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 Automatic code repair is an important task in software development to 

reduce bugs efficiently. This research focuses on developing and evaluating 

a chain-of-thought (CoT) prompting approach to improve the ability of large 

language models (LLMs) in automated program repair (APR) tasks. CoT 

prompting is a technique that guides LLM to generate step-by-step 

explanations before providing the final answer, so it is expected to improve 

the accuracy and quality of code repair. This research uses the QuixBugs 

dataset to evaluate the performance of several LLM models, including 

DeepSeek-V3 and GPT-4o, with two prompting methods, namely standard 

and CoT prompting. The evaluation is based on the average number of 

plausible patches generated as well as the estimated token usage cost. The 

results show that CoT prompting improves performance in most models 

compared with the standard. DeepSeek-V3 recorded the highest performance 

with an average of 36.6 plausible patches and the lowest cost of $0.006. 

GPT-4o also showed competitive results with an average of 35.8 plausible 

patches and a cost of $0.226. These results confirm that CoT prompting is an 

effective technique to improve LLM reasoning ability in APR tasks. 
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1. INTRODUCTION 

Software development is an inherently complex process prone to errors. Bugs or defects in software 

can result in serious consequences, ranging from user inconvenience to significant financial losses [1].  

Thus, bug fixing is a critical task in the software development lifecycle. However, manual bug fixing is often 

time-consuming and resource-intensive [2]. This is where automated program repair (APR) plays a crucial 

role in enhancing efficiency and reducing bug-fixing costs. 

In recent years, APR has become an active area with various approaches proposed, including  

search-based, constraint-based, template-based, and learning-based methods [3], [4]. One of the latest 

advancements in APR involves the utilization of large language models (LLMs) such as GPT-3 and Codex 

[5]. Codex is a model developed by OpenAI and designed to handle various programming tasks, including 

code generation, problem-solving, and bug fixing [6]. Additionally, Codex serves as the backbone of GitHub 

Copilot, a tool that aims developers in writing code more quickly and efficiently [5]. Despite these 

advancements, the performance of LLMs in bug fixing can be further improved. Prenner et al. [7] evaluated 

Codex's bug-fixing capabilities using the QuixBugs dataset and found that prompts significantly impact 
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Codex's performance. Conversely, inappropriate prompts may cause Codex to produce incorrect fixes. 

Therefore, developing effective prompting techniques is essential to enhance LLM performance in APR. 

A prompt is a set of instructions provided to an LLM to generate specific responses or outputs [8]. In the 

context of LLM, prompts are often designed with a technique known as prompt engineering. Prompt engineering 

involves systematically designing prompts to guide LLMs in generating desired outputs or achieving particular 

goals [8]. This technique involves crafting effective patterns or templates to help models understand the given 

task, especially in cases that require reasoning or complex problem-solving. However, the prompt engineering 

concept that has yet to be extensively explored in APR is chain-of-thought (CoT) prompting. CoT prompting is 

a technique that guides LLMs to produce step-by-step explanations before providing a final answer [9], [10]. 

This approach has proven effective in enhancing LLM performance in various tasks, such as arithmetic and 

problem-solving [11]. CoT prompting enables LLMs to decompose complex problems into simpler sub-

problems and provide more structured explanations [12]. In the context of APR, CoT prompting can assist 

LLMs in better understanding the bug context, identifying its causes, and generating correct fixes. 

Hence, this study aims to explore the potential and design effective CoT prompting techniques, 

based on relevant literature to improve LLM performance in APR. In this study, the proposed CoT prompt 

structure will be compared with the standard prompting approach to evaluate performance improvement and 

cost efficiency. Standard prompting is a straightforward approach where a model is given a question or 

problem and directly produces a final answer. Conversely, CoT prompting guides the model to provide a 

step-by-step explanation before generating the final answer. The evaluation will use the QuixBugs dataset 

[13], which is a benchmark designed to test APR capabilities. Furthermore, the QuixBugs dataset has been 

widely used in various APR studies to assess code repair techniques [14]. In this study, the evaluation results 

include an analysis of the LLM's performance in generating correct code repairs on the QuixBugs dataset, as 

well as a cost estimate based on the number of tokens used. Therefore, the contribution of this study is to 

develop the structure of CoT prompting for APR and to compare the performance of various LLM models 

using the standard prompting and our proposed CoT prompting. 
 
