arXiv:2506.19897v1 [cs.SE] 24 Jun 2025

Can LLMs Replace Humans During Code
Chunking?

Christopher Glasz, Emily Escamilla, Dr. Eric O. Scott, Anand Patel, Jacob Zimmer, Colin Diggs,
Michael Doyle, Dr. Scott Rosen, Dr. Nitin Naik, Dr. Justin F. Brunelle, Dr. Samruddhi Thaker,
Parthav Poudel, Arun Sridharan, Amit Madan, Doug Wendt, William Macke, and Thomas Schill®
The MITRE Corporation
McLean, VA
cglasz@mitre.org

Abstract—Large language models (LLMs) have become es-
sential tools in computer science, especially for tasks involving
code understanding and generation. However, existing work does
not address many of the unique challenges presented by code
written for government applications. In particular, government
enterprise software is often written in legacy languages like
MUMPS or assembly language code (ALC) and the overall
token lengths of these systems exceed the context window size
for current commercially available LLMs. Additionally, LLMs
are primarily trained on modern software languages and have
undergone limited testing with legacy languages, making their
ability to understand legacy languages unknown and, hence, an
area for empirical study. This paper examines the application of
LLMs in the modernization of legacy government code written in
ALC and MUMPS, addressing the challenges of input limitations.
We investigate various code-chunking methods to optimize the
generation of summary module comments for legacy code files,
evaluating the impact of code-chunking methods on the quality
of documentation produced by different LLMs, including GPT-
40, Claude 3 Sonnet, Mixtral, and Llama 3. Our results indicate
that LLMs can select partition points closely aligned with human
expert partitioning. We also find that chunking approaches have
significant impact on downstream tasks such as documentation
generation. LLM-created partitions produce comments that are
up to 20% more factual and up to 10% more useful than when
humans create partitions. Therefore, we conclude that LLMs can
be used as suitable replacements for human partitioning of large
codebases during LLM-aided modernization.

Index Terms—Large Language Models, Legacy System Mod-
ernization, Code Partitioning

I. INTRODUCTION

Large language models (LLMs) have become pivotal in
computer science due to their ability to understand and
generate code for modern programming languages [1]]-[4].
Code modernization, the process of converting legacy sys-
tems written in legacy languages into modern languages, has
emerged as an application for LLMs due the incredible amount
of time and expertise required for modernization. Extensive
research has been done in the area of optimizing LLM
performance for specific tasks through techniques like prompt
engineering, which involves manipulating task instructions
to enhance output quality [S]-[7]. However, there remains a
significant gap in understanding the impact of input sizes of
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code partitions on the quality of LLM software documentation
outputs, especially when handling large volumes of code such
as those in government legacy IT systems.

For tasks involving code, it is common practice to provide
an entire file to an LLM for context, operating under the
assumption that more context leads to better output quality.
However, while the context windows of LLMs continue to
grow, legacy language source files often exceed these limits.
Government legacy systems are especially large with millions
of lines of code. These instances necessitate “‘chunking,” a pro-
cess by which users manually or programmatically break up
or partition longer documents into smaller pieces to facilitate
use in LLM software modernization tasks.

Unlike natural language inputs, software follows a highly
structured format and often contains critical dependencies,
which makes chunking a delicate operation. For example,
splitting code in the middle of a logic routine such as a
function definition or control-flow structure would separate
valuable context and may severely hamper an LLM’s ability to
understand the code. Therefore, chunking a source file strictly
by lines of code may divide essential information across
multiple chunks. While abstract syntax tree (AST) parsers
can aid in chunking code according to its structure, ASTs are
not available for all programming languages and creating an
AST is a non-trivial and time-consuming undertaking. These
limitations make LLM Partitioning an appealing strategy for
modernization tasks. Understanding these dynamics is crucial
for LLM optimization to maximize output quality, minimize
hallucinations, and save computational and human engineering
time.

