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Abstract
In this paper, we present a comprehensive study of the capabilities of five large language models (LLMs), namely
StarCoder2, LLaMA, CodeLlama, Mistral, and DeepSeek, for abstracting UML class diagrams from code, with the
aim to provide researchers and developers with insights into the capabilities and limitations of using various
LLMs in a model-driven reverse engineering process. We evaluate the LLMs by prompting them to generate UML
class diagrams for both Java and Python programs, with the key focus on accuracy, consistency, and F1 score.
Our findings reveal that all LLMs have higher accuracy and F1 scores for Python than for Java. DeepSeek and
Mistral perform best overall, while LLaMA consistently performs the lowest in all metrics and for both languages.
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1. Introduction

Various organizations have used software systems to carry out their responsibilities. Over time, these
systems may become legacy systems if they are not adequately maintained and evolved to meet new
requirements and needs. Reverse engineering aims to understand software systems and facilitate their
maintenance and evolution.

Model-Driven Engineering (MDE) [1] can be used together with the reverse engineering process by
providing modeling representations and high-level abstractions of software systems. These derived
models can then be used with forward engineering to re-engineer the software systems or to enable
reuse of the abstracted software functions within new MDE developments. It is also possible to use
reverse engineering to integrate code and models within a round-trip engineering process, whereby
developers can work in an agile manner at either modelling or code levels.

The Object Management Group (OMG) has defined open standards for the design and development
of software using numerous modelling notations, including the Unified Modeling Language (UML) [2].
UML is the most widely used standard notation for modeling software systems. It includes several
diagrams, the most popular of which is the UML class diagram, which is used to represent the classes
and relationships in a system.

Large Language Models (LLMs) are a type of machine learning (ML) technology that is initially
trained (pre-trained) on massive amounts of textual data, to acquire deep implicit knowledge of the
language(s) of the data, including software languages. Once pre-trained, LLMs can be fine-tuned to
carry out specific downstream tasks by further training on demonstration examples. Common examples
of LLMs include GPT3&4 [3], Bard [4], LLaMA [5], and Mistral [6]. LLMs have had a major impact on
various fields, including software engineering, where LLMs have been used in a variety of software
engineering tasks [7].

During the last twenty years, a large amount of research has been carried out on abstracting various
representations from existing software systems. Modern integrated development environments (IDEs)
such as IntelliJ and PyCharm support generating class diagrams through plugins and libraries. These
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tools often rely on complete, syntactically correct, and fully compilable source code. In contrast, the
LLM-based approach offers greater flexibility and automation that can process code and generate
structural representations even when the code is incomplete or not compiled.

A recent systematic literature review (SLR) [8] of model-driven reverse engineering (MDRE) ap-
proaches over this period identified that using LLMs to abstract different representations from source
code is a novel concept. Hence, our research investigates the capabilities and limitations of five open-
source LLMs—StarCoder2, LLaMA, CodeLlama, Mistral, and DeepSeek—for abstracting UML class
diagrams from both Java and Python programs. The LLMs are evaluated by prompting them to generate
UML class diagrams, which are then assessed using accuracy, consistency, and the F1 score metrics.
Our goals are:

• To investigate the abstraction of UML class diagrams from Java and Python code using LLMs.
• To compare the generated UML class diagrams with reference models to assess accuracy and
completeness.

• To study how LLMs deal with programming languages of different kinds: statically-typed (Java)
and dynamically-typed (Python).

The structure of the paper is as follows: section 2 presents related work, while our methodology is
explained in section 3. Section 4 illustrates the evaluation of various LLMs. The threats are outlined
in section 5, and section 6 provides the conclusions and future work.

2. Related Work

Here we describe related work in the areas of model-driven reverse engineering approaches and the
generation of code representations with LLMs.

2.1. Model-driven Reverse Engineering Approaches

Raibulet et al. [9] present a comprehensive analysis of MDRE approaches in the literature from 2003 up
to 2017. They compared fifteen MDRE approaches and presented their different features, such as the
level of automation, extensibility, and genericity.

Siala et al. [8] provide an SLR of MDRE over the period 2000–2023, which surveys 55 distinct MDRE
approaches. They found that the majority of MDRE research has concentrated on developing code
visualisations such as class, sequence, and activity diagrams.

2.2. Generating Code Representations with LLMs

Boronat and Mustafa [10] introduce a tool, MDRE-LLM, that integrates LLMs with MDRE to automate
and improve domain model recovery from source code. The tool supports diverse use cases, including
analyzing undocumented legacy systems, understanding large-scale codebases, validating LLM per-
formance, and generating reproducible datasets. They use retrieval augmented generation (RAG) to
improve the accuracy and relevance of LLM responses.

Siala [11] introduces a new approach for using LLMs to abstract UML class diagrams and object
constraint language (OCL) from Java and Python programs. In [12], Siala and Lano present the
LLM4Models LLM, based on the fine-tuning of the Mistral LLM, which abstracts OCL specifications
from Java and Python programs. In [13], the LLM4Models LLM is also used to abstract UML class
diagrams from Java programs, while the LLM4Models LLM is used in [14] to abstract UML class diagrams
from Python programs. The evaluation results of these papers indicate that the LLM4Models LLM can
effectively abstract UML and OCL from Java and Python programs.