 

2. METHOD 

2.1.  Dataset 

The dataset employed in this study is QuixBugs, a benchmark comprising 40 programs with bugs 

implemented in both Python and Java [15]. QuixBugs was selected because it provides well-defined test cases 

that can be utilized to evaluate the outcomes of code repairs [14]. The bugs present in QuixBugs encompass a 

wide range of common errors in software development, such as logical, arithmetic, and function call errors. 
 

2.2.  Utilizing the LLMs models with API 

This study utilizes various LLMs to assess the effectiveness of CoT prompting for APR tasks, as 

listed in Table 1. We used 10 public LLMs that were released from mid until the end of 2024 and it could be 

accessed via API, such as GPT-4o, o1-Preview, o1-mini, Claude-3.5-Sonnet, Llama-3.3-70B, Gemini-1.5-

Pro, Gemini-1.5-Flash, Grok-Beta, and Grok-2. These models were selected based on the quality index 

published by artificial analysis [16]. Additionally, this study incorporates the DeepSeek-V3 model, a new 

model demonstrating significant potential in code repair tasks [17]. Hence, this study can evaluate the 

effectiveness of CoT prompting across models with different approaches. 
 

 

Table 1. The LLM models used in this study 
Model API 

provider 

Total 

params 

Open 

source 

Release date 

(2024) 

Knowledge 

cutoff 

Price/1M Token (USD) API endpoint 

Input Output 

GPT-4o Azure - No 06 Aug. Oct. 23 2.5 10 https://riakgu.openai.azure.com 

Grok-Beta xAI - No 13 Aug. - 5 15 https://api.x.ai 
Grok-2 xAI - No 13 Aug. - 2 10 https://api.x.ai 

o1-mini OpenAI - No 12 Sep. Oct. 23 3 12 https://api.openai.com 

o1-Preview OpenAI - No 12 Sep. Oct. 23 15 60 https://api.openai.com 

Gemini-1.5-

Flash 

Google - No 24 Sep. Aug. 24 .075 .3 https://generativelanguage.googleapis.com 

Gemini-1.5-
Pro 

Google - No 24 Sep. Aug. 24 1.25 5 https://generativelanguage.googleapis.com 

Claude-3-5-

Sonnet 

Anthropic - No 22 Oct. Apr. 24 3 15 https://api.anthropic.com 

Llama-3.3-

70B 

Azure 70 B Yes 06 Dec. - .71 .71 https://riakgu2.services.ai.azure.com 

DeepSeek-
V3 

Deepseek 670 B Yes 27 Dec. - .014 .28 https://api.deepseek.com 

Notes: The symbol "-" indicates unknown data; data has been updated and processed by the researcher as of January 16, 2025. 
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The parameter settings in this study adopt a Greedy sampling approach [18], where the temperature 

is set to 0.0 and top_p to 0.01. This approach ensures that the model consistently selects the token with the 

highest probability at each step, resulting in consistent output. Greedy sampling has been used by  

Lee et al. [19] and has proven to be superior in automatic scoring tasks using the CoT technique. 
 

2.3.  The structure of the proposed CoT prompt and standard prompt 

The proposed of the CoT prompt in this study is a modification of the approach in [19], [20]; which 

implemented few-shot prompting for APR tasks. This research adapts that approach by converting it into 

CoT prompting designed to guide the model in resolving problems incrementally. Figure 1 shows the 

difference prompt structures. The CoT prompt used in this study comprises two main sections such as bug fix 

example and bug fix task, as illustrated in Figure 1(a). Meanwhile the standard prompt was used as standard 

comparison as illustrated in Figure 1(b). 
 