Due to the limited availability of subject-matter experts
(SMEs) in legacy programming languages, modernization ef-
forts increasingly rely on LLMs to understand legacy code
and aid in modernization. In this context, generating documen-
tation becomes a crucial application of LLMs, as comments
play a vital role in ensuring code conversion accuracy [8]. In
this study, we evaluate LLM performance on IBM mainframe
assembly language code (ALC) and MUMPS languages, two
legacy programming languages that are relatively obscure in
LLM training datasets but remain critical to government sys-
tems. To support modernization of these legacy systems, LLM-
generated documentation must be both reliable and of high
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quality. Building on this foundation, this study investigates
two primary research questions:

« RQ1: What automated chunking method most closely
resembles human partitioning?

o« RQ2: What chunking method results in the highest
quality of generated documentation?

By exploring these questions, we aim to identify ways to
improve LLM performance and reliability in tasks that impact
the efficiency and accuracy of legacy code modernization, such
as software documentation.

II. RELATED WORK

Much of the recent innovation and performance improve-
ments offered by LLMs have been centered around increasing
context window lengths. Researchers have combined pre-
training methods like positional embeddings (especially RoPe
[9] and its extensions [10]) with long-document training
datasets (ex. LongBench [11]) to enable transformer archi-
tectures that can process long-term dependencies among doc-
uments of hundreds of thousands of tokens in length or more.

In general, LLM evaluation studies show that these models
are able to recall and leverage diverse informational content
in very long documents [[12]. For particular operational tasks,
however, it is not clear that simply feeding LLMs as much
context information as possible for the task at hand is always
beneficial. In some cases, researchers have demonstrated that
LLMs are strongly biased toward contextual information they
receive, excluding parametric knowledge that may facilitate
generalization [13]. A key design decision for many appli-
cations, then, is determining what strategy best processes a
corpus of long documents into smaller chunks for processing
by an LLM.

Researchers have studied the chunking problem most exten-
sively in the domain of retrieval-augmented generation (RAG).
In RAG systems, developers must balance breaking documents
into small pieces to retrieve specific information while re-
taining enough context to identify documents as relevant to a
query. The first RAG systems relied on fixed-length chunking
of the input corpus [14], but the most common methods today
employ semantic similarity as well as recursive splitting with
an objective of keeping sentences and paragraphs together
[15], [16][] Many of these approaches use a ‘“small-to-big”
strategy, beginning with a small portion of text and then
iteratively adding adjacent regions that fall within a similarity
threshold [17]. More recent chunking strategies, like meta-
chunking [18]], extend semantic approaches using an LLM
to determine segmentation points [19]], or forgoing chunking
entirely through chunking-free in-context retrieval [20].

The effect of chunking strategies on software-related tasks,
by contrast, has rarely been studied. Previous publications in-
volving experimentation of code translation or summarization
use a fixed-size chunking strategy or adopt a policy of using
one chunk for each file in a commit [21]]. Zhou et al. [22] use

ISee for example LangChain’s influential RecursiveCharacterTextSplitter
and SemanticChunker, APIs, and Llamalndex’s SemanticSplitterNodeParser,

LangChain’s built-in MapReduce—styleE] methods of splitting
and aggregating chunks for large Python documents in code
understanding tasks. For tasks that take code as input, syntactic
approaches to chunking are a natural choice. For instance,
Koziolek et al. [23] chunk code into function blocks for RAG-
based code generation and argue that this meets the intuition
that it is a best practice to “create chunks with semantically
related information”. Wang at al. [24], meanwhile, contrast
chunking by lines with chunking by condition statements when
generating Z3 code from Python with the assistance of RAG.

In particular, optimal code chunking strategies for comment
generation remains a research gap. In the context of modern-
ization, ensuring the generation of high quality documentation
by LLMs is paramount. While researchers are investigating
the use of LLMs for direct code translation, many challenges
surrounding LLM direct translation for legacy languages
remain unsolved [25], [26]]. Therefore, in lieu of directly
translating legacy code with LLMs, LLMs can generate code
documentation, like comments, that aid human developers in
code translation tasks [|§]. Comment generation is a potentially
context-heavy task, as developers often report that comments
that simply recapitulate what a single line of code performs
are less useful than comments that describe code in the wider
context of the function, module, or application. Therefore, it
is beneficial to provide as much source code as possible to an
LLM when performing summarization tasks. Where context
windows impose limitations and require code chunking, it is
important to understand the impact of and identify optimal
code chunking strategies.

