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Abstract

Large Language Models (LLMs) have demonstrated strong capabilities in software engi-
neering tasks, particularly in code understanding and generation. However, their ability to
correctly associate documentation with the exact code it describes remains an open challenge.
This thesis investigates the problem of docstring-to-code alignment by framing it as a structured
matching task.

In this work, source code is transformed by replacing documentation comments with unique
slot identifiers while maintaining a list of candidate comments. Given this input, models are
required to assign each slot identifier to the correct comment identifier under strict one-to-one
constraints.

We evaluate multiple modern LLMs across a dataset of real-world repositories using three
key metrics: exact-match accuracy, valid one-to-one mapping rate, and non-empty prediction
rate. Results show that while some models achieve strong performance, inconsistencies remain
in output completeness and reliability.

This work highlights both the potential and limitations of LLMs in reasoning about fine-
grained relationships between code and documentation, and provides a structured framework
for future evaluation.



Contents

1

2

Introduction 1
Background 2
2.1 Docstrings and Code Documentation . . . . . . .. ... .. ... ......... 2
2.2 Large Language Models forCode . . . . ... ... ... ... .......... 3
2.3 Limitations of Existing Work . . . . . . .. .. o oo 4
Approach 5
3.1 OVEIVIEW . . . . o o e e e e e e e e e e e 5
3.2 Comment Masking Pipeline . . . . ... ... ... ... ... .. ..... 6
3.3 Candidate Comments . . . . . . . . . . .. e 7
34 Prompt Construction . . . . . . . . . . ... e e e 7
3.5 Pipeline Overview . . . . . . . . oL e e 8
Evaluation 9
4.1 MEetriCS . . . . . e e e e e 9
42 Results. . . . . . . 10
4.3  Accuracy CompariSOn . . . . . . ... e e e e e e e e e e e 11
44 DIsCuSSION . . . . . . .. e e e 12
Conclusions 13
5.1 Summary & Conclusions . . . . . . . . . ... 13
5.2 Limitations . . . . . . . .. e e e e e e e e e e e 13
5.3 Future Work . . . . . . L 14

il



List of Figures

1 Docstring-to-code alignment pipeline showing data preprocessing, prompt con-
struction, model inference, and evaluation stages. . . . . . . . ... ... ... ..
2 Accuracy comparison across evaluated models. . . . . . ... ... .00

List of Tables

1 Overall model performance across all evaluated repositories. . . . . . . ... ...

il



1 Introduction

Documentation is a fundamental component of modern software development. It enables develop-
ers to understand existing systems, collaborate effectively, and maintain code over time. Among
the most widely used forms of documentation are docstrings and block comments, which provide
natural language descriptions of code behavior, parameters, and intended functionality. Despite
their importance, documentation is often inconsistent or outdated, particularly in large and evolv-
ing codebases.

Maintaining alignment between documentation and implementation is a non-trivial task. As
software evolves, developers may update code without modifying the corresponding comments,
leading to discrepancies that reduce trust in the documentation. This creates challenges not only
for human developers but also for automated tools that rely on accurate documentation.

Recent advances in Large Language Models (LLMs) have significantly improved performance
on code-related tasks such as generation, summarization, and translation [2, 3, 4]. These models
are capable of understanding both natural language and programming constructs, making them
promising candidates for tasks involving documentation analysis. However, most existing work
focuses on generating documentation rather than verifying or aligning existing comments with
code.

This thesis explores the problem of docstring-to-code alignment by reformulating it as a struc-
tured matching problem. Instead of asking a model to generate text, we require it to assign each
masked code location to the correct documentation comment. This formulation enables precise

evaluation and provides deeper insight into the model’s reasoning capabilities.



2 Background

2.1 Docstrings and Code Documentation

Docstrings and block comments serve as an essential interface between human understanding and
machine-executable code. They provide developers with contextual information about how a partic-
ular piece of code is intended to function, including its purpose, inputs, outputs, and any important
assumptions. In many modern programming languages, such as Python and JavaScript, docstrings
follow structured conventions that allow them to be automatically parsed and used in documenta-
tion generation tools.

Despite their importance, maintaining accurate and up-to-date documentation remains a per-
sistent challenge. In practice, developers often modify code without updating the associated com-
ments, leading to inconsistencies that can reduce trust in the documentation. These inconsistencies
can make it more difficult for developers to understand the system, especially when working with
unfamiliar codebases or collaborating in large teams.

From a research perspective, the relationship between code and documentation is particularly
interesting because it involves aligning two different representations of the same concept: a formal,
structured representation (code) and a natural language description (comments). This alignment
requires both syntactic understanding and semantic reasoning, making it a challenging task for
automated systems.

In this thesis, docstrings are treated not simply as supplementary text, but as structured entities
that can be systematically analyzed and matched to specific regions of code. By transforming
documentation into identifiable units, we are able to evaluate how well models can recover the

relationships between code and its corresponding descriptions.