 

 

(a) 
 

 
(b) 

 

Figure 1. The difference prompt structures, such as (a) the proposed CoT prompt and (b) the standard prompt 
 
 

The bug fix example section consists of two manually created code repair examples, each containing 

three primary elements such as example bug, example CoT steps, and example fix. Example bug includes a 

code snippet with a bug that requires correction. Example CoT steps begin with the phrase "Let's think step 

by step," as proposed by Kojima et al. [21], followed by five steps adopted from the debugging process 

examined by Asadollah et al. [22] such as i) bug identification, ii) type of bug identification, iii) cause 

identification, iv) exploring corrections, and v) fixing bug. In the last part, the example fix is the snippet of 

code that has been corrected following the CoT process. Furthermore, the entire bug fix example section is 

organized in a structured format using <examples> and <example> tags, in line with Anthropic's [23] 

recommendations to enhance clarity and organization in the prompt structure. 

The bug fix task section constitutes the main portion of the prompt provided to the model. In this 

section, the model is tasked with applying the repair steps learned from the bug fix example to the code 

containing a bug. The model is expected to adhere to the CoT approach by systematically analyzing the bug, 

beginning with bug identification, determining the type of bug, identifying the cause, exploring solutions, and 
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implementing the fix. Consequently, the model not only produces corrected code but also provides a  

step-by-step explanation of the solution offered. This ensures that code corrections are carried out with a deep 

understanding and a structured analytical process, resulting in more accurate solutions. Conversely, the standard 

prompt used in this study, which adopts a general approach like zero-shot prompting [24]. In this approach, the 

model is assigned the task of repairing buggy code without additional guidance or prior examples. 
 

2.4.  The system development of the automated program repair 

The APR system was developed using the Python programming language and the APR process is 

visualized through a flowchart, as in Figure 2, which outlines the workflow from dataset reading to generating 

token usage statistical summaries for cost estimation. The process begins by reading a dataset containing a 

collection of buggy files. If the dataset is empty, the system immediately terminates the process without 

proceeding with subsequent steps. However, if the dataset contains files, the system will read the first available 

buggy file. Once the buggy file is read, the system constructs a prompt using a pre-prepared template.  

The CoT or standard prompt template is submitted to the LLM through an API to generate a response 

consisting of the repaired code. The response is extracted to obtain the relevant code segment that serves as the 

solution for the identified bug. This repaired code is saved for validation in the subsequent stage. Additionally, 

the APR system records the number of tokens used by the model in generating the response to estimate the 

cost of LLM service usage based on the applicable token pricing according to the LLMs.  
 
 

 
 

Figure 2. APR workflow 
 
 

2.5. The validation and evaluation methods 

The validation stage aims to evaluate the code produced by the APR process to ensure that the bugs 

have been correctly fixed. The workflow for the validation process is systematically depicted in the 

flowchart, as in Figure 3, starting from code reading to the storage of test results. Before validation begins, 

the code extracted from the LLM response is manually reviewed to ensure that only relevant sections are 

used. This step is crucial because LLM responses often lack structure or contain additional information that is 

not pertinent to the testing. Once the review is complete and the code is adjusted, validation proceeds by 

reading the code for testing. In detail, the validation process employs Pytest [25] to evaluate the code against 

a series of test cases provided in the QuixBugs dataset. Pytest generates a testing log that records details of 

each test case, including the number of test cases passed or failed. Upon completion of all tests, the Pytest log 

is processed through a parsing stage to produce a structured report.  
 

 

 
 

Figure 3. The validation workflow 
 
 

In terms of evaluation, this study evaluates the outcomes of code repair using the metric of plausible 

patches [26]. A patch is deemed plausible if the resulting code correction passes all the test cases provided in 
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the test suite [27]. By employing plausible patches as a metric, this research can assess the model's ability to 

produce code repairs that conform to the specifications without introducing new bugs. 

 

 

3. RESULTS AND DISCUSSION 

The results were conducted by comparing two prompting methods, such as standard prompting and 

proposed CoT prompting. Each model was tested five times on the QuixBugs dataset, which contains  

40 buggy programs. The evaluation involved calculating the average number of plausible patches produced 

and the average token usage for each testing scenario. 
 