Based on the existing research, we hypothesize that LLM
Partitioning will most closely resemble human partitioning
as opposed to rule or size based partitioning methods. We also
hypothesize that LLM Partitioning with no context limit
will result in the highest quality of generated comments,
following the logic that additional context will provide more
useful comments.

III. METHODS

In this section, we outline the methodologies we used to
investigate input limitations for LLMs and the impact of
partitioning strategies on the quality of code documentation
generated by LLMs. We aim to identify optimal partitioning
strategies that enhance the generation of quality comments.
The following subsections detail the partitioning methods,
comment generation process, and evaluation methods used in
our study.

A. Partitioning Methods

To understand the effect of chunking on generation quality,
we experimented with three categories of partitioning strate-
gies with two chunking methods per category: naive chunking,
structure-based chunking, and expert-driven chunking. The
categories and associated chunking methods are shown in
Table [

Zhttps://js.langchain.com/v0.1/docs/modules/chains/document/map_reduce/
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TABLE I: Breakdown of the chunking methods by type

including the context windows tested in this experiment.

Expert-Driven

Category Chunking Method Context Window
Naive Chunkin Full File Unlimited
€ [Fixed Length Chunks | Variable
Single Module Unlimited
Structure-Based - |—yp teoTe Modules Variable
Human Partitions Unlimited

LLM Partitions

Variable and Unlimited

For the naive chunking strategy, we used Full File and
Fixed Length Chunking methods. With Full File chunking,
the code is provided to the LLM in its entirety. Fixed Length
Chunking splits the code at line breaks without exceeding the
defined token limit. However, arbitrary line breaks may result
in language structures like functions or loops being curtailed,
resulting in critical logic being omitted from chunks.

To take the code structure into consideration, we employed
structure-based chunking with the Single Module and Multi-
ple Module methods. For both methods, we used a language-
specific abstract syntax tree (AST) parser to identify complete
“modules” in the code (i.e., subroutines in MUMPS, CSECTs
or DSECTs in ALC). With Single Module chunking, each
chunk contains only one module. With Multiple Module
chunking, adjacent modules are iteratively merged until they
reach the defined token limit.

Lastly, we employed two expert-driven chunking methods:
Human Partitions and LLM Partitions. The SMEs that we
asked to create our Human Partitions were programmers
experienced with the languages used in experimentatiorﬂ Both
the human SMEs and the LLM were tasked to partition
code into “logical blocks that are relatively self-contained and
ideally constitute a complete subroutine’ﬂ Additionally, we
provided the LLM with instructions for formatting output as a
JSON object and a sample input-output pair. For the LLM
Partitions approach, we allowed for the specification of a
token limit — when the model produced chunks that exceeded
this limit, we re-queried the LLM with the original input,
its partitioning, the list of chunks that exceeded the limit, a
multiplier indicating by how much the limit was exceeded,
and instructions to shorten those chunks.

For each of the approaches that support variable token
limits (Fixed Length Chunks, Multiple Modules, and LLM
Partitions), we experimented with four token limits: 512,
1,024, 2,048, and 4,096. Note that we used the GPT-4o0
tokenizer to count chunk tokens regardless of the model being
queried to avoid differences in inputs between experiments.
We selected this range for practical reasons: LLMs struggled
to partition code from one of our datasets into chunks any
shorter than 512 tokens, and in the other dataset, the longest
file contained only 4,785 tokens.

3Two MUMPS programmers with more than 5 years of combined MUMPS
experience, and one ALC programmer with over 40 years of experience with
assembly programming.

4Partitioning prompt provided in Appendix

B. Data Preparation

We selected two codebases—one written in ALC and the
other in MUMPS—to test our methods. For the ALC corpus, we
collected the code from Walmart Labs’ open source software
for file access managemenlE] and unique identifier generatiorﬂ
The MUMPS corpus consists of the Incomplete Records
Tracking (IRT) module of the Open Source Electronic Health
Record Alliance (OSEHRA) VistA open source electronic
health record (EHR) softwartﬂ which has been utilized by
the U.S. Department of Veterans Affairs. We selected the IRT
module as being representative of the overall complexity of
the VistA codebase. Table |lI] provides some statistics of the
ALC and MUMPS corpora. We observed repeatable behavior
of our methods, with government systems being similar to the
Walmart and IRT code. We evaluate our methods on these
open-source corpora because we cannot release the findings
from our work on government systems due to sensitivities and
releasability restrictions.

