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Abstract. Large Language Models (LLMs) have garnered significant attention for their diverse capabilities
across various applications. This study delves into their potential for code generation, a task witnessing the
emergence of specialized LLMs. However, evaluating these models remains a challenge. This work proposes
a novel approach to LLM evaluation in code generation. We leverage a dataset of real-world programming
tasks culled from university student homework assignments, offering a window into practical programming
experiences. We assess recent LLM models using informal natural language prompts formulated by non-native
English speakers, reflecting the variety of user inputs encountered in practice. Our findings reveal that while
these LLMs demonstrate promise, their success rates in solving problems on the first attempt remain modest,
especially for more complex tasks. This highlights the need for continued research in fine-tuning LLMs for
code generation. Overall, this study contributes to the field by introducing a unique evaluation methodology
employing real-world problems and natural language prompts, offering valuable insights into the current
capabilities and limitations of LLMs in code generation.
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1. Introduction

Large Language Models (LLMSs) have captured significant interest in recent years due to their remarkable
capabilities across a wide range of applications. These models excel in tasks like text generation, translation,
and question answering, demonstrating their potential to revolutionize various industries [1]. Within the
software engineering domain, LLMs are making a substantial impact, particularly in the realm of code
generation [2]. Initially, LLMs were explored for general-purpose tasks that could include code generation.
However, the surge in interest for program synthesis using LLMs has spurred the development of specialized
models designed and fine-tuned specifically for code generation [3]. As the number of these models continues
to grow, the need for robust evaluation and benchmarking methodologies becomes increasingly crucial.

Existing research has explored various approaches to evaluate LLMs for code generation. Some studies
focus on function-level or class-level code generation, while others utilize datasets from diverse sources such
as programming contests, manually written benchmarks, or even test the models for functionalities beyond
code generation [4]. Despite the valuable findings and robust methods employed in these studies, limitations
remain to be addressed. Firstly, many existing studies rely on synthetic benchmarks that may not accurately
reflect the real-world challenges faced by programmers. Secondly, the prompts used to test LLMs often consist
of pre-processed, isolated elements like function signatures or natural language text, failing to capture the
variety of inputs encountered by these models in real-world scenarios with millions of users [5] [6]. Most
importantly, the rapid evolution of this field, with new models emerging at an accelerated pace, presents a
significant challenge. Keeping pace with this constant innovation in terms of evaluation and benchmarking
demands a substantial investment of time and computational resources [7].

Our study aims to contribute to this field by evaluating recent LLMs using a real-world dataset of
programming tasks collected from university student homework assignments in computer engineering. We
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distinguish our work by leveraging informal natural language prompts written by non-native English speakers,
without relying on specific pre-defined formats. This approach is particularly relevant as LLMs may struggle
to accurately interpret user intent when presented with formal specifications. Additionally, our dataset reflects
diverse, realistic, and practical use cases gleaned from computer engineering homework assignments,
providing a more accurate representation of the problems programmers encounter in practice. Ultimately, our
research complements previous studies by evaluating some of the latest models, such as llama3:8b. This focus
on cutting-edge models is crucial in this fast-paced domain, where constant assessment using diverse
benchmarks and approaches remains a critical necessity for advancing the field of LLM-based code generation.

2. Literature Review

Recent research delves into the exciting potential of Large Language Models (LLMSs) across various
software engineering tasks. Beyond the much-explored realm of code generation, studies investigate LLM
capabilities in detecting and correcting errors (bugs) within code, automating code documentation generation,
and even aiding program comprehension. These efforts paint a promising picture of LLMs becoming valuable
tools throughout the software development lifecycle [8]. However, a significant portion of research centers
specifically on evaluating LLMs for their code generation capabilities. Existing approaches delve into LLM
proficiency at various code creation levels. Some studies focus on class-level generation [4], where the LLM
takes a high-level problem description and attempts to generate entire software classes. In contrast, other
research explores function-level completion [6], where the LLM takes partially written code and fills in the
missing functionality to achieve the desired outcome. Additionally, researchers have investigated using LLMs
to generate test cases that act as a safety net, validating the correctness of the code they produce [9]. Beyond
code functionality, researchers are investigating the role of LLMs in enhancing code quality through automatic
documentation generation [10]. Here, the LLM analyzes the written code and creates documentation that
explains its purpose and functionality. Perhaps the most ambitious research area involves LLM-based bug
fixing [11]. In this domain, the model analyzes existing code, identifies errors, and proposes potential fixes.
This capability, if perfected, could significantly improve software development efficiency and reliability.

