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Abstract. Prompt engineering plays an important role in optimizing 

the performance of Large Language Models (LLMs). Although various 

prompting techniques have achieved substantial gains in natural lan-
guage processing (NLP), their transferability to code generation remains 

underexplored. This paper presents an empirical study that examines the 

effects of NLP-inspired prompting methods on code generation using five 

LLMs and two established benchmarks, HumanEval and LiveCodeBench. 

We find that instruction-based prompting produces surprisingly limited 

or inconsistent improvements in programming contexts, while reasoning-
based prompting delivers stronger and more stable performance. Our 

analysis identified two forms of reasoning-based prompting—procedural 

and goal-oriented—each addressing different aspects of reasoning and 

both effective for code generation. Building on these findings, we explore 

prompt designs that more fully leverage the reasoning capabilities of ad-
vanced LLMs, achieving measurable improvements in code generation 

accuracy. These results emphasize the continuing importance of prompt 

design in advancing AI-assisted programming.

Keywords: Large Language Model · Code Generation · Prompt Engi-
neering.

1 Introduction

Large Language Models (LLMs) have demonstrated remarkable capabilities across 
a wide range of natural language processing (NLP) tasks, and their use has ex-
panded rapidly into software engineering tasks, including code generation, test-
ing, and summarization [15, 36, 19, 26]. These advances have stimulated growing 

interest in employing LLMs as automated programming assistants, or even as 
agents capable of performing software development tasks autonomously.

⋆ A project page is available at https://github.com/eyrwoo/FromWords2Code
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A critical factor influencing the performance of LLMs is prompting—the 

design of input instructions that guide the model’s reasoning and output. In 

NLP, various prompting strategies [4, 30, 29, 27, 28] such as few-shot prompt-
ing, chain-of-thought prompting, and self-consistency have shown significant ef-
fects in improving task performance and reliability. Naturally, researchers have 

adapted these prompting paradigms to programming-related tasks, hoping to 

obtain similar benefits in software engineering domains [9, 20, 22].
However, it remains unclear whether prompting strategies that are effective in 

natural language contexts also yield comparable improvements in programming 

contexts. Programming languages differ fundamentally from natural languages 

in their formal syntax, compositional semantics, and execution-based evaluation 

criteria. Therefore, a prompting strategy that enhances reasoning coherence in 

NLP tasks may not necessarily improve—or might even hinder—the structural 

and functional quality of generated code. For instance, while minor ambiguities in 

natural language may be tolerable, similar ambiguities in source code can result 

in syntax or runtime errors [6, 21]. These differences raise our research question 

for AI-assisted software development: Do prompting techniques designed 

primarily for NLP generalize effectively to programming tasks?
To address this question, we conduct an empirical study on NLP-inspired 

prompting methods for code generation. We evaluate 22 prompting techniques 

across five LLMs—LLaMA3.1 8B Instruct, LLaMA3.1 70B Instruct, Qwen2.5 

Coder 32B Instruct, Deepseek-R1-Distill-LLaMA-70B, and GPT-4o [10, 17, 12, 

2]—using two established benchmarks, HumanEval [7] and LiveCodeBench [18]. 

The contributions of this paper are below:

– We systematically evaluate existing NLP-inspired prompting techniques on 

code generation tasks using five LLMs and two benchmarks.
– We show that instruction-based prompting yields limited or inconsistent im-

provements in code generation, whereas reasoning-based prompting achieves 

more stable and reliable performance across models and benchmarks.
– We design prompts that enable reasoning-specialized LLMs to integrate both 

procedural and goal-oriented forms of reasoning, leveraging their complemen-
tary strengths for more effective code generation.

The rest of this paper is organized as follows: Section 2 reviews related work, 

Section 3 describes our methodology, Section 4 presents results and analysis, and 

Section 5 concludes with implications and future directions.

2 Related Works

A variety of prompting strategies have been developed in natural language pro-
cessing to improve the reasoning capability of large language models without 

additional fine-tuning. Few-shot prompting [4] provides minimal in-context ex-
amples for task adaptation. Chain-of-Thought (CoT) prompting [30] encourages 

step-by-step thinking, and Tree-of-Thought [33] extends it by structuring rea-
soning into hierarchical steps. ReAct [34] and Chain-of-Knowledge [24] integrate
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external knowledge retrieval to ground reasoning in a factual context. Role-play 

prompting [31] guides models through specific reasoning personas, while self-
consistency [29] enhances reliability by aggregating multiple reasoning paths. 