TABLE II: Basic statistics on the two legacy code datasets
investigated.

Language  Files  Modules Lines Tokens  Characters
ALC 12 54 13344 141,526 566,104
MUMPS 78 1,948 5,107 139,117 556,468

To prepare the corpora for comment generation (Section
[MI-C)), we stripped each source file of any existing comments
and remark and then annotated with module markers. We
gave each module marker a unique 8-character random iden-
tifier, and inserted it on a new line preceding each module
— these modules correspond directly with modules use in the
structure-based chunking methods. For each file we processed,
we partitioned it according to our 16 chunking methods:
3 fixed-length approaches (Full File, Single Module, and
Human Partitions), 3 variable-limit methods with 4 limits
each (Fixed-Length Chunks, Multiple Modules, LLM Par-
titions), in addition to the LLM Partitions approach with no
limit imposed. In total, our corpus contained 16 partitioned
files for each original file.

C. Comment Generation

To measure the impact of partitioning, we assessed the
quality of the LLM output for a given task across multiple
LLMs. Specifically, we are interested in the impact of code
partitioning on the quality of documentation generation. For
this portion of the experiment, we prompted the four LLMs
(GPT-40, Claude 3 Sonnet, Mixtral, and Llama 3) to generate
module-level inline comments. To do this, we prompted the
LLMs to provide a short documentation string corresponding

Shttps://github.com/walmartlabs/zFAM

Shttps://github.com/walmartlabs/zZUID

Thttps://github.com/World VistA/VistA

8For the Human Partitions and LLM Partitions chunking methods, we
provided the code to the SMEs and LLMs with comments intact. We then
removed the comments from the partitioned outputs.
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to each of the uniquely identified module markers that we
inserted into the source cod

D. Evaluation Methods

We evaluated the partitioning methods across two cate-
gories of measures: quality of the partitioning method
and quality of LLM-generated documentation using the
partitions. These measures allow us to assess the validity of
utilizing automated partitioning to generate trustworthy and
high quality documentation for modernization.

1) Measuring the Quality of the Partitioning Method: For
this evaluation, we used human partitioning as our ground truth
for the logical partitioning of code files. We used the metrics
recall and precision to quantify the similarity between human
partitioning and other chunking methods. For this study, recall
is computed as the fraction of ground truth split points that
were identified by the chunking method and precision is the
fraction of split points identified by the chunking method that
were ground truth split points. For each chunking method and
chunking size, we calculated the recall and precision of the
partition in relation to the SME partition. We used GPT-40
partitions as a representative sample of the LLM Partitions
chunking methods for this aspect of the experiment.

2) Measuring the Quality of LLM-Generated Documenta-
tion: While similarity to human partitioning provides insight
for automated implementations, assessing the quality of LLM-
generated documentation is the final judge of partitioning
method quality. To measure the quality of generated documen-
tation, we prompted GPT-40 and Claude 3 Sonnet to evaluate
the comments generated with the methodology provided in
Section[[II-C] We quantified quality through evaluation metrics
characterizing completeness, hallucination, readability, and
usefulness and provided the LLMs with guidelines for each
characteristic

The approach we employed for generating LLM evaluations
of module summaries was similar to the one used for gener-
ating those summaries. From the prepared code with original
comments removed and module markers added, we inserted
the generated comments directly after their corresponding
marker in the code. We then provided the LLM with the
entire file and prompted it to generate a JSON-formatted
output mapping the unique module identifiers to evaluation
objects containing scores for the four characteristics described
abovd']

Previous work studying the effects of batch prompting
[27] suggest that performance may degrade when the input
prompt length is not significantly greater than the output
length. We therefore limit the number of comments graded
simultaneously per request by including only a connected
subset of five comments in each prompt, and repeating the task
with different “windows” of comments until all generations
have been graded.