3. Methodology

This section details the methodology used in our study, including dataset creation, selection of LLMs,
definition of UML abstraction criteria, prompt formulation, and the evaluation metrics employed.

3.1. Dataset Creation

We selected Java and Python cases from established and large-scale program datasets: CoTran [15] and
AVATAR [16].

1. Collecting sample programs: We selected 14 Java programs and 16 Python programs from the
datasets for our experiment to analyze the reverse-engineering performance of various LLMs
on Java and Python. When choosing these programs, we were not concerned with the length of
the programs, but rather with representing all the possible elements and all relationships to test
the capability of the abstraction process. The selected examples cover all the program elements
considered by our evaluation: interfaces, classes, various attributes and methods, visibility, inner
classes, and abstract and static attributes and methods. The examples include cases with one to
six classes and with various relationships.

2. Automatically generating ground-truth UML class diagrams for these programs: We used the
Java2JSON [13] and Python2JSON [14] parsers and rulesets to precisely abstract expected UML
models from the selected programs to serve as reference models for comparison with the LLM-
generated UML models.

3.2. Model Selection

To investigate the capability of existing pre-trained LLMs to abstract UML class diagrams from Java
and Python programs, we experiment using five open-source LLMs, all from Hugging Face [17], which
have achieved promising results in various code-related tasks. We selected LLMs with parameters
from 7B to 8B to maintain a balance between performance and accessibility. Larger models require
significantly more computational resources and inference time, while models in the 7B-8B range can run
efficiently on commonly available hardware while still providing sufficient capabilities and high-quality
output [18].

1. StarCoder2: StarCoder2 [19] is a family of LLMs for code (Code LLMs) trained on 3.3 to 4.3
trillion tokens and evaluated on various Code LLM benchmarks. The smallest model (3B) and the
largest model (15B) outperform comparable models [19]. StarCoder2-7B is used in our experiment.

2. LLaMA: LLaMA is a collection of LLMs in 8B, 70B, and 405B sizes trained using up to 15 trillion
tokens of publicly accessible data from different sources. Our experiment uses Llama-3.1-8B,
which was released on July 23, 2024.

3. CodeLlama: CodeLlama [20] is a code LLM based on the LLaMA 2 architecture. A large dataset
of code and natural language related to code has been used to train CodeLlama to support code
generation and infilling tasks in several programming languages, including Java, Python, C#,
PHP, and C++. CodeLlama-7b-hf is used in our experiment.

4. Mistral: Mistral [6] is a decoder-only transformer. It performs well in natural language under-
standing and generationwhen compared to other LLMs, and it may also be utilized for code-related
tasks. Mistral-7B-v0.3 is used in our experiment.

5. DeepSeek: DeepSeek-R1 [21] is trained through extensive reinforcement learning (RL) to tackle
the challenges associated with DeepSeek-R1-Zero. Multi-stage training and cold-start data are
integrated before RL. Additionally, DeepSeek is distilled into smaller, dense models based on
Qwen and Llama, which deliver outstanding performance on benchmarks. DeepSeek-R1-Distill-
Llama-8B is used in our experiment.

A temperature hyperparameter of 0.2 was chosen for the selected LLMs. This limits variation in
responses, increases deterministic output, and maintains the ability for diverse responses.

https://huggingface.co/bigcode/starcoder2-7b
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/meta-llama/CodeLlama-7b-hf
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Llama-8B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Llama-8B


3.3. Identifying Criteria for UML Class Diagram abstraction

The following criteria are used to evaluate the capabilities of various LLMs to abstract UML class
diagram representations from Java and Python programs and to identify any potential shortcomings:

C1: Are all classes and interfaces in the reference class diagram correctly abstracted by the LLM?
C2: Are all the attributes and their types in the reference class diagram correctly abstracted?
C3: Are all the methods in the reference class diagram correctly abstracted?
C4: Is each expected inheritance relationship between classes generated in the LLM output?
C5: Is each expected realization relationship between classes/interfaces generated in the LLM output?
C6: Is each correct association relationship between classes generated in the LLM output?
C7: Are correct aggregation/composition relationships between classes included in the generated

output?
C8: Are correct abstract classes and abstract methods identified in the generated output?
C9: Are the correct static classes and static methods included in the generated output?

C10: Are correct association multiplicities included in the generated output?
C11: Are correct association role names included in the generated output?
C12: Are correct dependency relationships between classes, identified by examining method parameter

types, local variables, or return types, included in the generated output?

Although, in principle, these properties could be automatically checked by comparing the reference
and generated UML models, in practice, we found this was not possible due to the variations in the
model format produced by the LLMs. The generated output often includes additional text and varies
between LLMs and individual LLMs. Thus, we used a manual comparison of the reference and generated
models to check the above criteria.