2.2 Large Language Models for Code

Large Language Models (LLMs) have emerged as powerful tools for understanding and generating
both natural language and source code. These models are typically based on transformer architec-
tures introduced by Vaswani et al. [5] and are trained on large-scale datasets that include a mixture
of textual and programming data. As a result, they are able to capture patterns that connect code
constructs with their corresponding natural language descriptions.

In recent years, LLMs have demonstrated strong performance on a variety of software engineer-
ing tasks, including code completion, summarization, translation, and bug detection [3, 4]. Their
ability to reason about programming logic and produce human-readable explanations makes them
particularly well-suited for tasks involving code documentation.

However, most existing applications of LLLMs focus on generative tasks, where the model is
asked to produce new text based on input code. While this is useful, it does not directly address
the problem of verifying or aligning existing documentation. In contrast, the task explored in this
thesis requires models to select the correct documentation from a predefined set, which introduces
additional constraints and requires more precise reasoning.

Another important consideration is that LLMs often operate probabilistically, meaning their
outputs can vary depending on prompt design and sampling parameters. This can lead to incon-
sistencies, especially in tasks that require strict adherence to formatting or structural constraints.
Understanding these limitations is crucial when evaluating their performance in structured tasks

such as docstring-to-code alignment.



2.3 Limitations of Existing Work

Although there has been significant progress in applying Large Language Models to software en-
gineering tasks, relatively little work has focused on evaluating their ability to align existing docu-
mentation with code. Most prior research has concentrated on generating documentation from code
or retrieving relevant code snippets from textual queries. While these tasks demonstrate the expres-
sive capabilities of LLMs, they do not require precise matching between predefined elements.

One key limitation of generative approaches is that they are difficult to evaluate objectively.
Generated documentation may be partially correct or semantically similar to the ground truth, mak-
ing it challenging to measure performance using strict metrics. In contrast, the matching task con-
sidered in this thesis allows for exact evaluation, as each slot has a clearly defined correct answer.

Another limitation of existing work is the lack of constraints. Many LLLM-based systems allow
models to generate outputs freely, without enforcing structural requirements such as one-to-one
mappings. This can result in outputs that are difficult to interpret or use in practice. By introducing
explicit constraints, the approach in this thesis ensures that model outputs are both meaningful and
usable.

Finally, prior studies often rely on simplified datasets or synthetic examples that may not fully
capture the complexity of real-world codebases [1]. In this work, we address this limitation by
using actual repositories, which introduces variability in coding style, structure, and documentation

quality. This makes the evaluation more realistic and provides deeper insights into model behavior.



3 Approach

3.1 Overview

The overall approach of this thesis is to transform the problem of docstring-to-code alignment into
a structured matching task that can be evaluated in a controlled and reproducible manner. Rather
than asking models to generate documentation, we require them to identify the correct association
between existing code locations and a predefined set of candidate comments.

This transformation is achieved through a multi-stage pipeline that begins with raw source code
and ends with a set of model predictions that can be directly compared to ground truth mappings.
Each stage of the pipeline is designed to isolate a specific aspect of the problem, allowing for more
precise analysis of model behavior.

At a high level, the pipeline consists of comment extraction, masking, prompt construction,
model inference, and evaluation. These stages are interconnected, and the quality of each step
can significantly influence the final results. For example, inaccuracies in the masking process can
propagate through the pipeline, while poorly constructed prompts can lead to ambiguous or invalid
model outputs.

By structuring the problem in this way, we are able to evaluate not only whether models can
understand the relationship between code and documentation, but also whether they can operate
under strict constraints and produce consistent, interpretable outputs. This makes the approach

particularly suitable for benchmarking and comparative analysis across different models.



3.2 Comment Masking Pipeline

The comment masking pipeline is a central component of the proposed system, as it transforms raw
source code into a structured format suitable for evaluation. The process begins by scanning each
source file and identifying all block comments and docstrings based on language-specific patterns.
This includes multi-line comments in languages such as Python, JavaScript, and C-style languages,
ensuring that a wide range of repositories can be processed consistently.

Once identified, each comment is extracted and assigned a unique identifier referred to as a
comment _id. In parallel, a corresponding s1ot_id is generated to represent the location of that
comment within the code. The original comment text is then replaced with a placeholder token
containing the slot identifier, effectively masking the documentation while preserving the structure
and readability of the source file.

In addition to masking, the pipeline records metadata such as the start and end line numbers of
each comment. This information is useful for analysis and debugging, although it is not directly
exposed to the model during inference. The result of this process is a modified version of the source
code in which all documentation has been replaced by identifiable slots, along with a structured
mapping between slot identifiers and their corresponding comment identifiers.