Beyond these, various other prompting approaches [15, 36] have been introduced 

to strengthen model reasoning and decision-making.
Motivated by the success of these prompting techniques in NLP, researchers 

have attempted to adapt them for programming tasks to achieve similar im-
provements in reasoning and reliability. Huang et al. [16] proposed CodeCoT, 

which encourages models to think step by step for code generation by extending 

the chain of thought paradigm, while Yang et al. [32] suggested a framework 

that automatically generates high-quality reasoning traces to improve the relia-
bility of CoT-based code generation. In addition, some studies have approached 

code generation by emphasizing explicit planning and requirement analysis. Self-
Planning [20] encourages models to formulate task plans before producing code. 

AceCoder [23] and ArchCode [13] guide models to analyze and translate problem 

requirements into code generation steps, ensuring alignment between specifica-
tions and implementation. SEK [11] focuses on extracting and emphasizing key 

functional elements from requirements, enabling models to attend to the most 

critical aspects during code generation.
While these studies indicate that certain NLP prompting principles show 

potential applicability to programming, the transition from natural language to 

code remains nontrivial. To this end, we systematically evaluate a range of NLP-
inspired prompting strategies to examine whether their effectiveness transfers to 

programming contexts. This investigation is further motivated by our prelimi-
nary observations that prompting methods often regarded as effective—such as 

few-shot prompting—do not consistently yield improvements in code generation.

3 Methodology

This section describes how we adapt existing NLP-inspired prompting techniques 

for code generation and evaluated their effectiveness. We first introduce the 

models used in our experiments, followed by the benchmarks and performance 

metrics, and finally outline the prompts employed in the study.

3.1 Models

We used five LLMs with different sizes, architectures, and specializations to 

reflect the diversity of current LLMs.

– LLaMA3.1 (8B, 70B) Instruct: Two models at small and medium scales, 

representing general-purpose instruction-tuned LLMs.
– Qwen2.5 Coder 32B Instruct: A code-specialized model optimized for 

multilingual programming tasks, trained with extended code datasets.
– GPT-4o (2024-11-20): A large-scale multimodal model with advanced 

architecture and strong overall performance across text and code tasks.
– DeepSeek-R1-Distill-LLaMA-70B: A reasoning-focused model distilled 

from a larger expert reasoning model, DeepSeek-R1.
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Fig. 1 A prompt example for a coding problem from HumanEval.

3.2 Datasets and Evaluation Metric

We use two widely recognized benchmarks for code generation:

– HumanEval [7]: A set of 164 Python coding tasks where each task provides 

a code snippet, a docstring description, and test cases.
– LiveCodeBench [18]: A larger and more diverse benchmark featuring tasks 

from various programming challenge sources. Our set contains 400 problems 

(cutoff May 2023–March 2024) with text descriptions and test cases.

To quantify performance, we measure the functional correctness of generated 

solutions using the pass@k metric [7]. The pass@k metric calculates how often 

at least one of the model’s top-k generated solutions successfully passes all unit 

tests. We focus mainly on pass@1 as a representative measure of the accuracy 

of the model.

3.3 Experimental NLP Prompts

Code generation prompts typically consist of instructions placed before or after 

the problem description. As shown in Fig. 1, the HumanEval prompt includes a 

code snippet beginning with def and a gray instruction block reading “Write a 

Python code ...”. This example represents the widely used basic prompting.
For our experiments, prompt templates were drawn from the publicly avail-

able ATLAS benchmark [5], which was originally designed for evaluating prompt-
ing strategies in NLP tasks. ATLAS encompasses diverse prompting strategies, 

including affirmative directives (e.g., “do”), chain of thought, and interactive
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prompts. By leveraging this well-organized collection, we ensured objectivity, 

transparency, and reproducibility across experiments. The original intent and 

linguistic structure of the prompts were preserved wherever possible, with minor 

adaptations to fit the code generation context.
Table 1 presents the instructions utilized in our experiments. We categorized 

the prompts into two main groups: instruction-based prompting and reasoning-
based prompting. The reasoning-based prompting refers to cases where the LLM 

autonomously extracts additional information and uses it to generate code. 

