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Abstract

Automated Program Repair (APR) could enhance introductory programming education
by repairing errors in student code efficiently. Beyond simply providing solutions,
APR can offer partial repairs as hints, aid instructors in identifying errors, and serve
as a basis for generating automated feedback. Moreover, repaired student code can
offer a more personalized and effective reference for post-submission learning. Recent
advancements in Large Language Models (LLMs) have demonstrated impressive
capabilities in various tasks, including code repair. However, the effectiveness of
LLM-based repair is highly dependent on the design of prompts, which can significantly
influence the quality of the generated solutions. Prior works have generally focused
on improving prompt design, such as selecting and incorporating structurally similar
reference code into the prompt, or application of advanced prompting strategies such
as Chain-of-Though (CoT) to increase repair accuracy. However, few studies have
explored how to leverage the variability in prompt design to enhance overall repair
accuracy for buggy codes.

To address this limitation, we propose ComplementaryRepair, a conversation-
based APR framework that leverages diverse prompts and open-source LLMs trained
on code, such as Deepseek-Coder, to improve repair accuracy and computational
efficiency. We demonstrate that combining different components (e.g., error messages,
test case results, reference code) into the prompt triggers divergent repairing behaviors
in LLMs, leading to complementary repair. That is, for a given set of buggy code
submissions, one prompt configuration may be more likely to generate a correct repair
for a subset of the errors, while a different prompt configuration may be more effective
for another subset.

We evaluate the performance of ComplementaryRepair on two datasets from the
National University of Singapore and the University of Dublin. Results indicate that,
with our settings, ComplementaryRepair successfully repairs up to 98% of buggy
submissions in the Singapore dataset and up to 95% in the Dublin dataset, requiring at
most 18 repair attempts per buggy code. These findings demonstrate the potential of
prompt diversity in optimizing APR for introductory programming assignments.

Keywords Large Language Models, Prompt Engineering, Automated Program
RepairProgramming AssignmentComputer science education LLM
Quantization
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1 Introduction

1.1 Context

In introductory programming courses, students are frequently required to write many
small programs to solve well-defined problems. As novice programmers, they often
make minor errors and would greatly benefit from timely feedback to address these
mistakes. Providing students with precise information about the location of bugs
and minimal modifications to resolve them can be advantageous for both learners
and instructors. Students can learn from their errors, while instructors can offer
detailed explanations about why specific fixes are appropriate and how they relate to
fundamental programming concepts. However, the high volume of code submissions
in such courses makes manual grading and feedback delivery impractical [30]. To
address this challenge, many large-scale programming courses have adopted Automated
Program Repair (APR) techniques, which provide hints or corrections for faulty code
submissions [10]. The typical APR process involves three core stages: identifying
the location of the error (error localization), generating a potential correction (patch
generation), and verifying the correctness of the proposed fix (patch validation) [52].
The primary objective of APR is to transform defective code into a functional state that
meets predefined requirements, such as passing test cases, while minimizing changes
to the original code.

A common concern is that providing direct solutions might hinder students’ learning
by preventing them from figuring out the correct solution independently. However,
APR could not only serve as direct feedback but rather as an intermediate step towards
the final feedback. For example, APR can be tailored to offer partial repairs, serving as
"next-step hints" to enhance the tutoring effect [49]. One potential application of APR
is assisting instructors in efficiently locating errors and debugging student submissions.
By generating a correct version of the buggy code, APR can provide instructors
with insights into the underlying errors, enabling them to deliver more precise and
targeted feedback in natural language. Alternatively, APR-generated repairs can be
leveraged to support automated feedback generation. Instead of presenting students
with a complete solution, the repaired code could be used as a reference to guide
Large Language Models (LLMs) in producing hints related to the corresponding errors
in the buggy code. Finally, after students submit their final code, they often require
reference solutions to reflect on their mistakes and improve their understanding. While
standard solutions serve this purpose, a repaired version of their own code which
closely resembles their submitted code could improve learning experience as it directly
highlights the necessary modifications.

Despite their utility, many traditional APR methods are search-based, relying
heavily on a comprehensive search space derived from historical code data. These
methods often struggle with novel programming tasks that lack sufficient prior
examples, limiting their applicability.

Recent advances in LL.Ms have demonstrated significant potential in program
repair, offering a promising alternative that reduces reliance on historical data. Some
studies frame APR as a text-to-text prediction task, where the input includes faulty



code and supplementary debugging information, and the output is the corrected code.
For example, Berabi et al. approach bug repair as a text-to-text transformation task,
fine-tuning the Text-to-Text Transfer Transformer (T5) model on a large dataset of
bug fixes [4]. However, such models still require substantial volumes of high-quality
training data. To mitigate this limitation, zero-shot or few-shot learning settings have
been explored. AlphaRepair, for example, uses CodeBERT in a zero-shot setting to
predict masked tokens in buggy code [46], but encoder-only models like CodeBERT
cannot generate text directly. Current research efforts are increasingly focused on
decoder-only LLMs due to their remarkable performance and commercial potential
across various domains. These models have demonstrated robust capabilities in
comprehending and generating code across multiple programming languages [1] ,
making them effective for APR tasks. For example, Kolak et al. employ Codex,
a decoder-only model analogous to GPT-3, with prompt engineering strategies to
generate corrected functions from defective code inputs [23], highlighting the strong
correlation between model size and patch prediction accuracy.

1.2 Problem Statement

Despite these advances, LLLM-based APR pipelines face limitations. First, many
studies overlook computational resource and course constraints, which is critical for
educational scenarios. For example, many LLM-based APR relying on evaluations
using advanced, proprietary LLMs such as GPT-4 [18, 48, 38], and Codex [51]. While
these models deliver impressive repair capabilities, their high API cost and potential data
privacy issues pose barriers to practical deployment and implementation in education
settings. In contrast, the emergence of open-source models, such as DeepSeek-
Coder family [13], provides competitive options that support local deployment and
customization, delivering cost-efficient, secure, and adaptable solutions. Furthermore,
some research prioritizes repair accuracy through methods like generating multiple
candidate repairs and selecting the one with minimal modifications [51], often
neglecting the associated increase in computational overhead. While resource-aware
studies often utilize smaller LLMs (<7B parameters) to fit within standard GPU
memory [25], the potential of techniques like quantization [9] to enable the use of
larger, yet efficient, models in resource-limited environments remains underexplored.
Specifically, a comparative analysis of quantized larger models against full-precision
smaller models of similar size could offer valuable insights for maximizing available
computational resources.

Secondly, a common limitation in current LLM-based APR approaches is the
tendency to perform repeated sampling using the same prompt or prompt template.
This can lead to the generation of similar repair attempts and repetitive errors, thereby
wasting computational resources and limiting the exploration of diverse potential
solutions [45, 54]. Moreover, the rich contextual information inherent in programming
assignments, such as task descriptions, test cases, and even peer submissions, remains
largely underutilized for enhancing the effectiveness of LLM-based repairs.

While numerous studies have explored different prompting strategies to enhance
the performance of LLMs in APR, many of these approaches focus on general APR
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tasks, such as project-level development scenarios, rather than programming education
contexts. These domains diverge significantly in terms of program complexity, the
prevalence and nature of errors, and the diversity of input data available to LLMs.
For introductory programming assignments, the tasks are typically less complex,
the availability of multiple sources of information offers greater opportunities for
prompt design, and the consideration for computation cost and data privacy matters.
Furthermore, LL.Ms with varying parameter sizes exhibit differing capabilities in
processing and integrating multiple information sources. While certain prompting
strategies have proven effective for large-scale models like GPT-4 [1], their efficacy on
smaller, quantized, open-source models remains underexplored.

This study aims to address these gaps by proposing and evaluating a cost-efficient
LLM-based repair framework specifically tailored for introductory programming
assignments.Our approach strategically leverages the diverse information available
in this context to provide reliable automated repairs using open-source LLMs. We
systematically investigate the impact of prompt design, their combinations and se-
quencing, as well as LLLM size and quantization, on APR performance within this
specific educational context. By examining these factors, we seek to optimize prompt
engineering techniques to enhance the performance of small- to medium-sized LLMs
for APR in programming education, ultimately contributing to more scalable and
effective learning support.

1.3 Proposed Approach: ComplementaryRepair

To address these limitations, we propose ComplementaryRepair, a LLM-based APR
framework which leverages the complementary characteristics of repairs derived
from distinct prompts observed through our experimental findings to achieve a wider
exploration of potential solutions. ComplementaryRepair utilizes a two-phase design:
(1) a basic prompt phase that integrates available contextual information (e.g., task
descriptions and test cases) to generate stable, high-accuracy repairs with efficient
token usage, and (2) a zero-shot Chain-of-Thought (CoT') phase that augments the
basic prompts with CoT indicators to facilitate more extensive and in-depth exploration
of potential solutions.

1.4 Research Questions and Scope

This study focuses on evaluating the performance of ComplementaryRepair in the
automated repair of programming assignments. Specifically, we address the following
research questions:

* RQ1: Effectiveness of ComplementaryRepair. How effective is Complemen-
taryRepair in repairing introductory programming assignments, considering
both repair rate and computational cost? The repair rate is defined as the
proportion of buggy code submissions that achieve at least one valid repair
before reaching the maximum iteration limit. Computational cost is measured by
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the average number of tokens generated (Avg #Tokens) per buggy submission,
with lower Avg #Tokens indicating reduced computational time.

RQ2: Impact of Prompt Diversity and Pipeline Design. How do prompt
selection and ordering affect the performance of ComplementaryRepair? We
investigate the impact of diverse prompting strategies and the sequential ordering
of prompts on repair rate and computational cost.

RQ3: Model Size, Quantization, and Performance. How do model size and
quantization influence ComplementaryRepair’s performance? Specifically, to
what extent can ComplementaryRepair mitigate the performance differences
typically observed between smaller and larger LLLMs, and how does quantization
impact this mitigation?

Structure of The Thesis

This thesis is organized as follows:

Chapter 2 presents a comprehensive review of related research, covering
Automated Program Repair (APR), Large Language Models (LLMs), LLM
quantization techniques, prompt engineering techniques, the application of
LLMs in APR with a focus on programming educational contexts, and the
description of metrics we would use for the evaluation and explanation for the
following study.

Chapter 3 describes the empirical insights derived from preliminary investiga-
tions and articulates the rationale how we came up with the ComplementaryRe-
pair framework.

Chapter 4 provides a detailed description of the proposed ComplementaryRepair
method. It also outlines the experimental settings, including comprehensive
information about the datasets used for evaluation, the specific LLM models
selected for testing across different parameter sizes and quantization levels, and
the computational environment in which the experiments were conducted.

Chapter 5 presents a thorough analysis of the results obtained from the experi-
ments. It evaluates the effectiveness of ComplementaryRepair across different
configurations and models, providing quantitative and qualitative insights into
its performance.

Chapter 6 discusses the broader implications of the experimental findings. It
summarizes the answers to the research questions posed earlier, compares Com-
plementaryRepair with other existing LLM-based APR approaches, analyzes
the similarity between the automatically repaired code and the original buggy
code, and addresses potential threats to the validity of the study’s conclusions.
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* Chapter 7 summarizes the key findings of the thesis and their implications
for the application of LLMs in automated program repair for programming
education.
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2 Background

2.1 Automated Program Repair

Automated Program Repair (APR) aims to automatically correct software bugs
without human intervention, ensuring that the repaired program adheres to predefined
specifications. The traditional APR pipeline typically comprises three key stages:
bug localization, patch generation, and patch validation as illustrated in figure 1.
Among the various APR techniques, search-based methods represent a prominent
class. These methods rely on symbolic matching with existing code clusters to
identify and generate plausible corrective patches. For example, CLARA utilizes a
symbolic pairing mechanism to match incorrect student submissions with analogous
correct solutions, enabling the identification of errors and the application of minimal
repairs [11]. Similarly, TRACER incorporates recurrent neural networks (RNNs) into
the repair process to generate fixes that reflect common corrections made by students
for similar errors [2].