Several benchmarks have emerged to assess LLM performance in code generation, each offering unique
strengths and considerations. HumanEval [6], a foundational benchmark, features 164 hand-written Python
problems designed to evaluate a model's understanding of language, reasoning, algorithms, and basic
mathematics. Building upon this, Multi-HumanEval [12] expands the evaluation scope by encompassing over
10 programming languages. It achieves this by leveraging a scalable conversion framework that translates
prompts and test cases from the original HumanEval dataset into the target languages. CodeContests [13]
focuses on Python and C++ code generation by employing 165 problems sourced from Codeforces, a platform
for real-world coding competitions. Moving beyond synthetic problems, some benchmarks incorporate more
realistic datasets. DS-1000 [14], for example, comprises 1000 statement-level tasks collected from
StackOverflow, reflecting the types of coding challenges programmers encounter in practice. Similarly,
SweBench [15] and CoderEval [16] leverage datasets curated from popular open-source projects hosted on
GitHub. SweBench boasts 2,294 software engineering problems extracted from real GitHub issues and pull
requests across 12 prominent Python repositories. CoderEval, on the other hand, provides a collection of 230
Python and 230 Java code generation tasks. The choice of benchmark significantly impacts the interpretation
of LLM evaluation results, with each offering valuable insights into different aspects of a model's code
generation capabilities.

While much of the cited research has concentrated on particular computational and technical approaches,
this article primarily addresses the use of language models for code creation. As an example, in big data
initiatives, the authors of [22] focus on improving user interface testing by analyzing graph data. On the other
hand, the language models are the main focus of our research. While this work explores the use of big language
models mostly in code generation, [23] covers the structural code clone detection issue, which is more in line
with research in software engineering and code analysis. While this work focuses on language models, the
authors of [24] address a different aspect of data processing and administration, demonstrating the many
applications of data technology. Contrasting with the investigation of big language models for code generation,
the authors of [25-26] and [27-28] place an emphasis on data representation and user behavior analysis,
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demonstrating the interdisciplinary character of modern computational research. Contrasting with the language
models study carried out in this study, the authors of [29-30] talk about collaborative grid services, with an
emphasis on infrastructure and computational support. This highlights the depth of research within the area of
computer science and technology. While this work does touch on representation methods for historical data
(see [31-32]), its primary emphasis is on code creation using language models.

This work builds upon this existing research by introducing a unique dataset of real-world problems
encountered by university students in their homework assignments. By leveraging natural language
descriptions as input for the LLMs, our study delves deeper into their ability to comprehend and generate code
based on problem statements encountered in educational settings. Furthermore, the rapid evolution of the LLM
landscape necessitates ongoing evaluation of new models. Our study contributes to this ongoing process by
examining the performance of contemporary LLMs in a novel scenario, complementing the existing literature
with fresh data and perspectives.

3. Methodology

This section delves into the methodological details of our study, encompassing the dataset utilized, the
Large Language Models (LLMs) evaluated, the design of prompts for the LLMs, the generation of test cases,
and the chosen evaluation metrics.

To bridge the gap between theoretical benchmarks and real-world application, we constructed a dataset of
95 programming tasks culled from university student homework assignments at Yildiz Technical University.
These tasks represent practical programming challenges encountered by students and are categorized into
difficulty levels (Basic, Intermediate, Advanced). The subject areas covered encompass a broad spectrum of
programming fundamentals, including Data Manipulation, String Manipulation, Mathematics, Numerical
Methods, Computational Mathematics, Data Structures, and Sorting Algorithms. It's important to distinguish
that these tasks are not complete source code or classes, but rather the core functions that form the crux of the
homework problems. Table 1 provides a comprehensive breakdown of our dataset composition. We opted to
evaluate the performance of five open-source (open-weight) LLMs: gemma:2b, gemma:7b, llama2:b,
Ilama3:8b, and mistral:7b [17-19]. These models were chosen due to their recent development, reflecting the
fast-paced evolution of the LLM landscape. This selection emphasizes the importance of assessing the
capabilities of contemporary models on real-world problems encountered by students.

