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Abstract. Debugging and repairing faults when programs fail to for-
mally verify can be complex and time-consuming. Automated Program
Repair (APR) can ease this burden by automatically identifying and fix-
ing faults. However, traditional APR techniques often rely on test suites
for validation, but these may not capture all possible scenarios. In con-
trast, formal specifications provide strong correctness criteria, enabling
more effective automated repair.
In this paper, we present an APR tool for Dafny, a verification-aware
programming language that uses formal specifications— including pre-
conditions, post-conditions, and invariants —as oracles for fault local-
ization and repair. Assuming the correctness of the specifications and
focusing on arithmetic bugs, we localize faults through a series of steps,
which include using Hoare logic to determine the state of each state-
ment within the program, and applying Large Language Models (LLMs)
to synthesize candidate fixes. The models considered are GPT-4o mini,
Llama 3, Mistral 7B, and Llemma 7B.
We evaluate our approach using DafnyBench, a benchmark of real-world
Dafny programs. Our tool achieves 89.7% fault localization success rate
and GPT-4o mini yields the highest repair success rate of 74.18%. These
results highlight the potential of combining formal reasoning with LLM-
based program synthesis for automated program repair.

Keywords: Automated Program Repair · Fault Localization · Large
Language Models (LLMs) · Dafny

1 Introduction

Software is essential in daily life, impacting communication, transportation,
healthcare, and more. Despite careful development, bugs can cause unexpected
behaviour or system failures, making their identification and repair both critical
and time-consuming. Automated program repair (APR) [15] aims to automat-
ically identify bugs and generate fixes without direct human intervention, thus
improving the efficiency of software development. However, APR methods often
rely on weak correctness criteria, such as tests, which do not guarantee overall
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program correctness— a limitation that is particularly problematic in critical
systems.

Contract programming [13] improves software correctness by using formal
specifications to define expected program behaviour through pre-conditions,
post-conditions, and invariants. While effective, contract programming can be
complex and resource-intensive, and manual proofs are often required for suc-
cessful verification. Verification-aware languages, such as Dafny [10], support
contract programming and formal verification, enabling the detection of pro-
grams that do not satisfy their specifications. However, repairing programs when
verification fails remains challenging. APR is therefore valuable in this context,
especially given the availability of specifications that precisely define expected
behaviour and provide strong correctness criteria for repair.

In this paper, we present an APR tool for Dafny that uses formal speci-
fications as the oracle for repair. This process involves localizing faults using
Hoare logic rules, and generating fix candidates using a Large Language Model
(LLM) [19]. The candidates are then verified against the Dafny specification to
determine if they repair the program. Our main contributions are:

– We propose an APR technique for Dafny that uses formal specifications as
the oracle, eliminating reliance on test suites;

– We integrate fault localization based on Hoare logic with patch synthesis
guided by LLMs;

– We implement a repair tool and evaluate it on DafnyBench, achieving 89.7%
fault localization success rate and 74.18% repair success using GPT-4o mini;

– We provide a comparative analysis of GPT-4o mini1, Llama 32, Mistral 7B3,
and Llemma 7B4, and their performance in formal verification-driven repair.

The remainder of this paper presents the necessary background, our ap-
proach, and the obtained results. Our tool is available at https://github.com/
VeriFixer/APRepair-of-Arithmetic-Programs-in-Dafny-using-LLMs.

2 Background

This section provides the necessary background on Dafny, Hoare logic, and
LLMs, which underpin the proposed approach.

The Dafny Language and Verifier. Dafny [11] is a programming language
designed for formal software verification, using constructs for program specifica-
tions that define expected behaviour and allow mathematical proof of consistency
between specifications and implementations.

1 https://platform.openai.com/docs/models/gpt-4o-mini.
2 https://huggingface.co/meta-llama/Meta-Llama-3-8B
3 https://huggingface.co/mistralai/Mistral-7B-v0.1
4 https://huggingface.co/EleutherAI/llemma_7b

https://github.com/VeriFixer/APRepair-of-Arithmetic-Programs-in-Dafny-using-LLMs
https://github.com/VeriFixer/APRepair-of-Arithmetic-Programs-in-Dafny-using-LLMs
https://platform.openai.com/docs/models/gpt-4o-mini.
https://huggingface.co/meta-llama/Meta-Llama-3-8B
https://huggingface.co/mistralai/Mistral-7B-v0.1
https://huggingface.co/EleutherAI/llemma_7b
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The Dafny verifier relies on Boogie, an intermediate verification language,
and Z3 [16], a powerful theorem prover. Dafny code is first translated into Boo-
gie, generating first-order verification conditions that Z3 validates. If valid, the
program is confirmed as verified; if not, a counterexample is produced, leading
to error messages that pinpoint issues in the code.