9Comment generation prompt provided in Appendix
10Evaluation prompt and metric definitions provided in Appendix
Evaluation prompt provided in Appendix

We initially used a four-point grading scale for each of these
characteristics, to mirror the rubric we offered human SMEs
in other internal experiments. However, in initial experimen-
tation, we found that LLMs provided more accurate scoring
when not restricted to a 4-point scale and that LLMs tend
to score favorably if not instructed to grade more critically.
To bias the LLMs toward lower scores, we modified our
prompting strategy to request a score for each characteristic
on a 100-point scale with the inclusion of a reasoning for the
score and instructed the LLM to be a “hard grader”.

To obtain robust and easily-visualized results, we generated
10 independent evaluations of each comment and took the
mean of the scores. We observed intra-class correlation co-
efficients for average random raters (ICC2k) of 0.960 on the
MUMPS dataset and 0.908 on the ALC dataset, suggesting
that there’s a high level of agreement between iterations of
GPT-40 evaluations.

In total, this evaluation required 1.28 million requests to
GPT-40 (2,002 module comments generated by 4 models using
16 chunking methods and 10x coverage), taking 37 days and
costing $8,547.

IV. RESULTS

This section presents the findings of our study, organized to
address the two research questions (RQ1 and RQ2) outlined
in the First, we evaluate the quality of the
partitioning methods in aligning with SME-defined partitions
across two code corpora: MUMPS and ALC. Next, we assess
the quality of LLM-generated documentation based on the par-
titioning methods and models. Finally, we analyze the impact
of context limits on partitioning method performance, focusing
on the metrics of hallucination and usefulness. The results
highlight the effectiveness of the LLM Partitioning method
in aligning with Human Partitioning and generating high-
quality documentation, while also exploring the variability in
performance across models and corpora.

A. Quality of the Partitioning Methods

To address RQ1, we calculated the precision and recall for
every partitioned file in relation to SME partitioning for the
MUMPS corpus (Figure and ALC corpus (Figure [Tb).
As shown by the higher precision and recall in Figure [Ta]
the partitions for the MUMPS corpus show overall closer
alignment with SME partitions than the ALC corpus which
demonstrated precision values close to zero and most recall
values below 0.2 as shown in Figure With the exception
of Single Module chunking, LLM Partitions outperformed
all other partitioning methods regardless of partition limit and
programming languages. Because MUMPS labelled blocks are
very similar to the idea of subroutines, the Single Module
method (indicated by the circle icon) partitioned the file at
almost all the same points that SMEs did, resulting in near-
perfect recall. Multiple Modules chunking has comparable
precision with Single Module chunking, but far lower recall,
meaning that Single Module chunking correctly identifies
more of the human partition points. As expected due to



their arbitrary nature, Fixed-Length Chunks have minimal
overlap with SME partitions. Both the Fixed-Length Chunks
and Multiple Modules approaches have a similar curve in
precision-recall space when varying the context limit — a peak
in precision at the 512-token limit, abysmal precision at 4096
tokens, and steadily improving recall as the limit gets smaller.
With MUMPS, this pattern makes sense, as most of the source
files fit within a 4096-token window, resulting in extremely
few partitions with these approaches, while our SMEs inserted
partitions between nearly every labeled block.

As shown in Figure matching SME partitions in ALC
is generally a much more challenging task than in MUMPS,
primarily due to the relative sparsity of SME partition points.
With these “smaller targets”, only LLM Partitions show any
resemblance to the SME partitions, while all other methods
scored close to zero on both precision and recall. For the ALC
corpus, the LLM Partitions chunking method demonstrated
recall comparable to that of MUMPS source code, correctly
identifying SME partition points at a rate consistent with
its performance on the MUMPS corpus. However, it had
low precision, similar to other partitioning methods on the
ALC corpus, and identified additional partition points not
recognized by human partitioning. Overall, in response to
RQ1, LLM Partitions exhibit the highest precision and recall
in most closely resembling human partitioning for both ALC
and MUMPS.