Among the 26 referenced instructions, 20 were employed, maintaining the origi-
nal numbering for clarity in the Table 1. Four instructions were excluded for the 

reasons below. Since code generation using LLMs is typically evaluated with-
out user intervention, we adjusted prompts that required user interaction by 

enabling the LLM to handle the interaction autonomously. Prompts that could 

not be automated or that were incompatible with code generation tasks were ex-
cluded from the experiments: prompts #15, #22, #24, and #26. The evaluation 

compared the performance of the Basic Prompt with the proposed prompts. The 

Basic Prompt already incorporates some elements of the 26 principled instruc-
tions, such as removing polite expressions like “please” (specifically, prompt #1), 

which were unnecessary and excluded. Prompt #23, which involves generating 

code across multiple files, was also excluded due to the single-file structure of 

the evaluation datasets. Appendix A provides examples of the problem descrip-
tions with the Basic Prompt applied to HumanEval and LiveCodeBench tasks 

for reference.

4 Results and Discussion

4.1 Initial Evaluation on LLaMA3.1 70B Instruct and HumanEval

We began by conducting a preliminary evaluation using the LLaMA3.1 70B In-
struct model on the HumanEval benchmark, applying all prompts listed in Table 

1 to this single model–dataset combination due to the high computational costs 

involved. To assess both deterministic and diverse output scenarios, experiments 

were performed with Greedy decoding (temperature = 0) and Nucleus sampling 

(temperature = 0.8) [14]. The baseline Basic Prompt achieved pass@1 scores of 

79.04% (Nucleus) and 78.04% (Greedy).
Fig. 2 summarizes the results for the 21 prompts detailed in Table 1. The color 

gradient represents changes in pass@1 performance relative to the Basic Prompt, 

where red denotes improvement and blue indicates a decrease in performance.
Reasoning-based prompts showed clear advantages, improving performance 

by up to 8.55 percentage points with prompt #21 (“Write the list of what 

information you should consider to solve this problem.”). This suggests that 

reasoning-based prompting helps models clarify requirements and structure in-
termediate reasoning steps, thereby providing richer contextual grounding for 

code generation. In contrast, instruction-based prompting yielded only modest 

or inconsistent gains—typically within 1–2 percentage points—adding overhead
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Table 1 An overview of the prompts. The prompt numbers are the same as the 

principles listed in ATLAS [5], with the Basic Prompt.
Category # Prompts Description

Basic Prompt A basic instruction such as “Write a Python code ...”.

Instruction
-based

prompting

2 Integrate the intended audience in the prompt, e.g., the audi-
ence is a software developer.

4 Employ affirmative directives such as “do”, while steering clear 

of negative language like “don’t”.
5 When you need clarity or a deeper understanding of a coding 

problem, utilize the following prompts: “Write the code and 

then explain the code.”
6 Add “I will give you a reward if you can solve the problem.”
7 Implement example-driven prompting (Use few-shot prompt-

ing).
8 When formatting your prompt, start with “### Description”, 

followed by “### Instruction”. Subsequently, present your 

content. Use one or more line breaks to separate instructions, 

examples, questions, context, and input data.
9 Incorporate the following phrases: “Your task is ...” and “You

MUST ...”.
10 Incorporate the following phrases: “You will be penalized.”
11 Use the phrase “Write a code given in a natural, human-like 

manner” in your prompts.
12 Use leading words like writing “Let’s think step by step.”
13 Add to your prompt the following phrase: “Ensure that your 

answer is unbiased and avoids relying on stereotypes.”
16 Assign a role, “Professional Programmer”, to the large lan-

guage models.
17 Use delimiter such as “ ”.
18 Repeat a specific word or phrase multiple times within a

prompt, such as “coding” or “code”.
20 Use output primers, which involve concluding your prompt 

with the beginning of the desired output. Utilize output 

primers by ending your prompt with the start of the antic-
ipated response: such as “Answer: ”