Dafny employs pre-conditions (requires) and post-conditions (ensures) to de-
fine specifications. Loop invariants (invariant) ensure conditions hold during
iterations, while class invariants maintain object consistency at method entry
and exit points. Dafny also supports ghost entities, which are used solely for
verification. These constructs are exemplified in Listing 1.1.

Listing 1.1. Example of a Dafny Method with Annotations

1 method example(n: int) returns (i : int)
2 requires n >= 0 // property of the input, verified for each call
3 ensures i == n // property of the output
4 {
5 i := 0; // variable assignment
6 while i < n
7 invariant 0 <= i <= n // property that holds before and after each

iteration of the loop
8 {
9 i := i + 1; // simple statement

10 } // at this point, the post-condition is verified be true
11 }

Hoare Logic. Hoare logic [5] is a formal system with a set of logical rules used to
reason about the correctness of computer programs. It employs deductive reason-
ing to prove properties of programs using Hoare Triples, denoted as {P}Q {R},
where P represents pre-conditions, Q is a sequence of program statements, and
R represents post-conditions. This syntax means that if P holds before executing
Q, R will hold afterwards, if Q terminates.

The reasoning for Hoare logic rules involves verifying post-conditions for
assignments, sequencing statements, and evaluating both branches in condition-
als. For reasoning about loops (while B do S), correctness requires invariants,
I, that act as both pre-conditions and post-conditions, where three assertions
must be true: initialization — the invariant must hold before the first iteration
(P → I); maintenance — if the invariant holds and the loop condition is true,
executing the loop body must preserve the invariant ({I ∧ B}S {I}); and ter-
mination — when the loop exits (B is false), the post-condition R must hold
((I ∧ ¬B) → R).

LLMs for Code Synthesis. LLMs are based on transformer architectures and
use deep learning to perform a range of natural language processing tasks, such as
text understanding, translation, and content generation. LLMs generate outputs
by analyzing extensive text data through an attention mechanism emphasizing
relevant input features.
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Working with LLMs primarily involves two main approaches: fine-tuning and
prompting [34]. Fine-tuning involves initial pre-training on unlabeled data fol-
lowed by their adaptation to specific labelled data to improve performance in
particular domains. In the prompting approach, models use examples and task
descriptions to enhance accuracy, using techniques like zero-shot prompting,
where no examples are provided, or few-shot prompting, where a small num-
ber of examples are given. In this paper, we only use prompting.

3 Related Work

This section reviews prior work in APR, fault localization, and using formal
specifications and LLMs for program synthesis.

Automated Program Repair. Automated Program Repair aims to enhance
software development by automatically fixing program bugs [8,9], significantly
reducing the time and effort required to debug and test software. The process
involves identifying failure causes, generating patch candidates, and evaluating
modifications to ensure the program passes all tests without introducing new
bugs. Key steps include taking a buggy program and a test suite, locating the
bug, generating potential patches, and validating them against the test suite.

Three main approaches to APR [8] are:

– Heuristic Repair: This employs a generate-and-test approach where patch
candidates are created and validated based on the number of passing tests.
Genetic Program Repair (GenProg) [7] is a notable example that uses a
fitness function to evaluate program variants;

– Constraint-based Repair: This approach constructs repair constraints
that the patch must satisfy. Semfix [20] is an example tool that, using sym-
bolic execution, constraint solving, and program synthesis to generate re-
pairs, modifies faulty statements until the program passes all defined tests;

– Learning-based Repair: This method uses machine learning models trained
on large datasets to generate patches automatically. The focus is often on
producing realistic repairs that align with the structure and style of existing
code [33].

Advanced Fault Localization Techniques. Traditional fault localization
approaches [31] include, among others, spectrum-based methods [2,30], which
correlate concrete execution traces with test outcomes, and mutation-based lo-
calization, which assess the effect of minor code changes on program behaviour.
However, these approaches rely heavily on dynamic execution data.