B. Quality of LLM-Generated Documentation

To address RQ2, we plotted the LLM self-evaluation scores
for each partitioning method and LLM with the results for
the MUMPS codebase shown in Figure and the ALC
codebase shown in Figure As shown in Figure the
performance of partitioning methods on the MUMPS codebase
varies across models and metrics. With GPT-40, for exam-
ple, Single Module chunking scores higher than the other
chunking methods for completeness and usefulness. However,
Single Module chunking is one of the lowest scoring chunking
methods across all metrics for Claude 3 Sonnet, Mixtral,
and Llama 3. LLM Partitioning performs similarly to Hu-
man Partitioning across all four models for the metrics of
completeness, usefulness, and readability. However, comments
generated from LLM Partitions are notably scored as more
factual than comments generated from Human Partitions for
Claude 3 Sonnet, Mixtral, and Llama 3. For the MUMPS
codebase, LLM Partitions produced comments that were up
to 10% more factual than Human Partitions. The improved
performance of LLM Partitioning over Human Partitioning
is especially pronounced with the ALC codebase. Across all
four LLMs, LLM Partitions are among the highest scores for
the metrics of usefulness and completeness. Specifically, LLM
Partitions out-perform Human Partitions by up to 10% in
usefulness and completeness for the ALC codebase.

C. Chunking Method Performance Across Context Limits

Next, we assessed the impact of context limits on the
performance of partitioning methods with respect to comment

factualness (Figure [) and usefulness (Figure [3). Figure 4]
shows hallucination scores for each model (quadrant) and
chunking method (color) on the MUMPS corpus. For chunk-
ing methods with variable context lengths (i.e., fixed-length
chunks, multiple models), the token limit is on the x-axis and
methods where no such limit is imposed (i.e., Full File, Single
Module) are presented in a separate box to the right for each
model.

As shown by Figure [ chunking methods have a greater
impact on LLM performance for Mixtral and Llama 3 than
for GPT-40 and Claude Sonnet 3. GPT-40 and Claude Sonnet
3 achieved consistently high factualness with GPT-40 demon-
strating comparable results across chunking methods. Claude
Sonnet 3 comments had slightly more variance between chunk-
ing methods with Single Module chunking producing the
worst hallucination scores followed by Human Partitions.
Mixtral and Llama 3 achieved median hallucination scores 20-
40 points lower than GPT-40 and Claude Sonnet 3 and had
significantly higher variance. The effect of chunking methods
is stark in these poorer-performing LLMs. Notably, LLM
Partitions, regardless of context limit, produce comments that
are up to 20% more factual due to reduced hallucination than
Human Partitions.

For methods with variable context length, context length
is positively correlated with comment accuracy. This suggests
that increasing the amount of context available to the model
can lead to more accurate comments. Supporting this, the
Single Module chunking method, which provides the most
limited context, produced the least factual comments by far.
As context increased, the comments produced from the Fixed-
Length Chunks and Multiple Modules methods increased
in factualness with similar performance to each other across
all four token limits and all four LLMs. This trend is likely
driven by the fact that MUMPS is a highly terse language with
small subroutines (around 72 tokens); therefore, with even a
256-token limit, most windows will include multiple adjacent
subroutines.

The positive correlation between context length and com-
ment accuracy seen with the MUMPS corpus (p=0.199,
p=8.80e-10) does not hold in the ALC corpus. For the ALC
corpus, all LLMs and chunking methods produced high scores
(means of 90 or higher) on hallucination, and the little
variation that occurred indicated that larger contexts were
detrimental to accuracy, rather than beneficial as previously
assumed. This was consistent across metrics, as presented in
Figure 5] which shows findings on the usefulness of comments
generated for our ALC corpus. Here, the Full File approach
consistently produced the lowest scores, while the Single
Module and LLM Partitions methods performed best.

As shown in Figure[5] for the ALC corpus, chunking method
and context limit impacted model performance differently
across each of the four models. Both Mixtral and Llama
3 produce more useful comments when provided chunks
produced with smaller context limits. Mixtral produced the
most useful comments with LLM Partitions and the lowest
context limit of 512 tokens followed by the Single Module
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Fig. 1: Comparing precision and recall of partitioning methods in relation to SME partitioning on each code corpus. Higher
precision and recall values reflect closer alignment with SME partitions. Values close to 0 reflect minimal alignment with SME
partitions. For each corpus, LLM Partitions most closely resemble human partitioning.