However, these search-based approaches are heavily dependent on the availability
of a comprehensive search space derived from historical code data. They often struggle
when applied to novel programming tasks that lack sufficient prior examples. A limited
search space reduces the likelihood of containing correct patches, while expanding
the search space increases the probability of generating plausible but potentially
incorrect patches before identifying the correct one [44]. This trade-off highlights
a significant limitation of traditional search-based APR techniques. LLMs could
potentially alleviate this issue, as they leverage latent knowledge acquired during
pre-training on massive code corpora, enabling them to generate context-aware repairs
without dependency on explicit historical patches.
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Figure 1: General APR Process: The pipeline begins with bug localization, where
techniques are employed to pinpoint the location of the fault(s) within the program
code. Following localization, the patch generation stage involves automatically creating
potential fixes or patches designed to address the identified bug(s). Finally, patch
validation assesses the correctness and effectiveness of the generated patches, often
through test cases, to ensure they resolve the bug without introducing new issues.

2.2 Large Language Models

Large Language Models (LLMs) are advanced neural networks built with billions of
parameters and undergo extensive trained on massive text corpora to perform a diverse
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range of language processing tasks. These tasks encompass both natural languages and
programming languages, enabling applications such as text generation, translation,
summarization, and code analysis. Currently, LLMs are typically based on Transformer
architecture. The Transformer architecture leverages attention mechanisms, which
allow the model to dynamically weigh the importance of different parts of the input
when processing information. This enables the model to effectively capture both
short-range and long-range contextual relationships within sequences of tokens [39].
Transformer architecture is composed of two primary components: an encoder and a
decoder. The encoder processes input data, transforming it into a high-dimensional
vector space that encapsulates the semantic and syntactic features of the input. The
decoder, on the other hand, utilizes these representations to produce coherent and
contextually relevant output sequences. Depending on their structure, LLMs could
be classified into three categories: Encoder-only models, Decoder-only models, and
Encoder-decoder models.

Encoder-only models, such as BERT [7], primarily used for tasks requiring
comprehension rather than generation, such as text classification and named entity
recognition. BERT is trained with Masked Language Modeling (MLM) and Next
Sentence Prediction (NSP). In MLLM, random tokens in a sentence are masked, and
the model learns to predict them based on the surrounding context. NSP, on the other
hand, trains the model to determine whether one sentence logically follows another,
enabling it to understand relationships between sentences. This dual training approach
allows BERT to capture deep contextual representations of text.

Encoder-decoder models such as CodeT5 [33], leverage both the encoder and
decoder components of the Transformer architecture. This design makes them par-
ticularly effective for sequence-to-sequence transformation tasks, including language
translation, text summarization, and question answering. In these models, the encoder
processes the input data and generates a vectorized representation, while the decoder
uses this representation to produce the corresponding output sequence. This dual
functionality enables encoder-decoder models to handle complex tasks that require
both understanding and generation of text.

Decoder-only models, such as GPT [1], are a class of autoregressive language
models trained to predict the next token in a sequence based on the preceding context.
These models leverage the Transformer architecture’s decoder component, which
employs self-attention mechanisms to capture dependencies between tokens and
generate coherent text.The release of ChatGPT in late 2022 demonstrated the advanced
capabilities of decoder-only models in generating engaging and contextually relevant
text, driving significant attention to this model architecture. This has accelerated the
development of more advanced decoder-only models, such as GPT-4 [1], DeepSeek-
R1 [12] and more.

Despite their achievements, decoder-only models exhibit inherent limitations.
One critical issue is their lack of interoperability, which refers to the difficulty in
interpreting the internal decision-making processes that lead to specific outputs [37].
The challenge of interpretability is a common thread across all Transformer-based LLM
architectures. While attention mechanisms provide some clues, the distributed nature
of knowledge representation in these models makes it difficult to fully understand their
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decision-making processes. This “black-box” nature poses challenges for applications
requiring transparency and accountability, such as healthcare or legal domains. Another
significant challenge is the phenomenon of hallucinations [16], in which the models
generate factually incorrect or nonsensical content with unwarranted confidence. This
issue stems from their training objective, which prioritizes fluency and coherence
over factual accuracy, and can lead to misleading or harmful outputs in real-world
applications.

2.3 Prompt Engineering

In the context of LLMs, a prompt is the input text or instructions provided to the
model to guide it in generating a specific output. Prompts can take various forms,
and they serve as the primary way to communicate the desired task or behavior to
the LLM. Prompt engineering encompasses methodologies for crafting task-specific
instructions to guide LLLMs in generating desired outputs. Effective prompt design
can significantly enhance the performance of LLMs for targeted applications without
the need for extensive fine-tuning or retraining, making it a cost-efficient approach
for task-specific optimization [40]. In this study, we provide an overview of relevant
prompt engineering techniques that related to our study (see Figure 2).

Few-shot Prompting

Zero-shot Prompting

Chain-of-Thought (CoT)

Prompt Engineering Reasoning and Logic Automatic Chain-of-Thought (Auto-CoT)

Self-Consistency

Structured Chain of Code (SCoT)

Code Generation

Self-Planning Code Generation

Figure 2: Related prompting engineering techniques in LLMs

For novel tasks lacking extensive training data, zero-shot prompting is commonly
employed. In this approach, the model is provided solely with a task description
and relies on its pre-trained knowledge to infer and execute the required operations.
In contrast, few-shot prompting enhances the task description by including a small
number of example input-output pairs. Research has shown that providing these
examples can substantially improve LLM performance, especially for more complex
tasks that require understanding subtle patterns or relationships [5]. The examples act
as a kind of demonstration that helps the LLM to better grasp the desired behavior.

Prompt engineering has been particularly effective in improving the reasoning
abilities of LLMs. A key technique in this area is Chain-of-Thought (CoT’) prompting.
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CoT prompting encourages the LLM to generate a series of intermediate reasoning
steps, leading to a final solution [43]. This approach mimics the human problem-
solving process by decomposing complex tasks into intermediate steps, which enhances
the model’s ability to handle problems requiring extended reasoning. This structured
reasoning approach also improves the interpretability of the model’s decision-making
process and aids users in diagnosing potential errors.

However, the manual creation of effective Col’ prompts can be time-consuming
and require significant effort. To address this, zero-shot CoT [22] which simply adding
the CoT indicator “Let’s think step by step” could produce impressive improvement
in various natural language tasks for substantially large LLMs. It’s important to
note, however, that early research indicated Col reasoning was not consistently
effective for smaller LLMs. Building on the findings of zero-shot CoI, Automatic
Chain-of-Thought (Auto-CoT) leverages this technique to automate the generation of
reasoning chains [53]. Auto-CoT further enhances robustness by clustering questions
and sampling diverse examples from multiple clusters, ensuring a broad representation
of reasoning patterns. In contrast to Col, which follows a single reasoning path,
self-consistency methods sample multiple reasoning paths from the LLLM, potentially
yielding different answers, and select the most consistent one as the final output [42].
The intuition behind self-consistency is that the correct answer is more likely to be
consistently produced across different reasoning paths, while incorrect answers may
vary more randomly.

Although CoT has demonstrated effectiveness in reasoning tasks, its impact on
improving code generation performance has been relatively modest [6].To bridge this
gap, Structured Chain-of-Thought (SCoT) incorporates fundamental programming
constructs such as branches, loops, and sequences into the reasoning process, signifi-
cantly improving LLM performance in code generation tasks [27]. SCoT first instructs
the LLM to generate a rough structured solving process for the code utilizing the
three fundamental code structures and then uses this plan to produce the final code.
Consistent with the principles of CoT, programming tasks can be decomposed into
multiple subtasks to enhance LLM capabilities. Self-planning code generation further
extends this idea by first prompting the LLM to generate a detailed implementation
plan based on the task description, followed by utilizing both the task description and
the structured plan to generate the final code [20]. The primary distinction between
Structured Chain-of-Thought (SCoT) and self-planning code generation lies in the for-
mat of the generated implementation plan. SCoT produces plans in a pseudocode-like
textual format, explicitly incorporating programming structures, while self-planning
code generation formulates plans using natural language descriptions, which are more
aligned with human-readable explanations.

2.4 LLM Quantization

LLMs require substantial computational power and memory due to their large number
of parameters. This poses significant challenges for deployment in resource-constrained
environments, such as educational settings with limited hardware. For instance, a
14 billion parameter model, with parameters typically stored as 16-bit floating-point
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values (two bytes per parameter), requires at least 28GB of memory. This often
exceeds the VRAM capacity of many mid-range GPUs (e.g., 24GB or less). Such
constraints hinder the practical application of larger LLMs in various contexts.

To address the constraints of limited VRAM, one strategy is to offload part of
LLM weights to alternative storage, such as system RAM or hard drives. This
approach enables the use of larger models on hardware with inadequate GPU memory.
However, it introduces considerable drawbacks, including increased latency and
reduced processing speed, since RAM and disk access are far slower than VRAM. In
educational scenarios, where high throughput is critical to provide timely feedback to
many students, this method is less attractive, as delays could undermine the learning
experience.

Quantization techniques, on the other hand, address these challenges by reducing
the memory footprint of LLMs while preserving acceptable performance levels [9].
Quantization involves representing model weights or activations in lower-precision
formats, such as 4-bit integers, instead of high-precision 16-bit or 32-bit floating-point
formats. This can reduce memory requirements by a factor (e.g., from 14GB to
approximately 3.5GB for a 7B model with 4-bit quantization), enabling deployment
on standard GPUs in resource-limited settings.

Two primary quantization approaches are commonly used: post-training quanti-
zation (PTQ) and quantization-aware training (QAT). PTQ applies quantization to a
pre-trained model without retraining, making it simpler and faster to implement but
potentially leading to slight performance degradation. QAT, conversely, incorporates
quantization during training, optimizing the model for lower precision and often yield-
ing better accuracy at the cost of increased training complexity. Research indicates
that 4-bit quantization, particularly PTQ, strikes an effective balance, maintaining
performance close to full-precision models for many tasks, including code-related
applications [21]. However, reducing precision further (e.g., to 3 bits) often results in
significant performance drops, limiting its utility for APR [21].

In the context of APR, quantization offers several benefits. First, it enables the
use of larger, more capable models on hardware with limited VRAM, broadening
access to advanced LLMs in educational environments. Second, quantized models can
outperform smaller, non-quantized models with comparable memory footprints [21].
For example, a 4-bit quantized 14B model may deliver superior repair accuracy
compared to a full-precision 7B model, as it retains more of the original model’s
knowledge.

2.5 LLM-based Automated Program Repair

Since the emergence of LLMs, many applications leveraging these models have
been integrated into educational contexts, encompassing tasks such as automated
feedback generation [8], automated grading [35], exercise creation [29], and test case
generation [31], among others. Among these areas, automatic feedback generation
has emerged as a particularly active field of research, as feedback plays a critical
role in the learning process, benefiting both instructors and students. For novice
programmers, directly providing a complete solution is generally discouraged, as

17



it may impede critical thinking and hinder learning from errors. Instead, offering
explanatory guidance and structured support is considered more effective in fostering
their development [28]. In this context, Automated Program Repair (APR) serves
as a vital intermediary step toward improving feedback quality [25]. By generating
fixes that address specific errors made by learners, APR enables the creation of more
meaningful and targeted feedback. For instance, performing syntax error repair as an
initial step enables LLMs to generate more precise and comprehensible explanations
of these errors in natural language [32].

LLMs have demonstrate great promising in enhancing bug fixing tasks, with a sig-
nificant improvement in performance compared to deep-learning-based approach [19].
To improve LLMs’ capability in APR, both fine-tuning-based and prompt-based
approaches have been widely explored and evaluated.