In contrast, static analysis techniques provide a way to localize faults without
executing the code. One common static technique is slicing, which tries to remove
lines irrelevant to the fault [31]. We employ a static fault localization approach
based on Hoare logic, using entailments between pre- and post-conditions to
identify likely buggy statements, taking advantage of logic and the specification
information available.
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Contract-Based APR. Traditional APR techniques often rely on test suites
as the primary correctness oracle. While practical and widely adopted, this ap-
proach faces significant limitations. One major drawback is the inherent incom-
pleteness of test suites, which may fail to fully capture a program’s intended
behaviour. As a result, APR methods that generate and validate patches against
the same limited test set risk producing overfitting patches — fixes that pass all
available tests but are semantically incorrect or incomplete [27]. This overfit-
ting problem undermines the reliability of such patches, especially when the test
coverage is low or the test inputs are unrepresentative of real-world usage.

In contrast, formal verification offers a more robust alternative by provid-
ing mathematical correctness guarantees concerning explicitly defined specifica-
tions [17]. Rather than relying on examples, formal methods use logical reasoning
to prove that a program adheres to its pre- and post-conditions. This approach
can verify not just the absence of specific bugs but the correctness of entire
classes of behaviours. However, the effectiveness of formal verification is contin-
gent on the quality of the specifications themselves. Crafting specifications is a
complex task that demands expertise and introduces its own potential for errors.

Several studies have proposed contract-based APR. Notably, previous work
by Nguyen et al. [21] introduced a method that uses Hoare logic and program
specifications to localize faults. Their approach involves computing the state at
each program point via Hoare rules, generating logical entailments that must
hold for the specification to be satisfied. Violated entailments indicate faulty
code, which is then patched using linear expression templates with unknown
coefficients. The system of constraints derived from the failed entailments is
solved to infer the values of these coefficients, producing candidate repairs.

Other contract-driven APR approaches vary in bug localization techniques
but similarly depend on specifications as oracles [6,23,29], highlighting the utility
of contracts in improving fault localization precision [23]. Furthermore, contract
repair studies such as [1,22] focus on fixing the specification itself rather than the
code. These methods generate tests dynamically to observe program behaviour,
identify contract violations, and synthesize fixes by strengthening or weakening
contract clauses to better align with observed behaviour.

Our approach assumes that the specification is correct and uses it as a reliable
oracle for both fault localization and repair. We focus specifically on arithmetic
bugs and use formal reasoning alongside LLMs to synthesize verified patches, fur-
ther extending the applicability of contract-aware APR methods in verification-
aware languages like Dafny.

LLM Usage. Recent advances in LLMs, such as Codex, GPT-4, and Llama,
have shown strong results in program repair, focusing on prompt engineer-
ing [32,25]. Tools like AlphaRepair [33] and CodeBERT [4] use trained models to
predict fixes given buggy code. While these tools often lack formal guarantees,
they demonstrate strong generalization in real-world settings.

Our work integrates LLMs into a formally grounded repair pipeline, where
generated patches are only accepted if they pass formal verification. This hybrid
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approach combines the generative power of LLMs with the rigour of formal
methods, producing both expressive and correct repairs.

Recent research has explored the application of LLMs to formal verification
tasks as well, including work specific to the Dafny programming language. LLMs
have been used to generate complete Dafny programs [14,28], to synthesize loop
invariants and assertions to support program correctness [12,18], and to produce
auxiliary lemmas that assist verification when Dafny’s built-in verifier encounters
complex reasoning challenges [26]. The use of ChatGPT by students to solve
formal verification exercises in Dafny has also been studied [3]. These works
demonstrate the growing role of LLMs in enhancing developer productivity in
verification-aware environments.

4 Approach

Our approach to repairing arithmetic bugs in Dafny programs uses formal spec-
ifications as correctness oracles and LLMs for patch generation, as illustrated
in Figure 1. We assume that each program contains a single bug and that the
formal specification is correct. Our approach consists of three main phases:

1. Fault localization using formal reasoning;
2. Patch generation using LLMs;
3. Patch validation using the Dafny verifier.

Input

Buggy Program

Specification

Fault Localization

Hoare Calculations Lemma Construction Z3 Verification

Suspicious Lines

Patch Generation and Validation

Prompt Generation LLM Candidate Fix

Fix Insertion in Code

Patch Validation

Iterate Lines

Save Patch Failure     Success

Three
Attempts

After Failed
Attempts

Verified Patches

Fig. 1. Overview of the Solution Pipeline

The tool receives a buggy Dafny program and its corresponding specification.
It first identifies a ranked list of suspicious lines using static analysis. For each
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suspicious line, it then queries an LLM to generate candidate fixes. Each candi-
date is inserted into the program and checked by the verifier. If verification fails,
the model is queried again (up to three times per line). The process terminates
when a verified patch is found or all options are exhausted.