Reasoning
-based

prompting

3 Break down complex tasks into a sequence of simpler prompts 

in an interactive conversation.
14 Allow the model to elicit precise details and requirements from 

you by asking you questions until it has enough information 

to provide the needed output (for example, “From now on, I 

would like you to ask me questions to ...”).
19 After instructing to generate a chain of thought (CoT), provide 

the self-CoT as an additional context.
21 To write an information/resource or any type of text that 

should be detailed: “Write the list of what information you 

should consider to solve this problem.”
25 After instructing to generate the clear requirements that the 

model must follow in order to solve the problem, in the form 

of the keywords, regulations, hint, or instructions, provide the 

self-requirements as an additional context.
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Fig. 2 Results of the initial experiment using HumanEval on LLaMA3.1 70B 

Instruct model.

without substantial benefit. Given these modest returns, simpler formulations 

such as the Basic Prompt may offer a more practical and efficient choice, par-
ticularly when token or computational costs are limited.

Across the 21 prompts, most instruction-based variants underperformed rel-
ative to the Basic Prompt. Explicit constraints, such as penalizing or conditional 

phrasing, often degraded results. As shown in Fig. 3, prompt #6 (“I will give 

you a reward if you can solve the problem.”) generated erroneous code, whereas 

the Basic Prompt correctly solved the same problem, suggesting that excessive 

instruction can distract models from the actual code generation process.
Prompts #7 and #19 are particularly noteworthy: both are well-known tech-

niques in NLP but failed to transfer effectively to code generation. Prompt #7 

(few-shot) showed significant decline, while prompt #19 (chain of thought) of-
fered no measurable gain and occasionally produced code that did not satisfy 

the requirements. As illustrated in Fig. 4, prompt #19 produced incorrect logic, 

whereas prompt #25, which explicitly guided the model to reason about and 

apply requirements, generated the correct output. This suggests that encour-
aging the model to clarify its reasoning goals and requirements—rather than 

merely following step-by-step procedures—helps align its reasoning process with 

programming semantics.
Overall, these initial observations underscore the challenges of transferring 

prompting strategies from NLP to code generation tasks. The results provide
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(a) Correct answer with Basic Prompt. (b) Bad answer with Prompt #6.

Fig. 3 Comparison of Basic Prompt and instruction-based prompts on Hu-
manEval. The LLaMA3.1 70B Instruct model generated correct code with the 

Basic Prompt (a), whereas Prompt #6 (b) produced an incorrect implementa-
tion (highlighted line).

preliminary evidence that NLP-inspired prompting techniques do not generalize 

effectively to code generation, highlighting the need for broader evaluation across 

diverse models. Accordingly, we expand our analysis to include models of varying 

sizes, architectures, and levels of specialization. To ensure consistency, we use 

the HumanEval benchmark to systematically assess whether the observed trends 

persist across this extended set of models.

4.2 Instruction-based Prompting vs. Reasoning-based Prompting

This subsection extends our experiment across four LLMs and two benchmarks: 

HumanEval and LiveCodeBench. The results are averaged over three runs. We 

reduced the scope to 11 prompts, selected from an initial pool of 21, prioritizing 

those most relevant to code generation tasks to balance evaluation depth with 

computational cost. The selection ensured balanced representation across both 

instruction- and reasoning-based categories to maintain fair comparison.

HumanEval Results Fig. 5 presents the performance outcomes of various 

prompting strategies evaluated across four models on the HumanEval bench-
mark. While certain prompts (e.g., #6, #10, #12) resulted in modest improve-
ments for models such as LLaMA3.1 8B Instruct, the overall gains from prompt 

engineering were relatively limited for high-performing models like Qwen2.5
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(a) Bad answer with Prompt #19. (b) Correct answer with Prompt #25.

Fig. 4 Comparison between Prompt #19 and Prompt #25 from HumanEval 

(reasoning-based prompting).