Table 1. Details of Our Dataset Classified by the Problem Subject

Problem Class Basic | Intermediate | Complex

Data Manipulation 4 2 1

Mathematics

String Manipulation

Data Structures

Computational Mathematics

3
5
Numerical Methods 4
5
5
5

DN | | | Q| | DN

5
5
6
5
5
5

Sorting Algorithms

Each LLM received a natural language prompt crafted by non-native English speaking university students.
These prompts served as instructions, outlining the problem description, the desired programming language
(Python in this study), and the function name intended to solve the problem. The generated code should
correspond to a function that accepts specified parameters and returns outputs that align with the problem
description. To rigorously assess the generated code, we devised a test case generation strategy. Each generated
function was presented with specific input values, and the resulting outputs were meticulously compared
against pre-defined expected outputs. To mitigate the potential for bias due to minor formatting discrepancies,
human evaluators reviewed the results. In some instances, the generated code's logic and output might be
functionally correct but exhibit slight formatting variations compared to the expected output. Such
discrepancies could lead to failed test cases despite the code's functionality. Our primary evaluation metric
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centers on the number of tests passed or failed by each LLM for the tasks corresponding to their designated
programming language. It's noteworthy that our methodology emphasizes the number of tests passed by each
LLM in their initial attempt. While subsequent attempts with additional context (e.g., runtime error messages,
human-provided hints) could potentially lead to corrections, this study restricts the LLMs to a single attempt
per task to gauge their initial code generation proficiency. In simpler terms, we use the widely-used Pass@k
metric, which calculates the percentage of problems solved based on k code samples generated for each task:

Cic
Pass@k = Eproblems [1' ] (1)

o
In Equation 1, n represents the total number of samples, ¢ denotes the number of correct samples, and k
stands for k in Pass@Kk.

4. Implementation and Results

To interact with the LLMs and generate code, we employed their official models available through the
Hugging Face platform. These models were then deployed within a Google Colab environment. Our Colab
runtime configuration leveraged an A100 GPU with 40GB of VRAM, providing sufficient resources for the
chosen LLMs. This configuration ensured smooth execution and code generation throughout the testing
process. For the LLM configuration, we opted for the default hyperparameters provided by the official models’
repo at Huggingface. Our approach to code generation employed greedy sampling, which involves generating
a single code sample per LLM. To achieve this, the do_sample hyperparameter was set to False, effectively
setting the temperature hyperparameter to 0 and promoting the selection of the most likely code sequence.
Following code generation, the resulting functions were stored in a structured table designed to facilitate the
testing process. This table schema shown at Table 2 encompassed all the essential information required for
testing, including the input values, the expected output, and the generated code itself.

Table 2. Detailed Description of the Table Schema

Column Name Description

Prompt Description of the test case for the given problem.

Function Name The name of the function being tested.

Generated Function The function generated as a result of the test.

Class Subject classification or category of the function.

Level Complexity or difficulty level of the function.

Input Input data used for testing the function.

Output The actual output generated by the function during the test.
Expected The expected output for the test case.

Result The result of the test case, either “Passed” or “Failed”.

The final step involved executing the generated functions and calculating the pass rate. Given our
employment of greedy sampling with a temperature of 0, we utilized the Pass@1 metric for evaluation. This
metric focuses on the success of the first generated code sample produced by each LLM for a particular
problem. The detailed results of this evaluation are presented in Table 3.