4.1 Fault Localization using Hoare Logic

To identify the location of arithmetic bugs in Dafny programs, we employ a static
analysis technique inspired by the method of Nguyen et al. [21]. Our approach
relies on formal specifications provided by the developer and uses Hoare logic to
analyze how each statement transforms the program state. The goal is to identify
violations of expected logical entailments between pre- and post-conditions.

At each key control point — such as return statements and loop boundaries—
we compute the expected post-state using Hoare rules. We then check whether
the inferred program state implies the formal specification. If the entailment
fails, the associated statement is marked as suspicious. This process allows us to
isolate potentially buggy lines without executing the program.

To automate this reasoning, we translate each entailment into a Dafny lemma,
where the left-hand side of the entailment becomes the requires clause and the
right-hand side becomes the ensures clause. These lemmas are then submitted
to the Dafny verifier, which confirms or rejects them.

Listing 1.2. Hoare Logic Rules for Dafny Statements in a Buggy abs Implementation

1 method abs(x: int) returns (res: int)
2 ensures x >= 0 ==> res == x
3 ensures x < 0 ==> res == -x
4 {
5 if (x >= 0) {
6 // x >= 0
7 return x;
8 // x >= 0 && res == x (final state)
9 // proving post-conditions:

10 // (x >= 0 && res == x) ==> (x >= 0 ==> res == x)
11 // (x >= 0 && res == x) ==> (x < 0 ==> res == -x)
12 } else {
13 // x < 0
14 return x*1;
15 // x < 0 && res == x*1 (final state)
16 // proving post-conditions:
17 // (x < 0 && res == x*1) ==> (x >= 0 ==> res == x)
18 // (x < 0 && res == x*1) ==> (x < 0 ==> res == -x)
19 }
20 }

We illustrate this process in the comments of Listing 1.2, which involves an
if-then-else construct for computing the absolute value of an integer (in this
case, incorrectly). Entailment checks at each return point reveal whether the



8 V. Wu et al.

final state aligns with the specification. It is important to note that the post-
condition does not necessarily include a definition of the final state as a function
of the input, as in the example. If any entailment fails, the corresponding code
block is flagged. Thus, our tool marks line 14 in the example as a suspicious line,
as the implication in line 18 does not hold. Note that we only use Hoare logic
rules to reason about the program, thus not relying on symbolic execution.

Using Dafny’s verifier directly offers several advantages: it eliminates the
need to encode SMT queries manually, avoids duplication of verification logic,
and uses native support for Dafny-specific constructs such as sequences and
mathematical expressions. However, when translating variable states, we must
take care to ensure consistency with the verifier’s internal representation.

This formal fault localization step outputs a ranked list of suspicious lines,
which are then passed to the patch generation phase.

4.2 Patch Generation and Validation

We generate prompts for each suspicious line, which include the program’s con-
text and specification. These prompts are passed to an LLM to produce candi-
date repairs. We evaluate four models: GPT-4o mini, via API, and local versions
of Llama 3, Mistral 7B, and Llemma 7B. To repair Listing 1.2, we mark line 14
as buggy and ask the LLM for a fix. In Listing 1.3, we provide a snippet of an
answer from Llama 3 that indicated a correct patch: return -x;.

Listing 1.3. Example Snippet of a Llama 3 Model’s Answer

1 "id": "chatcmpl-kvpfrxxhl3hmnbyzd4skm",
2 "choices": [{
3 "index": 0,
4 "message": { "content": "return -x;" },
5 }]

Our selection of LLMs was based on availability, code generation capability,
and mathematical reasoning relevance. GPT-4o mini was chosen for its prior
performance in some Dafny-related tasks [24], while Llama 3 and Mistral 7B
were selected for their recent release and code synthesis capabilities. Llemma 7B
was included for its specialization in mathematical tasks, aligning with formal
verification needs.

After the patch generation, we directly insert it into the source code for vali-
dation using the Dafny verifier. During the validation, three things can happen:

– Successful verification: which means that all specifications hold. In this
case, we save the patch in a list of validated patches and continue iterating
over the suspicious lines;

– Failed verification: this can be broken into the following two cases.
• Less than Three Attempts: In this case, we return to prompt generation

to attempt to obtain a better answer from the LLM;
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• Third Attempt : As a limit, we query each line at most three times per
model. If verification fails on the third attempt, we skip the suspicious
line and continue iterating over the remaining lines.