Coder and GPT-4o. These models already achieved baseline accuracies exceed-
ing 90% with the Basic Prompt, leaving limited room for further improvement 

through more sophisticated prompts.
Interestingly, smaller models such as LLaMA3.1 8B tended to benefit more 

noticeably than larger ones from explicit or instruction-based prompts, sug-
gesting that direct guidance may be advantageous for models with constrained 

reasoning capabilities. In contrast, prompts incorporating procedural or goal-
oriented reasoning (e.g., #21 and #25) exhibited comparatively stronger perfor-
mance with larger models like LLaMA3.1 70B.

The limited variability observed in prompting effectiveness across the bench-
mark likely stems from the simplicity and self-contained nature of HumanEval 

tasks. Consequently, the following section presents experiments on LiveCodeBench 

—a more complex and demanding benchmark—to more comprehensively evalu-
ate the potential benefits of advanced prompt engineering.

LiveCodeBench Results LiveCodeBench includes coding competition prob-
lems that are more complex and realistic than those in HumanEval. Fig. 6 sum-
marizes the experimental results, showing that reasoning-based prompts gener-
ally outperformed the Basic Prompt across all evaluated models. In contrast, 

instruction-based prompts exhibited higher variability and less robust perfor-
mance. For instance, prompts such as #8 and #12 produced slight improvements 

for LLaMA models but showed notable declines (up to −7.15%) with GPT-4o, 

indicating limited generalizability in code generation tasks.
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Fig. 5 Results on HumanEval. The heatmap represented pass@1(%), with the 

values in parentheses indicating the changes relative to the Basic Prompt (red 

= improvement, blue = decline).

Reasoning-based prompts, on the other hand, yielded more consistent gains, 

with some achieving up to a 7 percentage point improvement (e.g., Prompts #3, 

#21, and #25). These results indicate that leveraging supplementary informa-
tion—such as requirements generated by the LLM itself through reasoning—is 

an effective approach for generating accurate code.
The inherent complexity of coding problems often demands systematic rea-

soning, structured task decomposition, and precise contextual nuances. Conse-
quently, instruction-based prompts, which typically involve superficial modifica-
tions such as rephrasing, role assignment, or reward framing, may not effectively 

guide the model through these challenges. In contrast, reasoning-based prompts 

provide richer contextual grounding and procedural cues, making them better 

suited for navigating the intricacies of coding tasks.

Analysis on Difficulty Level The LiveCodeBench benchmark dataset is cat-
egorized into three difficulty levels: Easy, Medium, and Hard. This section ana-
lyzes the performance of four models across each difficulty level, as summarized 

in Table 2. Cases where a prompt achieved higher performance than the Basic 

Prompt are highlighted in bold. The top-3 prompts within each difficulty level 

(i.e., the three highest-performing prompts among the eleven evaluated for that 

level) are underlined for each model.
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Fig. 6 Results of LiveCodeBench Overall. The heatmap represented pass@1(%), 

with the values in parentheses indicating the changes relative to the Basic 

Prompt (red = improvement, blue = decline).

Reasoning-based prompting showed stable and substantial improvements in 

the Easy and Medium categories across all models. The fact that most of the 

top-3 results belong to reasoning-based prompts suggests that such strategies are 

more effective than instruction-based methods even in realistic and diverse pro-
gramming tasks, as represented by LiveCodeBench. For Hard category problems, 

inconsistent results likely stemmed from their unfamiliarity and difficulty for the 

model, requiring deeper reasoning beyond the scope of prompt engineering alone, 

suggesting the need for additional advancements or resources.
Taken together, results from the HumanEval and LiveCodeBench bench-

marks reaffirm that reasoning-based prompting enhances model performance 

across both simple and complex programming tasks. This demonstrates that the 

benefits of prompt engineering stem not from surface-level instruction tuning, 

but from encouraging structured reasoning processes that better reflect program-
ming semantics.

4.3 Integrating Procedural and Goal-Oriented Reasoning for Code 

Generation in Reasoning LLMs

Recent LLMs incorporate explicit reasoning mechanisms in their training and ar-
chitecture. Models such as DeepSeek-R1 [12], Llama-3.1-Nemotron-Ultra-253B-
v1 [3], Gemini 2.5 [8], and GPT-o1 [25] are designed to generate intermediate
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Table 3 Results of recent LLMs evaluated on the LiveCodeBench benchmark 

leaderboard, including model size specifications and pass@1 scores, based on 

the same cutoff dataset, May 2023–March 2024.