3.1.  The comparison of model performance based on the number of plausible patches 

Model performances were measured by the number of plausible patches produced, defined as 

patches that successfully fix the bugs and pass all test cases. The greater the number of plausible patches 

generated, the better the model's performance. Figure 4 illustrates the overall performance comparison of 

both closed-source and open-source models within the standard and CoT prompting scenarios. DeepSeek-V3 

and GPT-4o exhibit the best performance, with significant improvements noted under the CoT prompting 

method, while some models, such as o1-mini and Gemini-1.5-Pro experience a decline in performance. In 

terms of open-source model performance, DeepSeek-V3 and Llama-3.3-70B models demonstrate enhanced 

performance with CoT prompting, with DeepSeek-V3 achieving the highest results. Conversely, in the 

closed-source model performance, most models show improved performance with CoT prompting, such as 

GPT-4o and Grok-2.  
 

 

 
 

Figure 4. The comparison of the number of plausible patches using LLM models 
 

 

The performance test results indicate that the use of CoT prompting generally enhances the 

performance of LLM models for APR tasks. It also reveals substantial performance differences among the 

LLM models, especially regarding the number of plausible patches generated and the cost efficiency of token 

usage. Closed-source models exhibit varied outcomes in APR tasks with CoT prompting. Most models, such 

as GPT-4o and Grok-2, experience significant performance improvements. For instance, GPT-4o records an 

increase from 31.4 to 35.8 plausible patches, while Grok-2 rises from 26.2 to 29.8 plausible patches. This 

improvement suggests that CoT prompting successfully guides models in tackling reasoning tasks more 

structurally, as explained by White et al. [8]. 

However, not all models display positive results with CoT prompting. Some models, such as  

o1-mini and o1-preview, show a decline in performance. A primary reason for this is the internal CoT 

characteristic inherent to these models. As described in the OpenAI documentation [28], the o1 models are 

designed to perform complex reasoning independently using internal mechanisms before arriving at an 

answer. This capability allows the model to solve complex problems without needing additional guidance 

from the prompt. Since the CoT prompting is applied to models like o1, the step-by-step instructions 

provided in the prompt might disrupt the model's already optimized internal reasoning process. This 

misalignment leads to decreased performance because the prompt structure does not align with the model's 

native reasoning approach. 

However, open-source models such as DeepSeek-V3 and Llama-3.3-70B demonstrate significant 

performance differences with CoT prompting. The possible reason is the DeepSeek-V3 has a very large 

model size with a total of 671 billion parameters, whereas Llama-3.3-70B has only 70 billion parameters. 

The superior performance of DeepSeek-V3 aligns with the findings of Yu et al. [29], who noted that larger 

models tend to exhibit significant performance leaps with CoT prompting. This is because larger models have 

a greater capacity to understand and solve complex problems. In addition, training data also plays a 

substantial role in DeepSeek-V3's performance, which is trained using 14.8 trillion tokens from diverse and 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 6, December 2025: 4579-4589 

4584 

high-quality data [17]. Such rich training data endows the model with broad knowledge and enhanced 

reasoning capabilities, particularly in tasks involving CoT prompting. Yu et al. [29] assert that training data 

covering a wide range of reasoning materials and relevant knowledge can significantly influence a model's 

reasoning ability in CoT prompting tasks. 

 

3.2.  Token usage costs 

Figure 5 presents a comparison of token usage costs for all LLM models. DeepSeek-V3 and 

Gemini-1.5-Flash record the lowest costs, while o1-preview incurs the highest costs for both methods. 

Generally, CoT prompting increases token usage costs, although certain models like o1-mini experience a 

cost reduction. The results showed that DeepSeek-V3 records the most efficient costs in both scenarios, while 