method. The inverse is true for Claude Sonnet 3 which
produces more useful comments with chunking methods with
higher context limits, and LLM Partitions with the highest
(but not unlimited) context limit of 4096 tokens resulted in
the highest median usefulness. However, Human Partitions
and Full File methods with no context limit produce the
lowest usefulness scores for Claude Sonnet 3. For GPT-4o,
the LLM Partitions and Single Module methods achieve the
highest median usefulness scores and perform similarly across
context limits. The variability of model performance across
chunking method and context limit indicate that there may
not be a once-size-fits-all chunking method appropriate for
all models. Despite this variability, LLM Partitions emerge
as a front-runner in method performance across most models
and metrics. In the ALC corpus, LLM Partitions produce
comments that are up to 10% more useful to human developers
than Human Partitions.

For both corpora and nearly all metrics and all four LLMs,
the LLM Partitions chunking method performed at least on
par, but usually better than the Human Partitions approach.
Further, LLM Partitions had the highest median score for
all LLMs and all metrics other than hallucination on the ALC
corpus. In response to RQ2, generally, across all 4 metrics and
all 4 LLMs, LLM Partitioning results in the most consistently
high quality documentation. While LLM Partitioning did not
always produce the highest score, it results in consistently high
scores without the large swings in performance found in other
chunking methods depending on language and model. There-

fore, LLM Partitioning is a viable strategy for partitioning
large code bases, like those found in government legacy IT
systems. LLM Partitioning is a way to reduce human cost and
effort during LL.M-aided modernization as well as increase
LLM performance in downstream tasks such as comment
generation.

V. DISCUSSION

When assessing RQ1, chunking methods as a proxy for
SME partitioning, we identified that the LLM Partitions
approach aligns most closely with Human Partitions for
both ALC and MUMPS files. Additionally, while the Single
Module chunking method performs well for MUMPS files,
AST parsers are often not available for legacy languages, and
developing an AST or rule-based parser may be prohibitively
costly. Therefore, LLM Partitioning is the most viable method.

Regarding RQ2, documentation quality varied significantly
across models and partitioning methods, with GPT-40 per-
forming the best on average and Mixtral and Llama 3 scoring
the poorest. Chunking method had significant impacts on
downstream documentation quality, but that impact varied in
strength between corpora. We observed a positive correlation
between chunk size and quality for metrics on MUMPS
inputs, while we observed no statistically significant corre-
lation between context limit and quality metrics for ALC.
Models also responded to chunking methods differently. GPT-
40 produced its most useful and complete comments when
provided single MUMPS subroutines, while this was the least
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Fig. 2: Completeness, usefulness, readability, and hallucination scores for GPT-40, Claude Sonnet 3, Mixtral, and Llama 3
for each chunking method on the MUMPS corpus. The evaluated hallucination score is inversely related to the prevalence of
hallucination meaning a higher score means fewer hallucinations. Black horizontal lines indicate the median values.

effective chunking approach for Claude Sonnet 3, Mixtral, and
Llama 3.

VI. CONCLUSION

This study explored the impact of code chunking meth-
ods on LLMs in the context of legacy code modernization,
focusing on downstream documentation generation quality.
We presented an approach to partitioning input code using
LLMs, and our findings indicate that the resulting chunks can
approximate human intuition on code partitioning, making it
a viable method for chunking legacy code when ASTs are un-
available or costly to develop. Among the LLMs tested, GPT-
40 demonstrated superior performance, particularly excelling
in scenarios with constrained information, which may indicate
that it is relying on semantic information to “hallucinate”
accurate documentation.

The results also reveal that partitioning methods do not
universally impact all LLMs in the same way. Therefore, the
choice of partitioning strategy should be tailored to the specific
model being used. This insight is crucial for optimizing LLM
performance in code modernization tasks, ensuring that the
generated documentation is both reliable and of high quality.
Overall, across all 4 metrics and all 4 LLMs, LLM Partitioning
results in the most consistently high quality documentation.
LLM-created partitions produce comments that are up to 20%
more factual and up to 10% more useful to human developers
than when humans create partitions. Therefore, we conclude
that legacy modernization would achieve greater downstream
output quality with the utilization of high-performing LLMs
to partition code. We evaluated our methods on the publicly
available ALC and MUMPS corpora since we are unable to
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Fig. 3: Completeness, usefulness, readability, and hallucination scores for GPT-40, Claude Sonnet 3, Mixtral, and Llama 3
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publish findings from our work related to government systems.
Howeyver, our researchers have observed consistent behavior
in our methods pertaining to RQ2, noting that government
systems exhibit similarities to the corpora used in this exper-
iment. This finding helps automate one component of LLM-
aided modernization and reduce overall human cost of code
preparation. Overall, this research contributes to a deeper
understanding of how LLMs can be effectively utilized in the
modernization of legacy systems, paving the way for more
efficient and accurate code transformation processes.
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APPENDIX