Model Size P ass@1

DeepSeek-R1-preview 671B 86.2

Llama-3.1-Nemotron-Ultra-253B-v1 253B 84.0

Gemini 2.5 Pro undisclosed (200–300B) 

* 94.2

GPT-o1-2024-12-17 undisclosed (200B) 

* 90.1
* Estimates, not officially confirmed.

reasoning steps before producing final outputs. These reasoning-focused models 

have achieved high functional accuracy in programming benchmarks, as shown 

in Table 3 based on the LiveCodeBench leaderboard [1].
Reasoning-oriented prompts often take the form of either procedural, step-

by-step reasoning (how ) or goal-oriented reasoning that foregrounds objectives 

and constraints (what) without prescribing procedures [35]. In our earlier exper-
iments (Sections 4.1 to 4.2), the most effective prompts—#3, #14, #19, #21, 

and #25 (Table 1)—spanned both categories: prompt #19 induced step-by-step 

procedures, whereas prompts #3, #14, #21, and #25 emphasized sub-goals and 

objectives. These results show that both reasoning styles can support effective 

code generation, each emphasizing different aspects of reasoning.
We next investigated how modern reasoning-specialized LLMs employ these 

two forms of reasoning during code generation. Specifically, we examined whether 

such models inherently integrate both procedural and goal-oriented reasoning, or 

whether they tend to rely predominantly on one form. Examining this distinction 

would help reveal how current reasoning mechanisms contribute to structured 

problem solving in programming tasks.
To explore this question, we analyzed samples from the training dataset of 

Llama-3.1-Nemotron-Ultra-253B-v1 [3]. We initially expected that both proce-
dural and goal-oriented reasoning would be reflected in the data. However, as 

illustrated by an example in Fig. 7, the dataset primarily emphasizes sequential 

reasoning, guiding the model to produce detailed step-by-step inferences. Given 

the nature of this training data, it is not surprising that the model’s reasoning 

behavior is largely procedural, with little evidence of reasoning about goals or 

requirements—an element that our earlier experiments identified as beneficial 

for code generation.
Motivated by this observation, we examined whether explicitly prompting 

reasoning-focused models to articulate goals could complement their procedural 

reasoning and thereby improve code generation performance. To test this idea, 

we conducted an experiment using the DeepSeek-R1-Distill-LLaMA-70B model 

on the LiveCodeBench benchmark. Specifically, we modified only the initial in-
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Fig. 7 A training sample from the Llama-3.1-Nemotron-Ultra-253B-v1 

dataset [3], containing procedural reasoning with actions generated sequentially 

in response to defined conditions.

Table 4 P ass@1 results(%) on the Deepseek-R1-Distill-LLaMA-70B model for 

HumanEval and LiveCodeBench. LiveCodeBench results were the overall per-
formance (cutoff May 2023–March 2024).

Prompt HumanEval LiveCodeBench

Basic Prompt 92.68 81.75

Tailored Prompt 93.90 83.00

struction from “Write a Python code for the problem.” (basic prompt) to “First, 

define the objectives to solve the problem, and then write the Python code based 

on them.” (tailored prompt).

This tailored prompt resulted in measurable performance improvements, as 

summarized in Table 4, improving pass@1 accuracy from 92.68% to 93.90% on 

HumanEval and from 81.75% to 83.00% on LiveCodeBench.

This result indicates that explicitly instructing reasoning-focused models to 

articulate problem goals further improves their performance. Consequently, they 

highlight the importance of developing prompting strategies tailored explicitly 

for programming tasks, combining procedural reasoning with clearly defined ob-
jectives to fully leverage the advanced reasoning capabilities of modern LLMs.
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5 Limitations

This study provided an empirical examination of NLP-inspired prompting strate-
gies for code generation, but several limitations should be acknowledged.

First, our experiments involved five LLMs and two widely used benchmarks, 

HumanEval and LiveCodeBench. Although this setup did not cover all program-
ming domains, it combined models of different scales with both standard and 

large-scale benchmarks, providing a meaningful basis for comparative evaluation. 