Fine-tuning-based approaches treat APR as a downstream task for pretrained
LLMs. For instance, AlphaRepair [47] adopts a cloze-style methodology, framing
APR as a Masked Language Modeling task, where CodeBERT predicts the masked
buggy line based on its surrounding context. Alternatively, APR can be formulated as
a text-to-text prediction problem, where the input is buggy code, and the output is the
fixed code. For example, TFix [4] fine-tunes the Text-to-Text Transfer Transformer (T5)
to predict fix by leveraging information such as error types, error messages, and error
contexts obtained from an error detector. Fine-tuning has been shown to significantly
enhance model performance, with improvements ranging from 31% to 1, 267% across
various LLMs [19]. Another advanced frameworks, such as Toggle [14], introduces
a repair framework that fine-tunes CodeT5 to predict bug locations, utilizes LLMs
with dynamic prompts to generate fixes, and incorporates an adjustment model to
refine predicted bug locations, ultimately optimizing bug-fix performance. Instead of
generating the fixed code in one step, RePair propose to repair the code in multiple steps,
and improve the codes with the continuous feedback. Unlike traditional one-step code
correction, RePair [55] proposes a multi-step iterative repair process that continuously
improves code quality through feedback. This approach integrates reinforcement
learning, where a reward model serves as a critic, providing iterative feedback to guide
the LLM’s output until convergence or reaching a predefined iteration limit.

Prompt-based approaches directly leverage pretrained LLLMs without modifying
their parameters, relying on strategic prompt design to enhance APR performance.
For example, Wang et al. [41] propose tailored prompting strategies for Python code
generation, demonstrating their effectiveness in educational scenarios. However,
certain prompting techniques, such as 1-shot learning, coding guideline integration,
or step-by-step reasoning, may reduce performance for smaller models like LLaMA
(Ilama3-8b) and Mistral (mixtral-8x7b). Specific to APR, Tian [38] experiments with
Codex using four different prompt configurations and observes that including bug
descriptions significantly aids LLMs in fixing errors, with fault localization providing
further benefits in most cases. Several advanced prompt-based approaches integrate
CoT reasoning and few-shot learning to enhance APR. ThinkRepair incorporates the
ideas of CoT and few-shot learning into the APR procedure. ThinkRepair [50] follows
a two-phase approach: a collection phase, where a pool of verified bug-fix examples
with reasoning chains is created, and a fixing phase, where the LLM iteratively
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repairs code using the most semantically similar examples until all test cases pass or
a maximum iteration limit is reached, optionally incorporating failure information
to guide further improvements. Peer-aided Repair [54] builds on a similar concept,
leveraging large-scale programming course submissions as a high-quality sample
pool. By identifying previously submitted solutions with the highest similarity to the
target buggy code, the approach selects relevant examples likely to contain similar
errors and corrections. PyDex [51] also utilizes peer programs as a sample pool,
addressing both syntax and semantic errors by first iteratively correcting syntax errors
before leveraging peer solutions, task descriptions, and test cases to resolve semantic
issues. Beyond these methods, test cases serve as a valuable resource for improving
APR. ContrastRepair [24] employs a contrastive approach by utilizing pairs of failing
and successful test cases with minimal differences to provide informative feedback.
Experimental results indicate that such contrastive guidance significantly improves
LLMs’ ability to understand and rectify coding errors. Additionally, a novel technique
known as Round-Trip Translation (RTT) has shown promising results in APR [36]. This
approach exploits the structural regularities present in real-world code corpora used for
training LLLMs, which are predominantly error-free. It first translates the buggy code
into an intermediate representation (either in natural language or another programming
language) and subsequently translates it back into the original programming language.
Instead of translation, an alternative strategy involves refactoring reference code into
various structural variants and incorporating these refactored versions into prompt
design. This method has been shown to reduce patch size and enhance bug-fixing
performance [18].

2.6 Evaluation Metric

We focus on three categories of evaluation, one to measure the functional correctness
of the repairs, one to measure the computational cost for generating a valid repair, and
one to measure the modification made to produce the repairs.

Pass@k: is a metric designed to measure the accuracy of generated programs [6].
For each buggy program, we generate n repaired programs, which are subsequently
evaluated against a predefined suite of test cases. A repair is considered valid if
it successfully passes all test cases. In this way, we would get ¢ plausible correct
repaired program. For a given k, all possible combinations of k repairs from the n
repairs are generated. We then count the number of combinations where at least one
repair successfully passes all unit tests. Dividing this count by the total number of
combinations yields the probability that a random sample of & repairs will successfully
fix the defective program. The unbiased Pass @k is calculated as:

("c)

. (1)
(&)

Repair rate: a buggy code is considered repaired if at least one of the generated

repairs passes all test cases. The verifiable nature of most introductory programming
assignments makes this metric particularly valuable, as it allows us to automatically

Pass@k = E|1 -
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validate the repaired code in a short time. In the evaluation dataset, the repair rate is
calculated as the number of buggy code submissions for which at least one successful
repair was generated, divided by the total number of buggy code submissions.

Number of tokens: the number of tokens generated by the LLMs. Specifically,
we would primarily use the average of tokens generated until a valid fix found. This
serves as an indicator of the proposed framework, as the computation cost is closely
related to the tokens generated by LLMs, where larger number of tokens implies a
higher computation cost as generating each token requires the model to perform a
series of complex operations.

Similarity: is calculated based on Levenshtein distance, which measures the
number of single character edits: insertions, deletions, or substitutions required to
transform one string into another [26]. We use this to assess the similarity between the
original buggy program and its repaired version. Our purpose is to repair the buggy
code that have similar structure and minimum modification, rather than come up with
a complete new program. Therefore, we prefer repaired code with higher similarity
scores to the original code. To enable better comparison, the distance is normalized,
where for two programs a and b, with character lengths |a| and |b|, the similarity is
defined as:

L htein Dist b
Similarity(ab) = 1 — evenshtein Distance(a, b) )
max (|al, |b])
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3 Complementary Approaches and Divergence

3.1 Motivation Example: Complementary Repairs

Consider two buggy codes, C; and C,, each containing distinct types of errors, and
two “Tutors”, T} and T3, tasked with repairing buggy codes for students. Suppose 7
can repair C; with a 100% success rate per attempt but has a 0% chance of repairing
C,. Conversely, T, can repair C; with a 100% success rate per attempt but has a 0%
chance of repairing Cy. If only 7 is working, the overall repair rate is (1+0) +2 = 0.5.
The same applies if only 7> is working, yielding an identical repair rate of 0.5.

Now, let’s explore what happens if each tutor makes multiple attempts, say 2
attempts per buggy code (e.g., trying different repair strategies). For 77, the repair
rate remains (2 +0) =4 = 0.5, with only C; being repaired twice, and similarly for 7>,
only C is repaired, leaving the overall repair rate unchanged at 0.5. However, a more
effective approach emerges if we assign each tutor to attempt repairing both codes
once, then: 7T repairs Cy, and 75 repairs C,. Here, the overall repair rate across the 4
attempts is still (1 + 1) +4 = 0.5, but now both C; and C, have one valid repair each.
In other words, while the average repair rate doesn’t increase, the outcome improves
as both buggy codes are successfully repaired.

This scenario highlights a key insight: leveraging the complementary strengths of
T and T, can maximize the number of distinct repairs even though the overall repair
rate remains unchanged. This approach has practical value in APR for programming
education. By combining complementary repair capabilities, we can increase the
likelihood of obtaining at least one valid repair for each buggy code. This is critical
since repair correctness can be efficiently verified by running the repaired code against
a test suite. More broadly, this strategy applies to any domain where solutions can
be automatically validated, enhancing the chances of obtaining at least one correct
outcome.

3.2 Complementary Prompts

We propose that by feeding the prompts with different templates and information, it
can trigger LLMs to make more diverse repair attempts, resulting in complementary
repairs. In programming assignment repair, the debugging process tends to present
distinct focus depending on the information provided. For example, if an error message
explicitly points to a runtime issue at a particular line of code, effort is more likely
to focus on that line and make targeted modifications. Similarly, exposure to failing
test cases directs attention toward case-specific adjustments, while reference solutions
direct comparative analysis between defective and correct implementations. This
variation in focus suggests that different information sources can lead to distinct
repair strategies, potentially resulting in complementary repairs, where one approach
succeeds while another fails across different types of buggy code. Therefore, we
hypothesize that tailoring prompts with diverse information will lead LLMs to adopt
distinct repair strategies, yielding varied success rates across different buggy codes.
To investigate this, we conduct preliminary experiments that employ four prompt
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configurations on a dataset from the National University of Singapore containing five
assignments (detailed in Section 4):

* Prompt 1 (7D + Cp): Serves as the baseline, containing only the programming
task description (7'D) and the buggy code (Cp). The LLM is instructed to act as
an APR tool and generate fixes for the erroneous code.

* Prompt 2 (TD + C, + EM + TCR): Incorporates the prompt 1 with error
messages (EM) generated during execution, as well as a list of passing and
failing test cases results (TCR).

e Prompt 3 (T'D+Cy,ggy+C;): Includes a reference implementation (C,) obtained
from a peer submission, selected based on similarity scores computed using
CodeBLEU [34].

* Prompt4 (TD+Cp+EM+TCR+C,): Integrates all elements from the previous
three prompts.

Table 1: Overall prompt comparison in fixing Singapore

Model Size Prompts Pass@1 Pass@3 Pass@5 Relative Improvement
TD +Cy 58.0 69.0 72.1 24.3
. (+) EM +TCR 61.7 71.6 75.4 22.2
ds-coder-instruct 6.7B +) C, 729 842 87.0 193
(+)EM+TCR+C, 738 87.3 90.9 23.2

Table 2: Results on five programming assignments in Singapore dataset

Q1 Q2 Q3 Q4 Qs

Model Size  Prompts Pass@1 Pass@1l Pass@1 Pass@l Pass@1
TD +Cy 54.4 30.3 83.2 77.3 474
. (+) EM +TCR 61.6 26.9 91.8 84.2 36.5
ds-coder-instruct 6.7B ¥~ 687 727 891 793 352

(+)EM+TCR+C, 662 72.8 91.1 84.3 41.3

The results in Tables 1 and 2 reveal several key observations. First, they validate
our hypothesis that different types of information produce complementary repairs at
least at the assignment level. Specifically, Prompt 1 performs better on assignment
1, Prompt 2 better on assignment 3, Prompt 3 better on assignment 1, and Prompt 4
better on assignment 2 and 4. Figure 3 further illustrates this complementarity at the
submission level, where a significant proportion of buggy codes are uniquely resolved
by only one of the individual prompts. Notably, simply increasing the amount of
information in the prompt does not necessarily enhance repair performance. Instead,
excessive or conflicting information can mislead the LLM, reducing overall repair
accuracy. For example, Prompt 4, which includes everything from Prompt 1 to Prompt
3, underperforms Prompt 1 on fixing assignment 5, Prompt 2 on assignment 3, and
Prompt 3 on assignment 1.
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Second, prompts influence how repair accuracy evolves with multiple attempts,
measured as pass@k (the probability of at least one correct repair in k attempts). We
define convergence speed as how quickly accuracy improves as k increases. Prompts
encouraging broader exploration (divergent behavior) show larger accuracy gains
at higher k, while those promoting narrow focus (convergent behavior) converge
early. For example, Prompt 1, with a relatively low overall accuracy, gains 24.3%
improvement from pass@1 to pass@35, indicating a high exploratory potential. This
kind of improvement could be considered as a kind of complementary repairs generated
within one single prompt, where randomness helps avoid repeated failed attempts.
Notably, the 4 prompts gain substantial increase from Pass@1 to Pass@3, with a
relatively marginal gain from Pass@3 to Pass@35, which implies that generating 3
responses for each prompt per buggy code could already explore most of the potentials
of one prompt, offering a good balance between repair rate and computation cost.