Llama-3.3-70B shows a slight cost increase under CoT prompting for open-source models. Conversely, in the 

comparison of token usage costs for closed-source models, models like Gemini-1.5-Flash have the lowest 

costs for both methods, whereas o1-preview records the highest costs. Although CoT prompting generally 

increases token costs, certain models, such as o1-mini, experience a decrease in costs. This increase can be 

attributed to the nature of CoT prompting, which requires a more extended, step-by-step reasoning process, 

resulting in more detailed output and greater token usage, as noted by Kojima et al. [21]. However, in models 

like o1-mini, CoT prompting reduces token costs because the prompt design limits the reasoning steps to five 

specific steps, thereby producing more concise responses compared to standard prompts that allow the model 

full freedom. In detail, open-source models like DeepSeek-V3 record the most cost-efficient performance 

with only $0.006 for CoT prompting. Conversely, models such as o1-preview incur the highest costs with 

both methods, reaching $6.775 with CoT prompting. This analysis underscores that token cost efficiency 

depends not only on the prompting method but also on the model's architectural design. Furthermore, the 

report from Artificial Analysis also mentioned that there were three highlights about a LLM model, such as 

the intelligence, speed, and price [16]. Hence, the practical development of APR in the educational or 

commercial usages should be aware about price or token usage cost since it requests to the closed source 

LLM model from paid API endpoint or cost to run the open source LLM model in the server with graphics 

processing unit (GPU).  

 

 

 
 

Figure 5. The comparison of the token usage cost 

 

 

3.3.  Identification of failure patterns 

The data presented in Table 2 (see in Appendix) are derived from the highest performance test 

results for each model, based on five tests conducted using CoT prompting. The highest performance is 

determined by the number of plausible patches successfully generated. Each program in the QuixBugs 

benchmark is evaluated, with a checkmark (✓) indicating the model's success in fixing a bug and a cross (✗) 

indicating failure. This value represents the total number of bugs successfully fixed by the model in 

QuixBugs, based on the plausible patches produced. For example, the DeepSeek-V3 model recorded a total 

of 36.6 plausible patches in average or 37 failure patterns in total, which is the highest number of bugs 

successfully fixed by this model. Furthermore, based on Table 2, the distribution of model failures based on 

the types of bugs identified in the QuixBugs benchmark is illustrated in Figure 6. The number of failures for 

each program is calculated by summing the model failures for that specific program. The program with the 

highest number of failures is "lcs_length" (9 failures), indicating that this program is among the most 

challenging for the models to repair, as shown in Figure 6(a). On the other hand, the number of failures for 

each type of bug is calculated by summing the failures across all programs that contain the same type of bug. 

The bug types with the highest number of failures are "Missing lines with a function call" (13 failures) and 

"Missing function call" (12 failures), as shown in Figure 6(b).  
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These results align with the findings of Ye et al. [15], who identified that fixing these bugs requires 

a more complex approach compared to other bug types. The "Missing lines with a function call" bug 

necessitates that the model not only detects the bug's location but also inserts one or more new lines of code. 

Meanwhile, the "Missing function call" bug requires the model to call a specific function that may not be 

readily available in the code context. The program "lcs_length" exhibits the highest failure rate, with 9 out of 

10 models failing to resolve it. Ye et al. [15] noted that this program contains two bugs, such as "Incorrect 

array slice" and "Missing boolean expression." This program is challenging to fix because it involves a multi-

location patch, requiring changes in several interdependent parts of the code. It is difficult not only to detect 

but also to repair simultaneously. As highlighted by Ye et al. [15], multi-location and multi-bug patches 

present significant challenges in APR research. 

 

 

 
(a) 

 

 
(b) 

 

Figure 6. The detailed distribution of model failures based on: (a) the program name and (b) the bug type 

 

 

4. CONCLUSION 

This study successfully developed an effective CoT prompting structure to enhance the performance 

of LLMs in APR tasks. The designed CoT prompting structure has been generally shown to improve the 

ability of LLM models to generate solutions for APR tasks. The DeepSeek-V3 model recorded the highest 

performance with an average of 36.6 plausible patches in the CoT prompting scenario, followed by GPT-4o 

with an average of 35.8 plausible patches. Additionally, DeepSeek-V3 demonstrated the best cost efficiency. 