Nonetheless, future studies on more diverse programming tasks and alternative 

benchmarks would help validate the generality of these observations, and ex-
tending goal-oriented prompting beyond DeepSeek to other LLMs would further 

test whether the effects generalize across models.
Second, our evaluation relied primarily on the pass@1 metric, which indicated 

whether generated code passed functional tests. While this metric captured func-
tional correctness effectively, it did not reflect other important aspects such as 

readability, maintainability, runtime efficiency, or code style.
Third, we examined a curated set of prompting methods from the ATLAS 

benchmark. This selection offered diverse coverage but remained finite; conse-
quently, newer techniques—such as multi-turn self-refinement or reflection-based 

prompting—were not explored in our setup.
Finally, the prompting methods evaluated in this study did not incorporate 

execution feedback, human feedback, or iterative error correction (e.g., running 

intermediate code and refining it). We excluded such feedback to maintain ob-
jectivity, reproducibility, and full automation of the experiments, as human in-
volvement could introduce subjectivity and variability across runs.

6 Conclusion

This study investigated how prompting strategies originally developed for nat-
ural language processing transfer to code generation tasks. Through systematic 

experiments with five LLMs and two widely used benchmarks, we observed that 

instruction-based prompting provides only limited or inconsistent benefits in 

programming contexts, whereas reasoning-based prompting consistently leads 

to stronger and more stable performance. These findings highlight that prompt 

effectiveness depends strongly on the alignment between reasoning behavior and 

the structure of the target task.
Our analysis further revealed that both procedural reasoning—emphasizing 

step-by-step problem solving—and goal-oriented reasoning—focusing on clari-
fying problem objectives—contribute to successful code generation. However, 

current reasoning-focused LLMs exhibit a tendency to rely predominantly on 

procedural reasoning while underutilizing goal-oriented reasoning. To address 

this imbalance, we designed prompts that explicitly encourage models to define 

problem goals before generating code, while maintaining procedural reasoning 

during synthesis. This approach resulted in measurable gains in code generation 

accuracy, demonstrating that balanced reasoning can lead to more coherent and
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functionally correct code outputs. These results suggest that even reasoning-
capable models require careful prompt design to fully exploit their reasoning 

potential. Thoughtful prompt engineering thus remains a critical factor in ad-
vancing the reliability and effectiveness of AI-assisted programming.
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A Examples of Prompts

LiveCodeBench prompt was standardized with function declarations extracted 

directly from the ground-truth code for consistency. Examples of problem de-
scriptions on HumanEval and LiveCodeBench are provided in Table 5.

Table 5 Examples of Problem Descriptions on HumanEval and LiveCodeBench

HumanEval Prompt

def separate_paren_groups(paren_string: str) -> List[str]: 

""" 

Input is a string containing groups of parentheses. 

Separate groups into individual balanced strings. 

>>> separate_paren_groups ('( () ) (( )) ((() ))') 

['()', '(())', '((())) '] 

""" 

Write a Python code for the problem. 

DO NOT generate any test cases or descriptions. 

Package your code in ```python ... ```.

LiveCodeBench Prompt



You are given a string s consisting only of uppercase English 

letters. You can apply some operations to this string where , 

in one operation , you can remove any occurrence of one of 

the substrings "AB" or "CD" from s. Return the minimum 

possible length of the resulting string that you can obtain. 

Note that the string concatenates after removing the 

substring and could produce new "AB" or "CD" substrings.

Example 1:
Input: s = "ABFCACDB"
Output: 2
Explanation: We can do the following operations:
- Remove the substring "ABFCACDB", so s = "FCACDB ".
- Remove the substring "FCACDB", so s = "FCAB".
- Remove the substring "FCAB", so s = "FC".
So the resulting length of the string is 2.
It can be shown that it is the minimum length thatwe can 

obtain.

Example 2:
Input: s = "ACBBD"
Output: 5
Explanation: We cannot do any operations on the string so the

length remains the same.

Constraints:
1 <= s.length <= 100 

s consists only of uppercase English letters.

class Solution:
def minLength(self , s: str) -> int:\n

Write a Python code for the problem. 

DO NOT generate any test cases or descriptions. 

Package your code in ```python ... ```.
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