TD+Cb

TD + C_b + EM + TCR
TD+Cb+Cr

TD+ Cb+EM+TCR +C r

8 51
26

21 188
30 122

12 36
789

13 23
120 42

12

Figure 3: Number of buggy codes repaired by different prompts

To further assess complementarity across prompts, we compared the unbiased
pass @k metrics for different combinations of prompts compared to the best individual
prompt in the group as illustrated in Table 3. In our experiment, we first use each
prompt to make 5 repair attempts for each buggy code, yielding 20 total repairs across
all four prompts. Therefore, for a combination like (p1, p2), we get a pool of 10 repairs
(5§ from pl, 5 from p2) and compute unbiased pass@k as the expected probability of
at least one correct repair among k randomly selected attempts from this pool. There
are serval key observations:

First, at pass@1, combinations consistently underperform the best individual
prompt in the group due to averaging effects. Since pass@ 1 for a combination is the
mean of the individual prompts’ pass@1 values, it is inherently lower than the pass@ 1
of the highest individual prompt.

Second, combinations of different prompts outperform individual prompts as
k increases. For instance, the (pl, p2) combination achieves a pass@3 of 76.1%,

23



surpassing pl (69.0%) and p2 (71.6%) individually, with similar observations at
pass@5. This trend holds across all combinations, demonstrating that pooling
repairs from multiple prompts increases the likelihood of success with more samples,
leveraging their complementary strengths.

Third, the performance of combinations with more prompts becomes increasingly
dependent on larger k. For example, the (pl, p2, p3) combination gets 85.5% at
pass@3, slightly below its subgroup (p2, p3) at 86.2%. However, at pass@10, (p1,
p2, p3) significantly outperforms all subgroups, suggesting that broader combinations
offer greater benefits as more attempts are sampled.

Table 3: Results on combination of prompts in Singapore dataset

Model Size Combination Prompts Pass@l Pass@3 Pass@5 Pass@10 Pass@15

pl 58.0 69.0 72.1 - -

| p2 61.7 71.6 754 - -

p3 72.9 84.2 87.0 - -

p4 73.8 87.3 90.9 - -

(pl,p2) 59.8 76.1 80.9 85.0 -

(p1,p3) 65.4 86.2 914 94.6 -

ds-coder-instruct  6.7B 2 Egé:g;; 232 2?2 g;; ggg :

(p2,p4) 67.8 86.8 91.8 95.3 -

(p3,p4) 734 90.2 93.9 96.3 -

(pl,p2,p3) 642 85.5 91.6 95.6 96.7

3 (pl,p2,p4) 645 85.2 91.3 95.8 97.1

(pl.p3.,p4)  68.2 89.4 94.4 97.3 98.2

(P2.p3.p4) 695 89.8 94.5 97.3 98.0

In conclusion, these findings confirm a significant complementary repair effect
across different prompts. A weaker effect exists within the same prompt, likely
because LLMs tend to repeat similar successes or errors when given the same input,
limiting divergence. The key to maximizing complementary repairs lies in enhancing
prompt-driven diversity.

3.3 Enhancing Divergence via CoT

In the previous section, we have showed how divergence drives complementary repairs.
As demonstrated in Section 3.2, different types of prompt information influence the
extent to which divergent solutions are generated. Here, we propose that Col’ prompt
could also enhance divergence for small LLMs. The theoretical basis for this lies in
the structural differences between direct and CoI-based reasoning. In a standard LLM
response, the problem-to-solution mapping follows the form < input — output >.
By contrast, CoT introduces an intermediate reasoning step, following the mapping
structure < input — rationle — output >. This additional reasoning layer
introduces greater variability, as small change in either < input — rationle > or
< rationle — output > would lead to significant different outputs. Consequently,
CoT can increase the likelihood of generating diverse paths toward the correct fixes.
We also conduct preliminary experiments to evaluate this hypothesis. Following the
setup described in Section 3.2, we modify the prompts by appending a zero-shot
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CoT instruction: "Let’s think step by step"”, a widely adopted practice for enhancing
reasoning depth in LLMs [22].

Table 4: Comparison between basic prompts and zero-shot Col’ prompts in repairing
accuracy

Model Size Prompts Pass@1 Pass@3 Pass@5 Relative Avg.
Improvement #Tokens

TD +Cy 58.0 69.0 72.1 243 205

TD +Cp+ CoT 57.1 75.5 81.0 41.9 335

(+)EM +TCR 61.7 71.6 754 222 241

ds-coder-instruct  6.7B (+)EM +TCR + CoT 60.7 78.9 83.6 377 342
) ) ' +)C, 72.9 84.2 87.0 19.3 196
(+)C, + CoT 72.2 91.9 96.4 335 350

(+)EM +TCR + C, 73.8 87.3 90.9 232 232

() EM +TCR+C,+CoT 722 91.1 95.3 32.0 343

The experimental outcomes, presented in Table 4, reveal distinct behavioral patterns
between conventional and Chain-of-Thought (CoT) prompting approaches. The analysis
demonstrates that while CoT yields lower mean success rates (pass@ 1) compared to
basic prompts, it exhibits a substantial improvement in pass @5 performance, ultimately
achieving superior repair accuracy at higher sampling thresholds. From a statistical
standpoint, basic prompts exhibit lower variance and higher initial accuracy, producing
more consistent but potentially less diverse solutions, whereas Col’ prompts introduce
greater variance in solution quality, leading to lower mean accuracy but improved
performance over multiple attempts. This divergence suggests that Col’s exploratory
nature enhances its capacity to discover correct fixes through broader solution space
exploration.

However, the enhanced exploratory capability of Col' comes with significant
computational trade-offs. A practical implementation of Col' generally requires
extended context windows and generation limits to achieve full effectiveness, which
imposes considerable computational overhead. Besides, as demonstrated in Table 4,
CoT responses generally contain two to three times more tokens than their non-
CoT counterparts, leading to higher computational costs and extended processing
times. Furthermore, the effectiveness of Col prompting depends heavily on the
number of generated solution variants, further intensifying computational resource
demands. These factors must be carefully considered, particularly in scenarios where
computational resources are constrained.

3.4 Adaptive Repair Strategies

The debugging process typically involves generating and validating hypotheses about
error causes and their fixes. Beyond identifying these hypotheses, an implicit meta-
cognitive evaluation occurs, where the likelihood of each hypothesis being correct
should be assessed to determine which to pursue first. A logical approach involves first
testing the most promising hypotheses before considering less probable alternatives.
If the initial hypotheses fail to resolve the issue, shifting to a more exploratory and
divergent problem solving strategy may prove beneficial, rather than persistently
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refining unpromising solution paths. However, engaging in divergent exploration too
early risks losing focus, increasing the computational effort needed for a solution. The
observed repair patterns highlight an inherent trade-off between solution diversity and
computational efficiency, which must be carefully optimized in the design of APR
systems.

Therefore, in the context of APR for introductory programming assignments,
even though the diversity of prompts could produce complementary repairs that
increase the repair rate, generating responses from all prompts indiscriminately can
be computationally expensive, particularly for resource-constrained environments.
To address this, an adaptive strategy that prioritizes prompts based on their expected
effectiveness for a given buggy code can optimize both repair success and computational
efficiency. Prioritizing prompts expected to succeed early could minimize unnecessary
computations while retaining the benefits of prompt diversity.
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4 ComplementaryRepair Framework

Based on empirical observations, we introduce ComplementaryRepair, a LLM-based
ARP framework designed to leverage complementary repairs by adopting diverse
prompts. This approach aims to balance the trade-off between repair accuracy and
computational efficiency. ComplementaryRepair operates in two phases: the basic
prompt repair phase and the CoTl prompt repair phase as illustrated in Figure 4.
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Figure 4: ComplementaryRepair Framework: operates in two phases: a basic prompt
repair phase, and a Chain-of-Thought prompt repair phase. In the basic prompt phase,
the framework employs diverse prompts containing task descriptions, buggy code,
error messages, test case results, and reference code to generate potential fixes. If this
phase doesn’t yield a correct repair, the Col' prompt phase is initiated. This phase
uses the same prompts but adds “Let’s think step by step” to encourage the LLM to
condcut more exploratory attempts.

The key idea of ComplementaryRepair is the use of diverse prompts, rather than
the specific content of any single prompt. In the basic prompt repair phase, several
basic prompts, each incorporating different combinations of available information, are
used iteratively to generate repairs for the buggy code until a valid repair is identified
or a maximum number of iterations is reached. If this phase is unsuccessful, the
process transitions to the Col prompt repair phase, which mirrors the basic prompt
repair phase, but employs Col-style prompts.

The prompts employed in ComplementaryRepair incorporate the following com-
ponents, all of which represent commonly available information in introductory
programming assignments:

» Task Description (7'D): A natural language specification detailing the problem
statement and the functional requirements that the submitted code is expected
to fulfill.

* Buggy Code (Cp): The erroneous code submitted by students.

* Error Messages (EM): Diagnostic messages generated when executing the
buggy code against test cases, including runtime and compilation errors. We
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validate the correctness of the buggy code through test assertion, thus we exclude
the detailed assertion errors from the error messages, since they are are already
captured within the test case results.

* Test Case Results (TCR): Information on passing and failing test cases,
formatted as: "Pass test n: assert function(input) == output" and "Fail test n:
assert function(input) == output"

* Reference Code (C,): The reference code from peer-submitted solutions and
reference implementations.

4.1 Basic Prompt Repair Phase

Preliminary experiments indicate that the complementary effects of different basic
prompts are already significant. Compared to divergence introduced through CoT
prompting, basic prompts offers two key advantages. First, basic prompts converge
more rapidly, thus a relatively small number of attempts is sufficient to explore
the repair potential. Second, basic prompts generate fewer tokens than Col-based
approaches, introducing lower computational cost and potentially faster repairing.
To test the repair effectiveness and efficiency, we employ three prompts previously
introduced in Section 3.2 to ComplementaryRepair, and the detailed prompt example
is demonstrated in figure 5. The design rationale for these prompts is elaborated below:

* Prompt 2 (TD + Cp, + EM + TCR ): Incorporates the problem description, the
erroneous submission, execution error messages, and test case results. Assertion
errors are omitted since they are inherently captured within test case results,
with emphasis placed on runtime and compilation errors.

* Prompt 3 (TD + Cp, + C,): Includes a reference implementation obtained
from a peer submission, selected based on similarity scores computed using
CodeBLEU [34]. CodeBLEU incorporates four components: standard BLEU
(measuring similarity to human translations), weighted BLEU (assigning higher
weights to programming language keywords), an Abstract Syntax Tree (AST)
match score, and a semantic data-flow match score. Prior studies on peer-aided
repair [54] suggest that reference solutions with high syntactic and semantic
similarity have greater reference value.

* Prompt4 (TD+Cp+EM+TCR+C,): Integrates all elements from the previous
three prompts.

The prompts are executed sequentially in the order: < Prompt3 — Prompt4 —
Prompt2 >. After obtaining a response from the LLLM, we extract the repaired
program from the output, as it often includes both explanatory text and source code.
The extracted program is then tested against the full suite of test cases to assess
correctness. A repair is considered successful if it passes all test cases, and we exit
the iteration to save computational cost. If the repair is unsuccessful, we proceed to
the next prompt in the sequence. This process is repeated for up to np. iterations.
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1 Your responbility is to provide a fix for the buggy code.

2

3 ### Problem description:

4 Sequential Search: Implement a function that determines the appropriate insertion index for a given value x in a

sequence seq, ensuring that the sequence remains in non-decreasing order.