. Partition Prompt

Your purpose is to partition {SOURCE_LANGUAGE} code into self-contained logical
blocks.

Partition the {SOURCE_LANGUAGE} code into logical blocks. Each block should

be relatively self-contained and ideally constitute a complete "subroutine",
including any associated comments. These breakpoints should usually be inserted
between labeled blocks, but perhaps not between xevery* labeled block (depending
on things like fallthrough).

INPUT FORMAT:

Each line of code has been prepended with an 8-character unigque ID. A Python
example would look like this: {EXAMPLE_INPUT}

And your output might look like this: {EXAMPLE_OUTPUT}

You are to output a JSON object containing a subset of these IDs, corresponding
to the lines that should start a new block. Each partition should be paired with
an explanation (please output the explanation first, before giving the line ID).
Input:

{SOURCE_CODE}

. Documentation Prompt

You are a senior software engineer tasked with documenting {SOURCE_LANGUAGE}
code.

The {SOURCE_LANGUAGE} code provided below has commented tags delineating
modules. These tags take the form ‘<MODULE #>‘, where ‘#' takes the place of an
8—-character alphanumeric ID, and are associated with the code immediately below
it.

You are to write explanatory documentation for each of these labeled modules.
This documentation should summarize the intended functionality of the code,
define any parameters or outputs, and describe any side-effects or exceptions
that may arise in its execution. This documentation will be utilized by
engineers to maintain and modernize the code, so it is vital that all the code’s
behavior is captured.

Your response should be formatted as a JSON object, where the keys are the
alphanumeric IDs and the values are the documentation strings. Be sure to
include entries for ALL placeholders present in the input. Do not provide any
other commentary, do not write any code.

Please provide comments for the following code:
{SOURCE_CODE}




. Evaluation Prompt

You are a software quality engineer, your Jjob is to evaluate comments in code
according to a rubric.

Please evaluate each comment in the provided {SOURCE_LANGUAGE} code based on the
following criteria:

Completeness - Does the comment address all capabilities of the relevant source
code? Are significant considerations or functionality omitted?

Hallucination - Does the comment provide true information? Does the description
accurately describe code behavior?

Readability - Is the comment clear to read? Is it formatted or phrased in a
confusing way?

Usefulness - Is the comment useful? Would it aid a maintainer in understanding
the code’s functionality, or does it simply "state the obvious" with no added
insight?

Look through the code and find each individual comment, they will be deliniated
by <BLOCK_COMMENT id> or <INLINE_COMMENT id> where "id" is an 8-character UUID
for the comment that follows.

Each comment should be evaluated independently based on the above criteria.

Your response should be formatted as a list of JSON objects, with each

object corresponding to one comment. Each object should include five keys:
‘comment_id', ‘completeness‘, ‘hallucination‘, ‘readability‘, and ‘usefulness’.
‘comment_id' should have a string value that holds the 8-character UUID
associated with the comment. The other four values should each be a JSON object
with two keys: ‘reasoning' (a clear explanation of why the criteria is rated the
way it is) and ‘score' (an integer grade from 0 to 100).

Be discerning in your evaluation; only very high-quality comments should

be graded at 80 or higher, and 100s should be reserved for exceptionally
illuminating documentation. Be a hard grader! If a comment is rated low, be
thorough and detailed in your explanation of your score, so that the developer
can improve in the future.

Below is an example output for a snippet of code with three labeled comments:
{EXAMPLE_OUTPUT}

Evaluate the following code:
{SOURCE_CODE}

Don’t forget to include your final scores in JSON format!
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