This transformation serves two key purposes. First, it prevents the model from directly relying
on the original documentation, forcing it to infer relationships based on code semantics. Second, it
converts the problem into a controlled matching task, enabling precise evaluation of model predic-

tions.



3.3 Candidate Comments

The candidate comments component defines the pool of possible matches that the model can se-
lect from when assigning documentation to code slots. For each file, all extracted comments are
collected and stored along with their corresponding identifiers. These comments form a closed set,
meaning that the correct answer for each slot must be chosen from this list.

This formulation introduces an important constraint that distinguishes the task from genera-
tive approaches. Instead of producing new text, the model must reason about the relationship
between the code and each candidate comment, selecting the one that best fits the given context.
This requires the model to compare multiple options and make a decision based on both semantic
similarity and structural cues.

One challenge associated with this setup is that candidate comments may be similar in content
or style, especially in larger files. This increases the difficulty of the task, as the model must
distinguish between closely related descriptions. Additionally, the number of candidates can vary
across files, introducing variability in task complexity.

Despite these challenges, using a fixed set of candidate comments provides significant advan-
tages for evaluation. It allows for precise measurement of correctness and ensures that outputs are
directly comparable across models. Furthermore, it aligns well with real-world scenarios, where

developers often need to match existing documentation to specific parts of a codebase.

3.4 Prompt Construction

Prompt construction is a critical component of the proposed approach, as it defines how the task

is presented to the model. The prompt must provide sufficient context for the model to understand



the problem while also enforcing strict constraints on the output format.

Each prompt is constructed by combining three key elements: a list of slot identifiers, a list
of candidate comments with their corresponding identifiers, and the masked source code. These
elements are presented in a structured format, along with explicit instructions that guide the model’s
behavior. The instructions emphasize requirements such as using only the provided identifiers,
assigning each slot exactly once, and producing valid JSON output.

Designing effective prompts requires careful consideration of both clarity and specificity. If the
prompt is too vague, the model may produce inconsistent or incomplete outputs. On the other hand,
overly complex prompts can increase the likelihood of formatting errors. Striking the right balance
is essential for achieving reliable performance.

Another important aspect of prompt construction is consistency across models. By using a
standardized format, we ensure that all models are evaluated under the same conditions, allowing
for fair comparisons. This also makes it easier to identify differences in performance that are
attributable to the models themselves rather than variations in input.

Overall, prompt construction plays a central role in bridging the gap between the raw data
and the model’s reasoning process. It directly influences both the quality and reliability of the

predictions, making it a key area of focus in this work.

3.5 Pipeline Overview

Slot- )
GitHub - Docstring Masking - Candidate — Prompt - LLM BN Comment W8 Evaluation
Repositories Extraction (Slot IDs) Comments Construction APIs Matches Metrics

Figure 1: Docstring-to-code alignment pipeline showing data preprocessing, prompt construction, model infer-
ence, and evaluation stages.



Figure 1 illustrates the complete workflow used in this thesis. The process begins with GitHub
repositories, where documentation comments are extracted and replaced with slot identifiers. Can-
didate comments are then compiled and used to construct a structured prompt, which is passed
to LLM APIs. The resulting slot-comment matches are evaluated using the defined accuracy and

consistency metrics.

4 Evaluation

4.1 Metrics

To evaluate model performance in a comprehensive and meaningful way, three complementary
metrics are used. Each metric captures a different aspect of the task, allowing us to assess not only
correctness but also reliability and consistency.

Exact-Match Accuracy measures the percentage of slot assignments where the predicted comment _id
exactly matches the ground truth. This metric provides a direct indication of how well the model
understands the relationship between code and documentation. However, accuracy alone is not
sufficient, as it does not account for structural validity or completeness of the output.

Valid One-to-One Mapping Rate evaluates whether the model produces structurally valid
outputs at the file level. A prediction is considered valid if every slot is assigned exactly one unique
comment and no comment is used more than once. This metric is particularly important because
the task imposes strict constraints, and violating these constraints can render otherwise correct
predictions unusable in practice.

Non-Empty Prediction Rate measures the proportion of slots for which the model produces



a non-empty prediction. This metric captures output completeness and robustness. In some cases,
models may fail to produce predictions for certain slots due to formatting errors or uncertainty,
which can significantly impact usability.

Together, these metrics provide a balanced evaluation framework. Exact-match accuracy cap-
tures semantic correctness, valid mapping rate captures structural consistency, and non-empty pre-
diction rate captures completeness. By analyzing all three metrics, we gain a more nuanced under-

standing of model performance.

4.2 Results

Model Accuracy (%) Valid Mapping Non-Empty (%)
(%)
DeepSeek Chat v3 71.82 89.86 80.44
DeepSeek v3.2 61.79 92.75 68.78
Claude Sonnet 4.5 63.27 88.41 68.20
Claude Sonnet 4.6 59.82 89.86 61.30
Gemini 3 Flash 57.52 84.06 60.31
Gemma 4 31B 56.94 85.51 60.15
Gemma 3 12B 43.14 76.81 58.42
Gemini 2.5 Flash 34.76 71.01 36.24

Table 1: Overall model performance across all evaluated repositories.