These results confirm that CoT prompting is an effective method for improving the accuracy and quality of 

solutions generated by LLMs. The limitations of this study include the use of a dataset restricted to only the 

Python version of the QuixBugs dataset, as well as the use of LLM models that are only publicly accessible 

through APIs. Future studies could explore the detailed qualitative analysis of CoT process in APR with 

more variants of LLMs model as well. One possible implementation is the development of AI-based 

platforms, such as interactive dashboards for coding education. In addition, the investigation of complex bugs 

such as multiple bugs in multi-files and the library updates issuses in the syntax codes could also address in 

the future study. It could achieve by using the API threads or batch mechanism to send the request at once 

rather than one-by-one request. Furthermore, the use of reterival-augmented generation (RAG) mechanism 

with CoT for APR can be explore in future study with more testing scenarios, metrics, and qualitative 

analysis as well. 
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APPENDIX 

 

Table 2. The LLM models test results on various bugs in the QuixBugs benchmark 
Buggy 

program 

name 

Bug type GPT-

4o 

o1-

Preview 

o1-

mini 

Claude-

3-5-

Sonnet 

Gemini

-1.5-

Flash 

Gemini-

1.5-Pro 

Grok

-Beta 

Grok

-2 

Deep

Seek-

V3 

Llam

a-3.3-

70B 

Total 

bitcount Incorrect 
logical 

operator 

✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ 1 

breadth_first

_search 

Missing 

boolean 

expression 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

bucketsort Reference to 

an incorrect 

variable 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

depth_first_ 

search 

Missing 

lines with a 

function call 

✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ 1 

detect_cycle Missing 

boolean 

expression 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

find_first_in_
sorted 

Incorrect 
logical 

operator 

✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 2 

find_in_ 

sorted 

Missing 

‘+1’ 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

flatten Missing 

function call 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

gcd Expression 

swap 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

get_factors Wrong 

constructor 

call 

✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 3 

hanoi Reference to 

an incorrect 

variable 

✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ 1 

is_valid_par
enthesization 

Other code 
replacement 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

kheapsort Missing 

function call 
✓ ✓ ✗ ✓ ✗ ✗ ✓ ✗ ✓ ✓ 4 
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Table 2. The LLM models test results on various bugs in the QuixBugs benchmark (continued) 
Buggy 

program 

name 

Bug type GPT-

4o 
o1-

Preview 
o1-

mini 
Claude-

3-5-

Sonnet 

Gemini

-1.5-

Flash 

Gemini-

1.5-Pro 
Grok

-Beta 
Grok

-2 
Deep

Seek-

V3 

Llam

a-3.3-

70B 

Total 

knapsack Incorrect 

comparison 

operator 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

kth Reference to 
an incorrect 

variable 

✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓ 3 

lcs_length Incorrect 

array slice 

Missing 

boolean 

expression 

✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 9 

levenshtein Missing 
‘+1’ 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

lis Missing 

logic 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ 1 

longest_com

mon_subseq

uence 

Missing 

function call 
✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✗ 2 

max_sublist_
sum 

Missing 
function call 

✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✓ 6 

mergesort Incorrect 

arithmetic 

expression 

✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ 1 

minimum_sp

anning_tree 

Missing 

logic 
✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ 1 

next_palindr

ome 

Missing ‘-1’ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ 3 

next_permut

ation 

Incorrect 

comparison 

operator 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

pascal Missing 

‘+1’ 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

possible_cha

nge 

Missing 

boolean 

expression 

✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 1 

powerset Missing 

logic 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ 2 

quicksort Incorrect 

comparison 

operator 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

reverse_link

ed_list 

Missing 

assignment 
✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ 1 

rpn_eval Expression 

swap 
✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✓ 2 

shortest_path

_length 

Other code 

replacement 
✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✗ 4 

shortest_path

_lengths 

Expression 

swap 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

shortest_ 

paths 

Missing 

function call 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

shunting_ 

yard 

Missing 

lines with a 

function call 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

sieve Incorrect 

method 

called 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

sqrt Incorrect 
arithmetic 

expression 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

subsequence

s 

Missing 

lines with a 

function call 

✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ 7 

to_base Expression 

swap 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0 

topological_
ordering 

Incorrect 
method 

called 

✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ 8 

wrap Missing 

lines with a 

function call 

✗ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✓ 5 

Total  36 37 33 34 30 29 32 31 37 33 - 

Note: The data represent the highest performance results for each mode that obtained from five test iterations using CoT prompting. 
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