At the end of the iteration, we should have a list of valid patches. If this list
is empty, then we deem the fault unable to be fixed. For our example, Listing 1.3
provided a patch that Dafny verifies, hence it is part of the output list of patches.

5 Implementation

Our solution is implemented in C# and extends the Dafny framework. The tool
uses Dafny’s existing abstract syntax tree (AST) and built-in verifier to perform
fault localization and automated program repair. The core implementation is
structured around two main components: FaultLocalization and Repair.

5.1 Fault Localization

The FaultLocalization component analyzes failed program members by com-
puting the logical state at each statement. Based on Hoare logic rules, it con-
structs entailments that represent the expected relationship between the pre-
and post-states. These entailments are encoded as Dafny lemmas and verified
using the built-in Z3-based verifier.

Each program statement is represented by a StatementContext, which tracks
a list of StateCondition instances — logical expressions capturing the evolving
program state. A failed entailment causes its StateCondition to be marked as
unverified. If any condition associated with a statement fails verification (exclud-
ing known valid pre-conditions), the statement is flagged as suspicious.

Different Dafny statement types are mapped to Hoare rules to support this,
as shown in the comments in Listing 1.2. For example, IfStmt branches create
distinct states for true and false conditions, WhileStmt requires verification of
initialization, maintenance, and termination entailments, and UpdateStmt tracks
variable changes across assignments.

5.2 Repair

Once suspicious lines are identified through fault localization, we attempt to
repair them using LLMs via prompt-based generation. Because the models we
use are not explicitly trained on Dafny, prompt engineering is essential to guide
the models toward generating correct and syntactically valid fixes.

We iterate through the list of suspicious lines and, for each one, we send
a carefully constructed prompt to the LLM. The prompt includes the method
context and highlights the buggy line with a //buggy line comment. The model
is asked to return only the corrected version of that line. Each generated fix
is inserted into the original program and verified using the Dafny verifier. As
mentioned before, if the program fails verification, the model is queried again,
up to three times per line. If no attempt succeeds, the repair process moves to
the following suspicious line.
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Prompt Design. The content of the prompt is crucial for obtaining a high-
quality response from the model [34]. We structured the prompt as follows:

1. Role Designation: Defines the model’s role with the instruction: “You are a
software expert specializing in formal methods using the Dafny programming
language”;

2. Context Description: Provides the context and background to the model:
“You receive the following program, where a verifier error message indicates
an issue. The error is due to a buggy line marked with the comment ‘//buggy
line.’ ”;

3. Task Description: States the objective for the model: “Your task is to
correct the buggy line to ensure the program verifies successfully.”;

4. Buggy Line: Presents the code with the buggy line marked to inform the
model that the bug is in this specific method and line;

5. Ask for Output: Requests the model to complete the correction by pro-
viding the fixed line: “\n fixed line: \n”.

We use two distinct roles: the system role and the user role. The system role
outlines the model’s context, specifying that we want it to act as a software
expert in formal verification. The user role, on the other hand, involves defining
the queries we pose to the model. In our case, we expect the model to return a
corrected line of Dafny code. Listing 1.4 illustrates the first prompt created.

We conducted several initial experiments with multiple prompt formats using
LM Studio with the model Mistral 7B. We discovered several challenges:

– Outputs often included excessive explanation or justification;
– Models sometimes returned full methods or wrapped results in inconsistent

formats (e.g., using triple backticks, quotes, or language annotations like
“c”);

– Occasionally, models returned syntax-incompatible or misaligned sugges-
tions.

Listing 1.4. First Prompt for the LLM

1 { role: system,
2 content: "You are a software expert specializing in formal

methods using the Dafny programming language. You receive the
following program where a verifier error message indicates an
issue. The error is due to a buggy line, which is marked with
the comment ’//buggy line’.

3 Your task is to correct the buggy line to ensure the program
verifies successfully.

4 Here is the code: "
5 },{ role: user,
6 content: code + "\nfixed line: \n"
7 } # code is the original code marked with a buggy line
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After these experiments, we evolved the prompt until we reached a clean
output with the desired content. Therefore, as shown in Listing 1.5, we revised
the final prompt to explicitly instruct the model not to include justifications and
to return only the fixed line. This configuration yielded consistent and usable
results, particularly with the Mistral 7B model running locally. To further control
cost and runtime, we capped the token output to 30, which is sufficient for our
purposes. It should be noted, however, that for complex Dafny programs, the
model may struggle to produce a fix and might instead provide explanations of
how the code could be modified.