Table 1 presents the overall results for each evaluated model. DeepSeek Chat v3 achieved the
highest exact-match accuracy at 71.82%, showing the strongest overall ability to correctly pair slot
IDs with their corresponding comment IDs. DeepSeek v3.2 achieved the highest valid mapping rate
at 92.75%, meaning it was especially strong at producing structurally valid one-to-one mappings.
Gemini 2.5 Flash had the lowest overall accuracy and non-empty prediction rate, suggesting that

it struggled more with both correctness and output completeness. Overall, the table shows that
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stronger performance is not only about accuracy, but also about whether the model can consistently

return complete and valid mappings.

4.3 Accuracy Comparison

Accuracy Comparison
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Figure 2: Accuracy comparison across evaluated models.

Figure 2 provides a visual comparison of exact-match accuracy across the evaluated models.
The chart makes the performance differences easier to see than the table alone. DeepSeek Chat
v3 stands out as the strongest model in terms of accuracy, followed by Claude Sonnet 4.5 and
DeepSeek v3.2. The lower accuracy of Gemini 2.5 Flash and Gemma 3 12B suggests that not all
models handle the structured matching task equally well, even when they are capable of general

code understanding.
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4.4 Discussion

The results demonstrate that modern Large Language Models are capable of performing the docstring-
to-code alignment task with a reasonable degree of success, but their performance varies signifi-
cantly depending on both the model architecture and the characteristics of the input data.

Among the evaluated models, DeepSeek Chat v3 achieves the highest overall accuracy, indicat-
ing a strong ability to reason about the relationship between code and natural language descriptions.
Its high non-empty prediction rate further suggests that it is able to consistently produce complete
outputs, which is critical for practical applications. Similarly, models such as Claude Sonnet 4.5
and DeepSeek v3.2 show strong performance across multiple metrics, highlighting the effectiveness
of newer architectures.

However, the results also reveal several important limitations. First, performance varies consid-
erably across repositories, suggesting that certain types of code are inherently more challenging for
LLMs to interpret. Factors such as code complexity, naming conventions, and lack of contextual
clues may contribute to this variability.

Second, some models struggle with enforcing the one-to-one mapping constraint, even when
they demonstrate reasonable accuracy. This indicates that while models may understand individual
relationships, maintaining global consistency across multiple assignments remains difficult.

Finally, the non-empty prediction rate highlights issues related to output formatting and ro-
bustness. In some cases, models fail to produce valid outputs for all slots, which reduces their
effectiveness in real-world scenarios.

Overall, these findings suggest that while LLMs have made significant progress in understand-

ing code, there is still room for improvement in tasks that require structured reasoning and strict
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constraint satisfaction.

5 Conclusions

5.1 Summary & Conclusions

This thesis presented a structured framework for evaluating the ability of Large Language Models
to align documentation comments with the code they describe. By reformulating the problem as
a constrained matching task, we were able to move beyond traditional generative evaluations and
instead focus on precise, interpretable measurements of model performance.

The proposed approach involves transforming source code through a masking pipeline, con-
structing structured prompts, and evaluating model outputs using a set of complementary metrics.
This framework enables a detailed analysis of both correctness and reliability, providing insights
that are not easily captured by standard benchmarks.

The experimental results demonstrate that modern LLMs are capable of performing this task
with a moderate to high degree of accuracy. In particular, newer models show clear improvements
over earlier versions, indicating that advancements in model architecture and training data are con-

tributing to better code understanding capabilities.

5.2 Limitations

Despite these promising results, several limitations remain. The evaluation is based on static code
analysis and does not account for runtime behavior or execution semantics. Additionally, model

performance is sensitive to prompt design and output formatting, which can introduce variability.
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Another limitation is the diversity of the dataset. While multiple repositories are included, they
may not fully represent all types of real-world codebases. Certain domains or programming styles

may present additional challenges that are not captured in this study.

5.3 Future Work

Future work can build upon this framework in several ways. One potential direction is to expand
the dataset to include a wider range of programming languages and codebases, improving the gen-
eralizability of the results. Another direction is to refine prompt construction techniques to improve
consistency and robustness across models.

Additionally, integrating traditional static analysis methods with LLM-based approaches may
help address some of the observed limitations. By combining symbolic reasoning with learned
representations, it may be possible to achieve more reliable and accurate alignment.

Finally, this work can be extended to real-world applications, such as automated documenta-
tion validation tools or developer assistance systems. These applications could help ensure that
documentation remains accurate and useful over time, ultimately improving software quality and

maintainability.
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