5

6 ### Buggy code:

7 def search(x, seq):

8 for i in range(len(seq)):

9 if x <= seqlil:
10 return i
11 return i + 1
12

13

14 ### Error messages:

15 Runtime Error: Traceback (most recent call last):

16 File line 7, in <module>

17 assert search(42, (-5, 1, 3, 5, 7, 10))==6 and search(42, [1, 5, 10])==3 and search(5, (1, 5, 10))==1 and search(7,
[1, 5, 10])==2 and search(3, (1, 5, 10))==1 and search(-5, (1, 5, 10))==0 and search(1e, (-5, -1, 3, 5, 7, 10))==5
and search(-100, (-5, -1, 3, 5, 7, 10))==0 and search(®, (-5, -1, 3, 5, 7, 10))==2 and search(100, [])==0 and
search(-100, ())==0

18

19 File line 5, in search

20 return i + 1

21 ~

22 UnboundLocalError: cannot access local variable 'i' where it is not associated with a value

23

24

25 ### The test cases information is:

26 passed case 1: assert search(42, (-5, 1, 3, 5, 7, 10))==6

27 passed case 2: assert search(42, [1, 5, 10])==3

28 passed case 3: assert search(5, (1, 5, 10))==1

29 passed case 4: assert search(7, [1, 5, 10])==2

30 passed case 5: assert search(3, (1, 5, 10))==1

31 passed case 6: assert search(-5, (1, 5, 10))==0

32 passed case 7: assert search(10, (-5, -1, 3, 5, 7, 10))==5

33 passed case 8: assert search(-100, (-5, -1, 3, 5, 7, 10))==0

34 passed case 9: assert search(e, (-5, -1, 3, 5, 7, 10))==2

1: assert search(100, [1)==0
2: assert search(-100, ())==0

35 failed case
36 failed case
37

38 ### Reference code:
39  def search(x, seq):

40 for i in range(len(seq)):
41 if x <= seq[il:

42 return i

43 return len(seq)

Figure 5: Prompt example

While the specific value of n;,;. 1 not critical, we propose using a relatively small
Npasic because basic prompts tend to converge quickly, either succeeding consistently
or repeating errors. If no valid repair is found after np.;. iterations, the process shifts
to the CoT phase for more exploratory repair attempts.

This ordering is motivated by the observation that reference code has been shown to
be highly effective in facilitating bug fixes, as demonstrated in prior studies [54, 51, 18].
While the core principle of ComplementaryRepair lies in prompt diversity, prioritizing
prompts with higher repair potential enhances efficiency. These studies highlight
improvements achieved either through enhanced selection strategies for identifying
the most beneficial reference solutions or by refining the reference pool using various
optimization techniques. Prompt 4 follows, integrating all available information to
maximize contextual breadth, thereby facilitating a comprehensive evaluation before
narrowing focus. Prompt 2 is executed last, as its primary focus on error messages
and test outcomes ensures a more targeted diagnostic approach, minimizing potential
distractions from reference solution. The key of ComplementaryRepair is not about the
detailed prompt design, but the diversity in prompts could contribute to complementary
repairs.
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4.2 CoT Prompt Repair Phase

The iterative process in the Col’ prompt repair phase follows the same fundamental
logic as the basic prompt repair phase but introduces two key distinctions to enhance
repair success through exploratory reasoning. First, it employs the best practice of
zero-shot Chain-of-Thought (CoT) prompting [22] by appending the phrase "Let’s think
step by step." to the end of each basic prompt as shown in Figure 6. This encourages the
LLM to break down the repair process into intermediate steps, generating a rationale
before proposing a fix. Second, a higher iteration limit 7., is suggested compared to
the basic prompt repair phase, as the effectiveness of Col-based repair strategies is
more dependent on generating a greater number of repair attempts. The higher n.,;
reflects Col’s exploratory nature. While basic prompts tend to converge quickly, either
succeeding or repeating similar errors, Col' prompts produce more varied outputs
due to the variability introduced by the reasoning step. This divergence is critical for
repairing buggy submissions that resist straightforward fixes. However, Col prompting
introduces higher computational costs due to longer responses, as the model typically
generates explanatory rationale alongside the repaired code.

Operationally, the CoT phase follows the same prompt sequence as the basic phase
< prompt3 — prompt4 — prompt2 >, with the Col instruction appended to each.
After each response, the repaired code is extracted often from outputs, which typically
containing both reasoning and repaired code, and validated against the full test suite.

1 Your responsibility is to provide a fix for the buggy code.

2

3 ### Problem description:

4 Sequential Search: Implement a function that determines the appropriate insertion index for a given value x in a
5 sequence seq, ensuring that the sequence remains in non-decreasing order.
6

7 ### Buggy code:

8 def search(x, seq):

9 for i in range(len(seq)):

10 if x <= seqlil:

11 return i

12 i+1

13

14 ### Error messages:

15 Runtime Error: Traceback (most recent call last):

16 File line 7, in <module>

17 assert search(42, (-5, 1, 3, 5, 7, 10))==6 and search(42, [1, 5, 10])==3 and search(5, (1, 5, 10))==1 and
search([1, 5, 10])==2 and search(3, (1, 5, 10))==1 and search(-5, (1, 5, 10))==0 and search(10, (-5, -1, 3, 5, 7,
10))==5 and search(-100, (-5, -1, 3, 5, 7, 10))==0 and search(@, [ 1)==0 and search(-100, ( ))==0

18
19 File line 5, in search
20 return i + 1

21 UnboundLocalError: cannot access local variable 'i' where it is not associated with a value

23 ### The test cases information is:

24 passed case 1: assert search(42, (-5, 1, 3, 5, 7, 10))==6
25 passed case 2: assert search(42, [1, 5, 10])==3

26 passed case 3: assert search(5, (1, 5, 10))==1

27 passed case 4: assert search(7, [1, 5, 10])==2

28 passed case 5: assert search(3, (1, 5, 10))==1

29 passed case 6: assert search(-5, (1, 5, 10))==0

30 passed case 7: assert search(1e, (-5, -1, 3, 5, 7, 10))==5
31 passed case 8: assert search(-100, (-5, -1, 3, 5, 7, 10))==0
32 passed case 9: assert search(o, (-5, -1, 3, 5, 7, 10))==2
33 failed case 1: assert search(-100, [ ])==0

34 failed case 2: assert search(@, ( ))==0

36 ### Reference code:
37 def search(x, seq):

38 for i in range(len(seq)):
39 if x <= seqlil:

40 return i

41 return len(seq)

42

43 Let's think step by step.

Figure 6: CoT prompt example

30



4.3 Datasets

In introductory programming course assignments, the problem typically includes
a well-defined problem description, at least one reference solution, a suite of test
cases, and fundamental feedback such as compiler errors and test case failure details.
Additionally, peer or prior submissions may be available, except in cases where the
course or exercise is newly introduced. However, information such as fault locations
or detailed issue descriptions is not inherently provided within the original assignment
system and should not be treated as primary inputs in prompt design. To address these
requirements, we propose utilizing two open datasets from the National University of
Singapore [15], and the University of Dublin [3].

The Singapore dataset comprises five distinct introductory-level programming
tasks and an initial collection of 4225 submissions from 361 students. This dataset
is well-suited for our research due to its clearly defined programming problems,
comprehensive test suites, and the presence of a variety of common errors made by
novice programmers.

The Dublin dataset offers a larger scale, encompassing 34 different programming
tasks and a greater volume of student submissions. For our analysis, we specifically
selected submissions from the academic years 2015 to 2018, covering three academic
semesters. To manage the dataset size and focus on instances where students likely
require assistance, we retained only the final failed submission for each student. While
this selection strategy might not capture the full spectrum of errors encountered during
the programming process, the final failed submission often represents a point where
students have struggled through multiple attempts. For correct submissions within the
Dublin dataset, we only removed exact duplicate entries to maintain a valid pool of
correct reference code.

After applying these filtering procedures, the Singapore dataset yielded 1529 buggy
submissions, and the Dublin dataset contained 1475 buggy submissions. Although
the number of erroneous submissions is similar across both datasets after filtering,
their structural differences allow for distinct research focuses. The Dublin dataset,
with its 34 unique assignments, provides a broader evaluation of the LLM’s ability
to generalize repair capabilities across a wider range of programming problems.
Conversely, the Singapore dataset, consisting of only five assignments, enables a more
in-depth analysis of the model’s effectiveness in addressing the diverse types of errors
that can arise within a specific set of programming tasks. A summary of the key
characteristics of the filtered datasets is presented in Table 5.

Table 5: Datasets statistics

#Correct #Incorrect Avg. #Tokens Avg. #Lines #Problems

Singapore 1299 1529 102 11.9 5
Dublin 1803 1475 60 6.7 34
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4.4 Model and Quantization

To simulate scenarios with restricted hardware support, we primarily use the Q4-
quantized version of DeepSeek-Coder:6.7B-Instruct in our study. To compare the
performance of various open-source models and examine the effects of parameter
size and quantization, we conducted extensive experiments evaluating Complemen-
taryRepair across the DeepSeek-Coder family [13] (v1-1.3B, v1-6.7B, and v2-16B)
and the Qwen2.5-Coder family [17] (1.5B, 3B, 7B, and 14B) . Specifically, the
models we evaluated and tested are listed in Table 6. Within this rapidly advancing
field, DeepSeek-Coder and Qwen2.5-Coder have emerged as prominent families of
open-source language models explicitly engineered and optimized for code-related
tasks. DeepSeek-Coder is presented as a series of open-source language models
specifically designed to excel in coding tasks. Similarly, Qwen2.5-Coder is intro-
duced as a code-specific model built upon the Qwen2.5 architecture, with a focus on
programming-related applications.

Table 6: All artifacts used in this study

Model Size Quantaztion Public Link
q3 https://ollama.com/library/deepseek-coder:1.3b-instruct-q3_K_M
1.3B q4 https://ollama.com/library/deepseek-coder:1.3b-instruct-qg4_K_M
ds-coder-instret fpl6 https://ollama.com/library/deepseek-coder:1.3b-instruct-fp16
q3 https://ollama.com/library/deepseek-coder:6.7b-instruct-q3_K_M
6.7B q4 https://ollama.com/library/deepseek-coder:6.7b-instruct-qg4_K_M
fpl6 https://ollama.com/library/deepseek-coder:6.7b-instruct-fp16
. q3 https://ollama.com/library/deepseek-coder-v2:16b-lite-instruct-q3_K_M
ds-coder-v2-instruct  16B q4 https://ollama.com/library/deepseek-coder-v2:16b-lite-instruct-q4_K_M
q3 https://ollama.com/library/qwen2.5-coder:1.5b-instruct-q3_K_M
1.5B q4 https://ollama.com/library/qwen2.5-coder:1.5b-instruct-q4_K_M
fpl6 https://ollama.com/library/qwen2.5-coder:1.5b-instruct-fp16
3B q4 https://ollama.com/library/qwen2.5-coder:3b-instruct-q4_K_M
. ) fpl6 https://ollama.com/library/qwen2.5-coder:3b-instruct-fp16
qwen2.5-coderinstruct q3 https://ollama.com/library/qwen2.5-coder:7b-instruct-q3_K_M
7B q4 https://ollama.com/library/qwen2.5-coder:7b-instruct-q4_K_M
fpl6 https://ollama.com/library/qwen2.5-coder:7b-instruct-fp16
14B q3 https://ollama.com/library/qwen2.5-coder: 14b-instruct-q3_K_M
q4 https://ollama.com/library/qwen2.5-coder: 14b-instruct-g4_K_M

4.4.1 Deepseek Coder

The DeepSeek-Coder family [13] is a series of open-source language models optimized
for code-related tasks, with model sizes ranging from 1 billion to 33 billion parameters,
providing users with the flexibility to select a model that aligns with their specific
computational resources and performance needs. Each model is pre-trained from
scratch on a massive corpus of 2 trillion tokens, comprising 87% code and 13% natural
language in English and Chinese, enabling robust handling of both programming
and explanatory text. A notable aspect of the data preparation is the organization of
pre-training data at the repository level, along with the use of dependency parsing.
This approach is designed to enable the model to better understand code within
the context of multi-file projects, mirroring the complexities of real-world software
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development. This design makes DeepSeek-Coder particularly effective for tasks
like APR where understanding instruction and generating valid codes are critical.
Specifically, the instruction-tuned versions, especially the 33B parameter variant, have
demonstrated performance comparable to or exceeding that of OpenAl’s GPT-3.5
Turbo on code evaluation benchmarks, significantly narrowing the performance gap
with more advanced models like GPT-4. The models’ open-source nature also enables
local deployment, addressing privacy and cost concerns compared to closed-source
models.