Listing 1.5. Final Prompt for the LLM

1 { role: system,
2 content: "You are a software expert specializing in formal

methods using the Dafny programming language. You receive the
following program where a verifier error message indicates an
issue. The error is due to a buggy line, which is marked with
the comment ’//buggy line’.

3 Your task is to correct the buggy line to ensure the program
verifies successfully.

4 Do not include explanations.
5 Return only the fixed line.
6 Here is the code: "
7 },{ role: user,
8 content: \changed{code} + "\nfixed line: \n"
9 }

Tool Execution. We implemented our APR tool in C# and integrated it with
the Dafny verifier. The tool is available on GitHub. The tool supports both
API-based and locally-hosted LLMs. Local models (Llama 3, Mistral 7B, and
Llemma 7B) are managed using LM Studio, while GPT-4o mini is accessed via
the OpenAI .NET API.

The repair process begins by passing a Dafny program as an argument. If the
verifier detects specification violations, the tool triggers our APR components,
which perform fault localization, generate prompts for the LLM, and apply can-
didate fixes. Verification is re-run after each patch attempt. If successful, the
tool outputs the corrected line.

If a valid fix is found, the tool prints the line number and the suggested
patch, enabling potential integration with IDE plugins like Visual Studio Code.

6 Evaluation

In this section, we evaluate the effectiveness of our tool in correctly identify-
ing buggy lines in Dafny programs and generating valid repairs using LLMs.
We assess the fault localization and repair success rates across multiple LLMs,

https://github.com/VeriFixer/APRepair-of-Arithmetic-Programs-in-Dafny-using-LLMs
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using code annotated with specification-based hints to guide patch generation.
Additionally, we describe how bugs were systematically introduced, via operator
mutations, into the DafnyBench [12] dataset to create test cases.

All experiments were conducted on a machine running Windows 10 with an
Intel Core i7-8565U CPU @ 1.80GHz (up to 1.99GHz) and 16 GB of RAM. The
complete source code, configuration files, and instructions for reproducing the
results are available in the project’s repository.

6.1 Dataset

We base our evaluation on DafnyBench [12], a benchmark suite consisting of over
750 Dafny programs curated for the purpose of formal software analysis. Dafny-
Bench includes real-world programs and formally annotated examples drawn
from multiple sources, making it a robust basis for evaluating fault localization
and automated repair in verification-aware settings. The benchmark comprises
two main subsets:

– ground_truth: This folder contains original Dafny programs collected from
GitHub using the label language: Dafny via the GitHub API, with data
gathered up to the end of 2023. It also incorporates examples from Clover [28]
and dafny-synthesis [14] benchmarks;

– hints_removed: This subset is derived from the ground_truth programs
but has key verification hints (e.g., loop invariants, assertions) intentionally
removed, while preserving the contracts. The original goal was to evaluate
the ability of LLMs to regenerate these missing components using prompt-
based synthesis. In our work, we repurpose these simplified or degraded
programs to introduce arithmetic bugs and evaluate the robustness of our
repair pipeline.

We began by filtering DafnyBench programs to identify those that passed
verification, ensuring a reliable base for controlled mutation. Arithmetic expres-
sions were then located and systematically mutated to introduce faults. Given
that our work is focused on arithmetic bugs, we employed the following four
mutation strategies:

– Operator Replacement: swapping + and -, * and /, or % and /;
– Coefficient Modification: replacing numeric constants c with a random value

in the range [−c,+c];
– Variable Reordering: shuffling the order of variables in expressions;
– Combined Mutation: applying a combination of the above.

Each mutation was intended to introduce verification-breaking changes with-
out causing syntax errors. We marked the mutated lines with a //buggy line
comment to support evaluation and prompt construction.

The resulting dataset was organized into the following groups:

– Original_Code: The 782 unmodified DafnyBench programs;

https://github.com/VeriFixer/APRepair-of-Arithmetic-Programs-in-Dafny-using-LLMs
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– Correct_Code: A subset of programs from Original_Code that passed ver-
ification, comprising 776 from ground_truth and 230 from hints_removed;

– Bugs_Code: Contains mutated programs, resulting in 2657 mutations based
on the ground_truth programs, and 477 based on the hints_removed.
Those were divided into:
• Hints: Mutated files annotated with //buggy line;
• Mutations: Clean versions of the same programs without annotations,

used in automated experiments.