Table 3. Comparison of Pass@1 Scores of LLMs, Across Problem Complexity Levels

Level gemma:2b | gemma:7b | llama2:7b | llama3:8b | mistral:7b
Basic 64.5 % 67.7 % 51.6 % 64.5 % 64.5 %
Intermediate 15.6 % 46.8 % 25% 40.6 % 37.6 %
Advanced 31 % 9.3 % 3.1 % 6.2% 9.3%
Overall 273 % 41 % 263 % 36.8 % 36.8 %
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Our evaluation yielded insights into the performance of the chosen LLMs on the real-world dataset of
university student homework tasks. The results, presented in Table 3, reveal that gemma:7b achieved the
highest overall pass rate across all problem complexity levels (Basic, Intermediate, Advanced). It's important
to consider the training data used for each LLM. Both gemma:2b and gemma:7b were trained on 6 trillion
tokens encompassing code and mathematical content. In contrast, llama2:7b and llama3:8b were trained on 2
trillion and 15 trillion tokens, respectively. Unfortunately, information regarding the training data for
mistral:7b is not publicly available. An intriguing observation lies in the performance of gemma:7b. Despite
being trained on a smaller dataset (6T tokens) compared to llama3:8b (15T tokens), it achieved a superior pass
rate. This suggests that the architecture of gemma:7b might be more robust for the task of code generation,
allowing it to excel even with a less voluminous training dataset. The overall performance of llama3:8b and
mistral:7b exhibited a close resemblance. Meanwhile, gemma:2b and llama2:7b demonstrated the lowest pass
rates. A possible explanation for llama2:7b's lower performance might be its status as the oldest model among
the evaluated ones. Potentially, its training data could be less representative of contemporary programming
practices. Gemma:2b outperformed llama2:7b by a slight margin, likely due to its utilization of a newer and
more optimized architecture, coupled with a larger training dataset (6T tokens versus 2T tokens). Considering
its relatively compact size with only 2 billion parameters, gemma:2b's results appear reasonable.

It's important to acknowledge that, overall, these models did not exhibit exceedingly high success rates on
their first attempt at solving the programming tasks, even at the university level (Figure 1).

69 70
56 60 60
39 35 35 m Failed
26 25 = Passed

gemma:2b  gemma:7b  Ilama2:7b Ilama3:8b  mistral:7b

Number of Tests

Fig. 1: Summary of Passes and Failures by Each LLM

While they achieved a pass rate of 67.7\% for basic problems, this rate dropped significantly as complexity
increased. For intermediate problems, the best model could only solve 46.8\%, and for advanced problems, all
models scored below 10\%. These findings highlight the challenges LLMs still face in comprehending natural
language descriptions and translating them into functional code, particularly in more intricate scenarios.
Furthermore, it's worth noting that larger variation of these models with more parameters likely achieve better
performance, but they are not open-source. However, our study, along with similar research efforts,
underscores the importance of fine-tuning general-purpose LLMs for specific tasks like code generation. By
tailoring these models to the domain of programming, their ability to understand natural language problem
descriptions and translate them into accurate code can be significantly enhanced.

5. Conclusion and Future Works

This study investigated the performance of open-source and recently released LLMs in the context of code
generation. We leveraged a dataset of real-world programming tasks encountered by university students to
assess these models' capabilities. Our findings align with existing research [20-21], highlighting the limitations
these models face in generating code accurately on their first attempt, particularly for problems of higher
complexity. This underscores the crucial role of fine-tuning general-purpose LLMs for specific domains like
code generation.

Several promising avenues exist for future research in this domain. Firstly, the development of even larger
and more diverse datasets that incorporate both synthetic and real-world programming challenges is crucial.
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Such comprehensive datasets can provide a more robust foundation for training and evaluating LLMs.
Additionally, exploring different approaches to test these models can offer deeper insights into their strengths
and weaknesses. This could involve employing various evaluation metrics and incorporating human feedback
mechanisms into the testing process. As the field of LLM development continues its rapid evolution, with
newer, larger models boasting optimized architectures being introduced constantly, the need for ongoing
evaluation intensifies. The demand for robust code generation capabilities across various sectors necessitates
the continued exploration of how LLMs can be effectively evaluated and tailored to this specific task. This
pursuit of effective code generation through LLM evaluation is likely to remain a highly relevant area of
research, attracting significant interest from both academic and industrial communities.
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