4.4.2 Qwen2.5 Coder

The Qwen2.5 Coder family [17] is developed by Alibaba Qwen team, consisting of
models with sizes ranging from 0.5 billion to 32 billion parameters. The architecture
of Qwen2.5 Coder is directly derived from the Qwen2.5 series of LLMs, inheriting
its fundamental design and tokenizer. All models within the series share a core
architecture in terms of head size but differ in parameters such as hidden size, the
number of layers, and attention heads. These models undergo pre-training on an
extensive dataset exceeding 5.5 trillion tokens, named Qwen2.5-Coder-Data. This
dataset is a carefully constructed mix of source code from 92 programming languages,
text-code grounding data, synthetic data generated using previous Qwen models, where
math-related data, and general natural language data with code segments removed.
The pre-training process involves a sophisticated three-stage pipeline encompassing
file-level pretraining, repo-level pretraining, and post-training instruction tuning.
Currently, Qwen2.5 Coder-32B-Instruct has emerged as a state-of-the-art open-source
code model, demonstrating coding capabilities that match those of OpenAI’s GPT-40
on several benchmarks.

4.5 Testing Environment

A primary objective of this research is to demonstrate the feasibility of deploying
ComplementaryRepair in resource-constrained educational settings by utilizing small,
quantized LLMs locally, thereby avoiding reliance on costly cloud-based Application
Programming Interfaces (APIs). Consequently, all experiments were conducted on a
standard mid-range desktop PC with the hardware specifications detailed in Table 7.

Table 7: Hardware Specifications

Component Specifications
CPU 13th Gen Intel(R) Core(TM) i5-13600K 3.50 GH
GPU NVIDIA RTX 4060Ti 16GB
RAM 32GB DDRS5 6000MHZ

The processes of code generation and evaluation were implemented in a Python
environment leveraging the Ollama API on the Windows 11 operating system. The
key software components and their respective versions are listed in Table 8.
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Table 8: Software Specifications

Component Version
Operating System Windows 11 Pro 23H2
Cuda 12.6
Python 3.12.2
Ollama 0.6.2
Transformers 4.47.0

For the LLM inference settings, we primarily adhered to the default parameters
provided by the Ollama API. However, to carefully manage the balance between
the diversity and coherence of the generated code, we set the temperature parameter
to 0.2. Furthermore, recognizing that the input prompts, comprising student code,
task descriptions, error messages, and potential modal solutions, could be substantial
in length, we increased the context window size from the default 2048 tokens to
4096 tokens. This adjustment ensured that the models could effectively utilize the
complete contextual information provided in the prompt. To prevent excessively
long or potentially infinite generation, we set the maximum number of tokens to be
generated by the LLM to 2048.

The evaluation of the functional correctness of the generated repairs was conducted
by appending the extracted repaired code with all the provided test cases and executing
the resulting code. A repair was considered successful if the execution completed
without any runtime errors and all test cases passed. Conversely, the occurrence of
an AssertionError or any other runtime exception was classified as a failed repair.
Given that the original datasets did not specify explicit time or memory constraints
for the programming assignments, we applied lenient limits on execution time and
memory usage during the evaluation process, prioritizing the assessment of functional
correctness over performance optimization.
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5 Evaluation and Results

To clarify, ComplementaryRepair includes 3 basic prompts in the basic phase and 3
CoT prompts in the CoT phase, executed sequentially in a fixed order (Prompt3 —
Prompt4 — Prompt2 in our settings). Each phase iterates this sequence as a loop.
The process stops immediately once a generated repair passes all test cases. Therefore,
with np,c iterations for the basic phase and n.,, iterations for the Col phase, a
maximum of 3(npasic + neor) TEpairs could be generated per buggy code if no valid
repair is found earlier (or if one is found in the final prompt of the last iteration). In
the table below, "Avg. #Repairs" and "Avg. #Tokens" represent the average number
of responses generated and the total tokens produced per buggy code before a valid
repair is found or the maximum iteration limit is reached respectively. These metrics
provide a measure of the computational cost of ComplementaryRepair.

We focus our analysis on models with parameter size around 7 to 8B, as they
can generally fit within one large GPU while ensuring a relatively large context.
Specifically, we utilize the Deepseek-Coder-Instruct:6.7B [13], and with the INT4
quantization version, which could help save the memory requirement a lot while
keeping an acceptable performance reduction.

5.1 RQ1: Effectiveness of ComplementaryRepair

We conducted experiments across different settings, with different number of iterations
in the two phases. We first grouped the experiments by the total number of iterations
(Npasic + neor) and then evaluated performance based on different distributions of these
iterations between the two phases.

5.1.1 Results on Singapore

Several key observations can be drawn from the results of the experiments, as shown
in Table 9:

Table 9: Results of ComplementaryRepair performance in fixing Singapore (1529
buggy code submissions in total)

. Basic Phase CoTl Phase Repaired Repaired .. Repair Avg. Avg.
Model Size #Iteration  #Iteration in Basic in CoT Fail Rate #Repairs #Tokens

1 0 1416 - 113 92.6 1.40 297

0 1 - 1430 99 93.5 1.39 494

2 0 1467 - 62 95.9 1.56 348

1 1 1417 87 25 98.4 1.50 349

ds-coder-instruct  6.7B 0 2 - 1492 37 97.6 1.55 561
3 0 1483 - 46 97.0 1.66 370

2 1 1468 43 18 98.8 1.63 372

1 2 1419 99 11 99.3 1.54 363

0 3 1522 7 99.5 1.49 532

* First, ComplementaryRepair efficiently repairs most buggy codes. With just
one iteration in the basic prompt phase and one in the CoT prompt phase (1,1),
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it achieves a repair rate of 98.4%. Increasing iterations in either phase slightly
increases the repair rate, reaching 98.8% with an additional basic phase iteration
(2,0) and 99.3% with an extra CoT phase iteration (1,2).

Second, the CoT prompt repair phase demonstrates greater exploratory
potential compared to basic prompt repair phase. Across paired settings
with equal total iterations: (1,0) vs. (0,1), (2,0) vs. (0,2), and (3,0) vs. (0,3),
the CoT-only strategy consistently produces higher or at least equal repair rates
compared to basic-only strategy. The (0,3) combination even achieves the
highest repair rate of 99.5%, outperforming all other groups.

Third, while a CoT-only strategy could deliver high repair rate, this im-
provement comes at a significant computational cost. This cost is reflected
in the average number of tokens generated per buggy code until a valid repair
is found or the iteration limit is reached (Avg. #Tokens). For instance, (0,2)
requires an average of 561 tokens per buggy code, significantly higher than the
348 for (2,0). Similarly, (0,3) averages 532 tokens, substantially exceeding the
costs of (3,0), (2,1) and (1,2).

Fourth, combining basic and CoT phases provides a balanced trade-off
between repair rate and computational cost.For group with two total iterations,
the (1,1) combination reduces the average tokens from 561 in (0,2) to 349, while
even increasing the repair rate by 0.8%. Compared to (2,0), (1,1) increases the
repair rate from 95.9% to 98.4% only 1 token increased in Avg. #Tokens (though
this may partly due to LLM randomness, it suggests close computational costs).
Similar patterns hold for (2,1) and (1,2) versus (3,0) and (0,3), highlighting the
efficiency of mixed strategies.

Lastly, when both phases have at least one iteration, a higher number of
CoT iterations (72.,;) tends to be more effective than a higher number of
basic iterations (n,.5.). For instance, (1,2) outperforms (2,1) in repair rate,
average number of repairs (Avg. #Repairs), and average tokens (Avg. #Tokens).
This reflects the divergent nature of Col prompts in small LLMs discussed
earlier, which produce more varied and complementary repairs, unlike basic
prompts that often generate similar attempts with correlated success or failure.

We also compare ComplementaryRepair with the current state-of-the-art APR
method tested on the Singapore dataset from Ishizue et al.[18]. Their approach
integrates code refactoring techniques, drawing from the work of Hu et al. [15], with
the capabilities of ChatGPT to repair buggy student submissions. This method involves
providing detailed instructions outlining the repair requirements, along with modal
solutions derived from refactored code exhibiting the highest structural similarity
to the erroneous code. Given that their study did not focus on computational cost,
our comparison primarily centers on repair rates. The detailed result is shown in the
Table 10.

For this comparison, we select three ComplementaryRepair configurations: (0,1),
(1,1), and (0,3). The reasoning behind these choices is as follows:
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* (0,1): To ensure a fair comparison with the state-of-the-art method, which
performs a maximum of three repair attempts per buggy code, we selected the
(0,1) ComplementaryRepair configuration. This configuration also adheres to a
maximum of three attempts (one CoT iteration) and achieved a repair rate of
93.3% in our experiments.

* (1,1): This configuration, allowing up to six repair attempts, represents the core
design of ComplementaryRepair, incorporating at least one iteration of both the
basic and CoT prompting phases. It provides insight into the performance of
our fundamental approach.

* (0,3): This configuration, permitting a maximum of nine repair attempts,
yielded the highest repair rate in our experimental evaluation, reaching 99.3%. It
demonstrates the upper-bound performance achievable by ComplementaryRepair
with increased exploration.

Table 10: Comparison with state-of-the-art

. Avg.
Method Model Size Q1 Q2 Q3 Q4 Q5 Repair Rate
Refactory Only - - 99.3 78.6 974 854 833 88.8
Refactory with GPT gpt-3.5 175B 99.3 96.6 994 958 87.0 95.6
Refactory with GPT gpt-4 - 99.8 995 994 983 89.8 97.4
ComplementaryRepair (0,1) 939 873 978 97.3 90.7 93.5
ComplementaryRepair (1,1) ds-coder-instruct 6.7B  98.4 97.1 99.6 99.7 954 98.4
ComplementaryRepair (0,3) 99.8 983 100 100 100 99.5

It is important to note that while the most direct comparison is with the (0,1)
configuration, which achieved a repair rate of 93.3% and underperformed the reported
state-of-the-art repair rates of 95.6% and 97.4%, the state-of-the-art method relies
on two advanced commercial LLMs with significantly larger parameter counts. In
contrast, ComplementaryRepair achieved its 93.3% repair rate using a considerably
smaller 6.7 billion parameter quantized model. This highlights the potential cost-
efficiency and effectiveness of our approach even with more resource-constrained
models. Furthermore, when ComplementaryRepair was allowed a greater number
of attempts, as in the (1,1) and (0,3) configurations, it surpassed the state-of-the-art
repair rates, achieving 98.4% and 99.5% respectively, compared to the state-of-the-
art’s highest reported rate of 97.4%. This suggests that with increased exploration,
ComplementaryRepair can achieve superior repair performance, even when compared
to methods leveraging much larger commercial models.

5.1.2 Results on Dublin

Compared to the Singapore dataset, Dublin contains much more problems, and thus
potentially more types of errors among different types of problems. Overall speaking,
the observations and conclusion drawn from the results of Singapore dataset also holds
for the Dublin datasets:
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* First, ComplementaryRepair demonstrated robust effectiveness on the
Dublin dataset, achieving a repair rate of 92.7% with the (1,1) prompting
configuration. Further increasing the number of CoT iterations to two in the
(1,2) configuration resulted in an improved repair rate of 94.0%, indicating the
continued benefit of deeper exploration through CoTl’ prompting.