6.2 Results and Discussion

We evaluate our tool’s performance on our mutated datasets derived from Dafny-
Bench: hints_removed, which consists of simplified programs with hints re-
moved, and ground_truth, which includes more complex and formally anno-
tated Dafny programs. This separation allows us to assess how the complexity
of the code affects both fault localization and automated repair using LLMs.

We evaluate the approach using the following metrics:

– Repair Success Rate: percentage of programs that were correctly repaired,
i.e., passed Dafny verification after patching;

– Repair Accuracy: percentage of valid patches that modified the faulty line;
– Model Efficiency: average number of attempts per successful repair.

Our static localization approach performs well, with most fixes taking just
one attempt to fix a line, as can be seen in Table 1. This shows the effectiveness
of Hoare logic-based analysis for identifying arithmetic bugs. Considering the
results for both datasets, the list of suspicious buggy lines produced by our fault
localization approach successfully contains the original buggy line in 89.7% of
the programs considered.

Table 1. Number of Repair Attempts Needed to Fix the Programs

Dataset 1 Attempt 2 Attempts 3 Attempts
hints_removed 81.09% (596) 12.93% (95) 5.99% (44)
ground_truth 77.40% (3472) 15.43% (692) 7.18% (322)

GPT-4o mini significantly outperformed other models, successfully repairing
over 70% of programs in both datasets, as shown in Table 2. Llemma 7B under-
performed, likely due to its limited training scope and capacity. GPT-4o mini
not only achieves the highest success rate but also does so with fewer attempts
per success, making it the most efficient option.

In 95.33% of successful repairs (averaged across all models), the modification
occurred on a line marked as suspicious by the fault localization module, with
GPT-4o mini achieving an average of 97.05%. This validates the synergy between
formal fault localization and LLM-based synthesis.
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Table 2. Repair Success Rate and Efficiency by Model for all 447 and 2657
hints_removed and ground_truth Mutations

Model hints_removed ground_truth Avg. Attempts / Success
GPT-4o mini 71.59% (320) 74.71% (1985) 1.14

Llama 3 46.09% (206) 47.27% (1256) 1.47
Mistral 7B 42.73% (191) 46.41% (1233) 1.34
Llemma 7B 4.03% (18) 0.49% (13) 1.58

Evaluation on hints_removed. Out of 782 programs, 230 were verified suc-
cessfully and were mutated to produce 447 buggy programs. Of the remaining
programs, 486 failed verification for various reasons, most commonly unprovable
post-conditions (359 cases), while 66 encountered other issues, such as syntax
errors or exceeding the 20-second verification time limit.

Our tool successfully identified the correct buggy line in 397 out of 447 pro-
grams (88.8%). Failures (50 cases) were caused mainly by incorrect parsing of
output (e.g., string representations like [’37\n37’] instead of [37]) and en-
tailment mismatches in programs with successive updates to the same variable,
where the entailment fails but points to a subsequent update line. As an exam-
ple, let us consider a program that contains the statements s:=1+2; s:=s+1,
where the buggy line is s:=1+2 and the correct version is s:=1+1. The state con-
dition that involves the entailment is s==1+2+1, referencing the statement s:=
s+1. Therefore, when the entailment fails, the program will only identify the
statement s:=s+1 as failed. In a repair context, this can be fixed if the model
returns s:=s or s:=s+1-1, but, in this situation, the patch is not the same as
the original.

On average, about 50% of lines were flagged as suspicious. For many pro-
grams, all lines were flagged, especially those with simple sequential statements
or minimal specifications. This is aligned with how our fault localization identi-
fies code blocks rather than fine-grained lines (e.g., entire else branches).

GPT-4o mini performed the best in fixing buggy programs, followed by Llama
3 and Mistral 7B. Llemma 7B lagged significantly. The majority of successful
repairs occurred on the first attempt, validating our prompt strategy. Llama and
Mistral also produced patches closely resembling the original correct lines.

Evaluation on ground_truth. Of the 782 programs, 776 were verified. After
excluding the 230 shared with hints_removed, we introduced arithmetic bugs
into 546 remaining programs, yielding 2657 buggy variants.

