEHINTER (Kurniawan
et al. 2025) demonstrates that LLM-assisted feedback can improve debugging comprehen-
sion and learner confidence in introductory programming settings. These studies indicate
that combining analytical debugging signals with LLM-generated insights yields more
interpretable and actionable feedback.

PRODEBUG extends this trajectory to Prolog, unifying spectrum-based, mutation-
based, and LLM-based reasoning to automatically localize and repair student faults. To
our knowledge, PRODEBUG is the first tool to bridge traditional Prolog debugging with
modern LLM repair methods.

7 Conclusion

This paper introduces PRODEBUG, an automated Prolog debugging system that com-
bines spectrum-based, mutation-based, and LLM-based reasoning for fault localization
and repair. Our evaluation on 1499 student submissions demonstrates that PRODEBUG
effectively addresses the challenge of providing automated debugging in declarative
programming education.
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Key results show that Spectrum-based Fault Localization (SBFL) achieved the high-
est localization accuracy, identifying buggy clauses in 80% of practice exercises and 55%
of project submissions. For program repair, fine-tuned LLMs significantly outperformed
mutation-based methods, reaching a 74% success rate on practice exercises. These find-
ings suggest that integrating logic-based analysis with generative reasoning provides a
flexible debugging system suitable for classroom deployment. Future work will focus on
multi-turn student interactions and leveraging term-level localization to further refine
automated repairs.

Supplementary material

To view supplementary material for this article, please visit https://doi.org/10.1017/
S1471068426100507
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