* Second, consistent with the findings from the Singapore dataset, the CoT
prompting phase exhibited a greater capacity for exploring the solution
space compared to the basic prompting phase. However, a notable difference
in the Dublin dataset was that a strategy relying solely on CoT prompts did not
consistently outperform a mixed strategy (combining basic and CoT prompts).
Specifically, the (1,1) configuration, employing one iteration of both basic and
CoT prompts, achieved a higher repair rate (92.7%) than the (0,2) configuration,
which utilized two CoT prompt iterations (92.0%). Furthermore, the (1,1)
strategy exhibited greater efficiency, requiring fewer average tokens (283)
compared to the (0,2) strategy (437). This outcome suggests that, for the Dublin
dataset, the integration of basic and CoT prompts yielded a more effective and
resource-efficient repair process than relying solely on Col-based exploration.

* Third, the CoT-only strategy continued to exhibit a higher computational
cost, as evidenced by a significantly larger average number of generated
tokens. For instance, utilizing one basic prompt iteration (1,0) resulted in an
average of 210 tokens, whereas a single Col prompt iteration (0,1) yielded a
substantially higher average of 369 tokens. This reinforces the observation that
the more elaborate reasoning process inherent in Col prompting incurs greater
computational resource consumption.

* Fourth, the mixed prompting strategy effectively balanced repair rate and
computational cost. The (1,1) configuration not only outperformed the (0,2)
configuration in terms of repair rate but also required fewer average tokens.
When compared to using two basic prompt iterations (2,0), the (1,1) strategy
increased the repair rate from 91.1% to 92.7% with a relatively small increase
of 18 tokens in the average number of tokens generated, establishing it as the
most cost-efficient 2-iteration setting.

* Finally, a higher number of CoT iterations n.,, still tended to yield a
better repair rate than a higher number of basic iterations n,,5. when
both prompting phases were allocated at least one iteration, although
this advantage was less pronounced than in the Singapore dataset. For
example, the (1,2) configuration achieved a 0.3% higher repair rate than the
(2,1) configuration, at an additional cost of 14 tokens on average. This contrasts
with the Singapore results, where increasing n.,; in similar configurations not
only improved the repair rate but also sometimes reduced the average token
count.

In summary, the results obtained from the Dublin dataset largely mirrored the
key observations from the Singapore dataset, affirming the overall effectiveness of
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ComplementaryRepair and the distinct characteristics of basic and Col prompting.
However, the Dublin results underscored a more pronounced synergistic effect when
basic and CoTl prompts were combined to maximize both repair success and com-
putational efficiency. Furthermore, the advantage of increasing CoT iterations over
basic iterations, while still present, was less pronounced in the Dublin experiments
compared to the Singapore ones.

Table 11: Results of ComplementaryRepair performance in fixing Dublin (1475
buggy code submissions in total)

. Basic Phase CoTl Phase Repaired Repaired .. Repair Avg Avg
Model Size #Iteration  #Iteration in Basic  in CoT Fail Rate #Repairs #Tokens
1 0 1298 - 177  88.0 1.36 210
0 1 - 1298 177  88.0 1.41 369
2 0 1344 - 131  91.1 1.68 265
1 1 1294 73 108 92.7 1.64 283
ds-coder-instruct  6.7B 0 2 - 1357 118 920 1.68 437
3 0 1341 - 134 90.9 1.98 312
2 1 1326 56 93 93.7 1.95 332
1 2 1290 96 89 94.0 1.88 346
0 3 - 1370 105 929 1.93 498

5.2 RQ2: Impact of Prompt Diversity and Pipeline Design

We conducted experiments to assess the impact of prompt design strategies, specifically
focusing on diverse prompting strategies and the two-phase pipeline design. To evaluate
the effect of diverse prompts, we compared our standard approach, which use three
distinct prompts per iteration, against an alternative where a single prompt is reused
to generate three responses per iteration, maintaining the same maximum response
generation limit. Specifically, we performed three sets of experiments: one with
the full two-phase design (basic and CoTl prompt phases), one using only the basic
prompt repair phase, and one using only the Col' prompt repair phase. In these
experiments, the first set follows the prompt sequence of ComplementaryRepair
(Prompt3 — Prompt4 — Prompt2). The other sets each use a single prompt,
either Prompt2, Prompt3, or Prompt4, and its corresponding CoT version, repeated
3 times to ensure a fair comparison. Detailed results are shown in Table 12 13.

The results demonstrate that diverse prompts significantly outperform single-
prompt strategies across all experimental settings. For example, in the Singapore
dataset, the diverse prompt approach in the basic phase achieves a repair rate of
92.6%, substantially higher than single-prompt baselines using Prompt 2 (70.2%),
Prompt 3 (81.2%), or Prompt 4 (83.2%). Moreover, it maintains a low computational
cost, averaging 297 tokens (Avg #Tokens), which is lower than or comparable to
the single-prompt groups (448, 297, and 356 tokens, respectively). Similar trends
hold for the CoT phase and two-phase experiments, where diverse Col prompts yield
higher repair rates while keeping Avg #Tokens competitive. These findings highlight
the effectiveness of prompt diversity in improving repair success and computational
efficiency.
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Table 12: Results of different prompts design in fixing Singapore (1529 buggy code
submissions in total)

. Repaired Repaired .. Repair Avg. Avg.
Model Size Prompts in%asic ianOT Fail Rgte #Repiirs #Tokgéns
basic(p3,p4,p2) ->cot(p3,p4,p2) 1417 87 25 98.4 1.50 349
basic(p2,p2,p2) ->cot(p2,p2,p2) 1035 222 272 822 2.42 717
basic(p3,p3,p3) ->cot(p3,p3,p3) 1241 234 54 96.5 1.79 425
basic(p4,p4,p4) ->cot(p4,p4.p4) 1324 157 48 96.9 1.67 436
basic(p3,p4,p2) 1416 - 113 92.6 1.40 297
. . basic(p2,p2,p2) 1074 - 455 70.2 1.70 448
ds-coder-instruct 6.7B basic(p3,p3,p3) 1242 - 287 812 149 297
basic(p4,p4,p4) 1243 - 286  83.2 1.45 356
cot(p3,p4,p2) - 1430 99 93.5 1.39 494
cot(p2,p2,p2) - 1184 345 774 1.68 593
cot(p3,p3,p3) - 1359 170 88.9 1.44 525
cot(p4,p4.p4) - 1341 188  87.7 1.44 510

Table 13: Results of different prompts design in fixing Dublin (1475 buggy code
submissions in total)

. Repaired Repaired .. Repair Avg. Avg.
Model Size Prompts in%asic ianoT Fail Rgte #Repgairs #Tok%:ns

basic(p3,p4.p2) ->cot(p3,p4,p2) 1294 73 108 92.7 1.64 283

basic(p2,p2,p2) ->cot(p2,p2,p2) 995 126 354 76.0 2.50 502

basic(p3,p3,p3) ->cot(p3,p3,p3) 1242 120 113 923 1.73 298

basic(p4,p4.p4) ->cot(p4,p4.p4) 1163 132 180  87.8 1.95 378

basic(p3,p4,p2) 1298 - 177  88.0 1.36 210

. basic(p2,p2,p2) 1009 - 466  68.4 1.68 281
ds-coder-instruct - 6.7B basic(p3,p3,p3) 1238 - 237 839 140 211
basic(p4,p4.,p4) 1165 - 310  79.0 1.47 252

cot(p3,p4,p2) - 1298 177  88.0 1.41 369

cot(p2,p2,p2) - 1063 412 721 1.69 468

cot(p3,p3.p3) - 1288 187 873 1.41 365

cot(p4,p4.p4) - 1209 266  82.0 1.47 387

The benefits of the two-phase design have been partly demonstrated in previous
sections, where the two-phase design effectively balances repair rate and computational
cost. To further reveal the two-phase design, we conducted additional experiments
reversing the phase order: starting with the Col' prompt repair phase followed by
the basic prompt repair phase. The results are presented in Table 14. For the
Singapore dataset, besides the slight improvement in repair rate, the proposed standard
ComplementaryRepair structure (basic phase first, Col phase second) significantly
outperforms the reversed order in efficiency, reducing the Avg. #Tokens from 519
to 349. Similarly, for the Dublin dataset, the standard structure not only improves
efficiency by lowering Avg. #Tokens from 414 to 283, but also achieves a higher repair
rate (92.7% compared to 91.7%). These results indicate that the proposed structure
maintains the overall repair rate while substantially reducing computational cost, as
measured by Avg. #Tokens.
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Table 14: Results of different phase orders

Model Size Datasets Method Repaired in  Repaired in Fail Repair Avg. Avg.

First Phase Second Phase Rate  #Repairs #Tokens
Singapore  Dasic ->CoT 1417 87 25 984 150 349
ds-coder-instruct  6.7B &ap CoT ->Basic 1426 76 27 98.2 1.49 519
e Dbl Basic >CoT 1294 73 108 927 164 283
ublin CoT ->Basic 1299 54 122 91.7 1.68 414

5.3 RQ3: Model Size, Quantization, and Performance

We investigated how varying the size and quantization level of the underlying LL.Ms
impacts the effectiveness of ComplementaryRepair. To ensure a consistent evaluation,
we employed the (1,1) prompting configuration (one basic and one CoT iteration).
Our analysis included the DeepSeek-Coder family (1.3B, 6.7B, and 16B parameters)
and the Qwen2.5-Coder family (1.5B, 3B, 7B, and 14B parameters), each tested
across different quantization levels. The detailed performance metrics are presented in
Table 15 and Table 16. Our findings reveal two primary insights:

First, quantization offers a substantial reduction in model size with minimal
performance degradation. Across all tested LLMs, quantizing the models significantly
decreased their memory footprint while maintaining comparable repair capabilities to
their full-precision counterparts. Specifically, models quantized to 4 bits (Q4) exhibited
negligible differences in repair accuracy on introductory programming tasks. However,
reducing the quantization to 3 bits (Q3) resulted in a more noticeable performance
drop, particularly pronounced in smaller models. For example, the Qwen2.5-Coder
1.5B model experienced a decrease in repair rate from 93.9% (Q4) to 88.4% (Q3) on
the Singapore dataset, accompanied by an increase in the average number of tokens
generated (from 562 to 721). Conversely, larger models like the Qwen2.5-Coder 7B and
14B showed only minor performance variations between Q3 and Q4 quantization, with
Q3 occasionally even exhibiting slightly better repair rates (likely due to inherent LLM
variability, indicating practically equivalent performance). These results underscore
the utility of quantization as a resource-efficient strategy. Notably, Q4-quantized
versions of larger models consistently outperformed full-precision smaller models of
similar size, highlighting the benefits of scale even with quantization. For instance,
Qwen2.5-Coder 14B (Q4) surpassed Qwen2.5-Coder 7B (FP16), and Qwen2.5-Coder
3B (Q4) outperformed Qwen2.5-Coder 1.5B (FP16) in terms of repair rate.

Second, ComplementaryRepair provides a greater relative advantage for smaller
LLMs. Smaller models, which inherently exhibit a higher failure rate on average, benefit
more significantly from the diverse repair attempts generated by ComplementaryRepair.
We observed a trend where larger models typically achieved successful repairs with
fewer attempts, indicated by a lower average number of repairs. In contrast, smaller
models leveraged ComplementaryRepair’s ability to produce varied and meaningful
repair suggestions, avoiding repetitive outputs often seen with single prompting
strategies. This enabled smaller models to achieve competitive repair rates despite
the baseline performance superiority of larger models. For the Singapore dataset,
the DeepSeek-Coder 6.7B model even outperformed the 16B model in repair rate
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while generating fewer average tokens. However, on the more challenging Dublin
dataset, the performance gains associated with larger models were more pronounced,
suggesting that problem complexity amplifies the performance differences between
model sizes. Therefore, the selection of an LLM for automated program repair should
consider the difficulty level of the programming assignments. For highly complex
tasks, larger models may offer a substantial advantage, whereas for assignments of
appropriate difficulty, ComplementaryRepair can effectively mitigate the performance
gap between smaller and larger LLMs. Considering that introductory programming
assignments are generally not excessively complex, we recommend utilizing models
around the 7 billion parameter scale, as they offer a robust balance between repair
effectiveness and computational demands.