Correct buggy lines were identified in 2387 out of 2657 cases (89.8%). The
270 failures stemmed from more nuanced issues:

– Termination Reasoning Gaps: Programs with while loops that fail due to
“cannot prove termination” or “decreases expression might not decrease” can-
not be correctly analyzed using our partial correctness rules. The correspond-
ing lemmas do not represent the full behaviour of decreasing expressions,
leading to missed bug identification;
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– Incorrect Lemma Validation: Some invalid entailments are incorrectly ver-
ified due to limitations in how we encode lemmas, allowing buggy lines to
appear correct;

– Timeouts: Lemma checks exceeding the 20-second verifier limit are consid-
ered failed;

– Unsupported Constructs: Programs containing unsupported statements or
ghost variables could not be thoroughly analyzed;

– Incorrect Lemma Sorting: When there are more than 10 entailments (named
check_N), lexicographical sorting (e.g., check_10 before check_2) causes
incorrect lemma-to-entailment associations. This prevents accurate mapping
of failures to code statements. Sorting by numeric index would resolve this,
but it was not implemented.

The average coverage of suspicious lines in ground_truth was about 70%,
with fewer fully-flagged methods (23.82%) than in hints_removed, indicating
improved precision in more complex programs. Programs with 100% flagged lines
tended to be shorter (5 to 6 lines).

Results mirrored those of hints_removed. Again, GPT-4o mini outperformed
all other models. First-attempt repairs succeeded in 66.15% of cases. Of the suc-
cessful patches, 91.34% modified the correct line and 80.78% exactly matched
the original correct line.

Combined Insights. By synthesizing results across both datasets, we derive
the following key insights:

– Model Repair Effectiveness: The success rates of GPT-4o mini, Llama 3,
and Mistral 7B remain consistent across datasets, with GPT-4o mini achiev-
ing the highest repair rate;

– Repair Despite Incomplete Localization: In some cases, the correct fix
was generated even when the buggy line was not flagged by fault localization.
This demonstrates the generative flexibility of LLMs;

– Prompt Efficiency: Most repairs succeeded on the first attempt, confirm-
ing the effectiveness of our prompt design. Low success rates in the second
and third attempts highlight cases where the model repeatedly proposed the
same incorrect patch.

Limitations. Despite promising results, several limitations remain:

– Specification correctness: Our method assumes that the formal specifica-
tion is correct, not necessarily having all the assertions and invariants needed
for Dafny to prove it. Bugs can also reside in the specification, but repairing
or suggesting improvements to specs is outside the scope of this work;

– Bug scope: We focused exclusively on arithmetic errors. Our approach does
not yet support other error classes (e.g., control flow, heap misuse);

– Model hallucination and noise: While in many cases LLMs generated
high-quality patches, they occasionally introduced irrelevant changes or pro-
duced code with syntactic errors. We mitigate this with automated valida-
tion, but model outputs remain unpredictable;
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– Prompt sensitivity: Repair quality is sensitive to prompt formulation;
subtle changes in wording, context, or formatting can significantly affect
outcomes.

Summary of Results: Our tool achieves high fault localization success rate (89.7%)
using formal specifications and static analysis alone. GPT-4o mini is the most
effective model, repairing 74.18% of faulty programs with a low average attempt
count. Also, combining formal methods for localization with LLM-based synthe-
sis yields repairs that are both correct and efficient. In addition, verification-
based validation ensures that accepted patches respect the full program specifi-
cation.

It should be noted that a potential threat to the validity of our results is that
the LLM may have seen the correct code versions during training, which may
positively influence the results. Nonetheless, the buggy versions were created by
us, so the model has no prior information about the correspondence between
the buggy and correct versions. Furthermore, in the context of Dafny, real-world
buggy examples are scarce, so our experimental setup necessarily relies on arti-
ficially created examples.

7 Conclusion

This work proposes an automated program repair approach tailored for Dafny,
targeting arithmetic bugs and using formal specifications as correctness oracles.

We combine formal fault localization with LLM-guided repair using GPT-4o
mini, Llama 3, Mistral 7B, and Llemma 7B. We achieve a success rate of 89.7% in
identifying the buggy line. However, limitations arise in programs with repeated
updates to the same variable and termination verification issues in while loops
due to the use of partial correctness reasoning. These limitations suggest areas
for refinement in entailment modelling and verifier integration.

GPT-4o mini was the most effective in generating valid patches. While Llama
3 and Mistral 7B also showed potential, Llemma 7B underperformed, likely due
to its poor alignment with the structure and semantics of Dafny.

Future work includes support for bug types beyond arithmetic errors, includ-
ing those involving control flow, specification violations, and method contracts.
We also plan to develop a Visual Studio Code extension that integrates our tool,
enabling real-time bug repair suggestions based on formal specifications.
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