Table 15: Results of different LLMs in fixing Singapore (1529 buggy code submissions
in total): the result demonstrates that Q4 quantization offers substantial memory
reduction with minimal performance loss across DeepSeek-Coder and Qwen?2.5-
Coder families. Smaller models benefit relatively more from ComplementaryRepair’s
diverse attempts, enabling competitive repair rates, with Q4-quantized larger models
outperforming full-precision smaller counterparts.

. . Repaired Repaired .. Repair Av Av;
Model Size  Quantaztion inI;Sasic ianOT Fail Rgte #Repgirs #Tokins
q3 172 108 1249 183 547 2882
1.3B q4 253 124 1152 247 5.25 3041
ds-coder-instret fpl6 265 146 1118 269 5.17 3121
q3 1428 71 30 98.0 1.51 412
6.7B q4 1417 87 25 98.4 1.50 349
fpl6 1432 73 24 98.4 1.47 353
. q3 1472 35 22 98.6 1.27 512
ds-coder-v2-instruct 16B g 1451 49 29 08 1 134 518
q3 1187 165 177 88.4 2.26 721
1.5B q4 1331 104 94 93.9 1.83 562
fpl6 1256 169 104 93.2 2.02 600
3B q4 1387 87 55 96.4 1.64 550
qwen?2.5-coder-instruct fpl6 1392 86 51 96.7 1.58 533
q3 1490 33 6 99.6 1.20 247
7B q4 1493 29 7 99.5 1.2 254
fpl6 1492 25 12 99.2 1.19 251
14B q3 1522 6 1 99.9 1.06 332
q4 1516 9 4 99.7 1.08 340
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Table 16: Results of different LLMs in fixing Dublin (1475 buggy code submissions
in total): on the more challenging Dublin dataset, the performance advantage of larger
LLMs becomes more pronounced. While quantization still offers memory savings
with limited impact at Q4, the benefits of scale are amplified by task complexity,
suggesting that larger models yield more significant gains for harder programming

assignments.
. . Repaired Repaired .. Repair Av; Av;
Model Size  Quantaztion in‘;}asic ianOT Fail Rgte #Repiirs #Tokins

q3 387 161 927 372 4.79 2148

1.3B q4 552 209 714 51.6 4.30 2115

ds-coder-instret fpl6 563 204 708 52 4.26 2196
q3 1290 64 121 91.8 1.68 341

6.7B q4 1294 73 108 927 1.64 283

fpl6 1309 61 105 929 1.62 291

. q3 1268 56 151 89.8 1.75 477
ds-coder-v2-instruct 16B ¢ 1321 56 08 93.4 159 393
q3 1112 152 211 857 2.27 494

1.5B q4 1191 108 176 88.1 1.97 404

fpl6 1178 108 189 872 2.08 409

3B q4 1261 77 137 90.7 1.83 451

qwen?.5-coder-instruct fpl6 1228 110 137 90.7 1.89 493
q3 1268 66 141 90.4 1.73 264

7B q4 1291 57 127 914 1.65 252

fpl6 1300 53 122 917 1.61 238

14B q3 1351 36 88 94 1.43 376

q4 1345 37 93 93.7 1.45 385

43



6 Discussion

6.1 Summarizing Research Questions and Answers

Below, we summarize the answers to our research questions (RQs) based on the
experimental findings:

RQ1: Effectiveness of ComplementaryRepair
ComplementaryRepair efficiently repairs introductory programming assignments,
achieving high repair rates with modest computational resources. It fixes up to 99.5%
of buggy submissions in the Singapore dataset and 94.0% in the Dublin dataset.
Given that our framework is primarily tested based on a quantized (Q4) 6.7B model
(DeepSeek-Coder), which has significantly lower computational requirements than
larger or closed-source models, ComplementaryRepair substantially enhances the
repair capabilities of small LLMs. This offers a cost-efficient, locally deployable
alternative, reducing reliance on expensive APIs and addressing privacy concerns.

RQ2: Impact of Prompt Diversity and Pipeline Design.
Prompt diversity significantly increases repair rates compared to using a single prompt.
By leveraging varied prompts, ComplementaryRepair achieves higher success with
fewer attempts, reducing the average number of tokens (Avg #Tokens) and thus
computational cost. The pipeline design, which executes basic prompts first before
CoT prompts optimizes efficiency, yielding repair rates comparable to a CoT-first
approach but with substantially lower Avg #Tokens.

RQ3: Model Size, Quantization, and Performance.
ComplementaryRepair performs robustly across various small LLMs. Quantization
(e.g., Q4) significantly reduces model size for all tested LLMs while maintaining
competitive repair performance compared to their full-precision counterparts. Notably,
ComplementaryRepair provides greater relative benefits to smaller models than to
larger ones, enhancing their effectiveness in APR tasks despite limited parameters.
This demonstrates the framework’s ability to empower resource-constrained models
for educational settings.

6.2 ComplementaryRepair and other APR approaches

The key idea of ComplementaryRepair is using prompt diversity to increase overall
repair rates. While diversity drives our approach, the quality of individual prompts
remains essential. Our preliminary experiments on the Singapore dataset also demon-
strate this, where distinct prompts yield varied pass @k values, highlighting the impact
of prompt design. Therefore, we draw inspiration from existing APR methods to craft
effective prompts, tailoring them to leverage complementary repair effects.

For instance, Peer-aided Repair [54] emphasizes the role of reference code in
guiding LLMs to fix buggy submissions, suggesting that successful peer submissions
form a valuable reference pool. They argue that reference code most similar to the
buggy code provides the greatest insight. Inspired by this, we select reference code
using CodeBLEU [34], which measures syntactic and semantic similarity, choosing
the submission with the highest score to inform repairs.
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Test cases and error messages are also common in APR prompts. For example,
ChatRepair [48] iteratively tests generated code and incorporates new error messages
if repairs fail, refining the LLM’s focus. In contrast, ComplementaryRepair collects
only the initial buggy code’s error messages, as our framework prioritizes exploring
diverse repair paths over iterating on a single reasoning trajectory.

The concept of complementary repairs is partly inspired by Pydex [51], which
notes that varied prompts can outperform a single prompt in repair rate. However,
Pydex focuses on dividing APR process into syntax and semantic phases without fully
exploring or evaluating complementary effects. Additionally, it generates multiple
responses from different prompts without a structured pipeline or consideration of
computational cost. In contrast, ComplementaryRepair proposes a deliberate pipeline
to maximize complementary effects by exploiting prompt characteristics. Basic
prompts, with high pass@1 and lower average token counts (Avg #Tokens), offer
efficient, stable repairs. Col prompts, with higher pass @k at larger k and more tokens,
excel at divergent exploration, avoiding repetitive errors. This informs our design:
basic prompts are used first with fewer iterations for quick wins, followed by CoT
prompts to tackle unresolved cases creatively, optimizing both repair success and
computational efficiency.

6.3 Program Repairs and Similarity

In the evaluation, we did not mention about the modification distance between the
original buggy code and the repaired code. In practice, we would prefer repaired code
that with minimal modification and higher similarity, as we want the generated code to
be based on the original buggy code rather than a completely new code. Only this kind
of repaired code could provide more insights related to the errors, and give values to
students.

To evaluate whether ComplementaryRepair can repair code with minimal modifi-
cations, we measured the similarity between the buggy code and the repaired code
based on edit distance. The results are shown in Figure 7. The similarity is relatively
stable among different structural settings of ComplementaryRepair, with all median
similarity values around 0.64. This suggests that ComplementaryRepair repairs buggy
code rather than generating nearly new code. Additionally, repairs generated by CoT
prompts tend to be less similar to the original buggy code compared to those from
basic prompts. This pattern is consistent across all three group comparisons: (1,0) vs.
(0,1), (2,0) vs. (0,2), and (3,0) vs. (0,3). This difference may stem from the divergent
nature of CoTl’ prompts, which tends to produce repairs that deviate more from the
original code.

For the Dublin dataset, the similarity results is shown in Figure 8, which are
more promising than those for Singapore. The median similarity values in Dublin are
consistently around 0.8, higher than the 0.65 observed in Singapore. A similar trend is
also noted in Dublin, where repairs generated by Col prompts are less similar to the
original buggy code compared to those produced by basic prompts. Overall, these
findings suggest that the level of modification introduced by ComplementaryRepair
remains acceptable.
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Figure 7: Similarity between buggy and repaired code across different Complemen-
taryRepair settings for Singapore
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Figure 8: Similarity between buggy and repaired code across different Complemen-
taryRepair settings for Dublin

6.4 Threats to Validity

Internal Validity. The original datasets lack explicit time and memory constraints,
which are common in programming education and affect solution design and feasi-
bility. To address this, we applied relaxed time and memory limits during testing,
focusing primarily on repair accuracy. Additionally, our setup assumes access to
peer submissions as a source of reference code, which may not be available in all
educational contexts. However, ComplementaryRepair aims to exploit diverse prompts
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to generate varied solution paths and complementary repairs, so the specific prompt
components are less critical than their diversity. Another concern arises from the
inherent randomness of LLMs. We set the temperature to a low value (0.2) to reduce
variability, but some uncertainty in repair generation persists. Given the close statistical
margins in some of our results, this randomness could introduce bias, potentially
skewing the observed outcomes.

External Validity. Both datasets used in this study consist exclusively of Python
programming assignments. As a result, our evaluation of the complementary effects
and performance of ComplementaryRepair is limited to Python programs, and its
effectiveness for other programming languages remains unexplored. Additionally,
both datasets focus on introductory-level programming assignments, typically con-
sisting of single-file programs with one or a few functions and well-defined problem
statements. Consequently, our study evaluates ComplementaryRepair in the context
of introductory level programming tasks, without assessing its applicability to more
complex programming assignments.
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7 Conclusion

We propose ComplementaryRepair, an APR framework designed to repair intro-
ductory programming assignments. The proposed framework primarily utilize the
complementary repairs contributed by diverse prompts. This framework leverages
complementary repairs generated by diverse prompts. The verifiable nature of in-
troductory programming assignments makes exploring more potential solutions a
promising strategy for improving repair rates. ComplementaryRepair operates in two
phases: a basic prompt repair phase and a CoTl’ prompt repair phase. The two-phase
design allows the basic prompt phase to quickly generate valid repairs for most buggy
code, while the CoT phase exploits its divergent nature to explore a wider range of
potential solutions for difficult cases unresolved by the basic phase. This combination
enables ComplementaryRepair to achieve a strong balance between repair rate and
computational cost.

We evaluate this framework on two open-source datasets of introductory program-
ming assignments from the National University of Singapore [15] and the University of
Dublin [3]. Results demonstrate a strong balance between repair rate and computational
cost. For instance, a repair-rate-oriented setting fixes 99.5% of buggy code in the
Singapore dataset, averaging 1.49 attempts and 532 tokens per assignment, while a bal-
anced setting achieves 98.4% with 349 tokens. We developed ComplementaryRepair
on a small-sized, quantized version of an LLM, specifically the DeepSeek-Coder:6.7B
model with Q4 quantization. Our experiments demonstrate that, with an effective
pipeline design, even this compact model can outperform state-of-the-art GPT-4-based
methods in repair rate for introductory programming assignments. Given that such
assignments are typically simple and well-defined, we show that small, properly
quantized LLMs offer competitive repair capabilities suitable for practical deployment.
Proper quantization settings help mitigate computational resource constraints and
reduce computational costs. We further evaluate ComplementaryRepair over small
open-source LLMs with different quantization settings, demonstrating that Q4 quanti-
zation generally offers a good balance between repair rate and memory requirements.
Notably, ComplementaryRepair provides greater benefits for smaller models than for
larger models, enhancing their capability to generate reliable repairs for introductory
programming assignments. This makes them appropriate for educational scenarios
where computational resources are limited or data privacy is a concern.
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