Furthermore, we could not rely only on automatic checking in many circumstances. For example,
distinguishing between association, aggregation, and composition relationships is challenging for
automated checking. We could not omit an association if it is identified instead of an aggregation
relationship, as aggregation is a special form of association and could be overlooked completely by
automatic comparison.

The variation in the model format generated by the LLMs can be seen in the processing of Java
example 3. Consider the class VitalSigns as an example of this variation in response, where it inherits
from the class MedicalData. CodeLama LLM defines the relationship within the class blocks and
generates the output shown in Fig. 1a.

It assigns a unique numerical id to each class, allowing references to that class in other classes. For
example, the field target refers to class number 1, which corresponds to the MedicalData class. In
contrast, the DeepSeek LLM defines all classes, including the VitalSigns class, shown in Fig. 1b, and
then it generates all the relationships together, as shown in Fig. 1c.

Likewise, the other LLMs each have their own variations on the result format. For example, Fig. 2a
shows a Python example that contains a composition relationship between classes. While both Star-
Coder2 and Mistral LLMs abstract attributes and methods for the given example, Mistral correctly
identifies the composition relationship, as shown in Fig. 2b, whereas StarCoder2 instead abstracts a
dependency relationship, as shown in Fig. 2c.

3.4. Prompt Engineering for UML Class Diagram abstraction

We use an Alapaca-style prompt format. The prompt schema used to abstract the UML class diagram
for Java input is shown in Fig. 3. This prompt was engineered to obtain the elements and relationships
of UML class diagrams, with the required quality properties of non-redundancy and non-duplication.
We found that this version produced the most accurate and consistent results. A corresponding prompt
was applied for the Python abstraction.

We requested each LLM to generate output in JSON format, from which the abstracted information
could be graphically converted into UML class diagrams using libraries like Graphviz or PlantUML.



(a) Output (elements and relationships) of the class
diagram generated by CodeLlama LLM.

(b) Elements of the class diagram generated by
DeepSeek LLM.

(c) Relationships of the class diagram generated by DeepSeek LLM.

Figure 1: Outputs generated by CodeLlama and DeepSeek LLMs.

3.5. Evaluation Metrics

The evaluation was carried out based on three key metrics: accuracy, consistency, and F1 score. We
first evaluate the accuracy of each LLM, where accuracy is defined as the proportion of source code
elements that are accurately represented as UML class diagram elements. Accuracy, also referred to as
recall, is calculated using Equation (1), where a true positive (TP) is an element accurately translated
from code to UML class diagram elements, and a false negative (FN) is an element that is not translated
or is translated inaccurately.

Recall =
TP

TP + FN
(1)

Next, we evaluate the consistency of each LLM, where consistency is defined as the proportion of
elements in the generated UML class diagram that are accurately derived from the source programs.
Consistency is important for ensuring traceability and alignment of the derived class diagram element
concerning the source code. Consistency, also referred to as precision, is calculated using Equation (2),
where a false positive (FP) is an element that appears in the UML class diagram that is not correctly
derived from a source code element.

Precision =
TP

TP + FP
(2)

Accuracy evaluates the completeness and correctness of the abstraction process, while consistency
evaluates the quality of the generated UML class diagram element in terms of the absence of spurious



(a) Python example containing a composition relationship.

(b) Class diagram generated byMistral for the
given Python example.

(c) Class diagram generated by StarCoder2 for
the given Python example.

Figure 2: Python example and UML class diagrams generated by Mistral and StarCoder2 LLMs.

Figure 3: Prompt schema to generate UML class diagrams.



elements not derived from the source code.
Note that we do not consider any extra elements found outside the generated UML class diagrams.

Any extra explanations or examples provided by the LLM do not affect consistency. Consistency is
affected only by extra elements that are part of the generated UML class diagram and are not present in
the Java or Python source code.

The F1 score provides a balance between precision and recall, as shown in Equation (3). It considers
both false positives and false negatives and can be especially beneficial when the LLM produces
conflicting results; for example, high precision but low recall, or vice versa.

F1 score = 2 ∗
Precision ∗ Recall
Precision + Recall

(3)

4. Results and Discussion

In this section, we present a comprehensive analysis of the performance of the LLMs in terms of
accuracy, consistency, and F1 score.

4.1. Evaluation of LLMs to Generate UML Class Diagrams from Java Programs

Accuracy Fig. 4a presents the accuracy of various LLMs in abstracting UML class diagrams from 14
Java examples. DeepSeek, Mistral, and StarCoder2 achieve higher peaks, with accuracy scores reaching
1.0 for certain examples. However, StarCoder2 has the lowest accuracy for both examples one and
twelve, while Mistral has the lowest accuracy score for example five. CodeLlama follows them in its
accuracy scores. Although the accuracy scores of the LLaMA LLM are generally lower compared to
other LLMs, these scores are also relatively stable across different examples.

Consistency Fig. 4b shows an overview of the consistency scores for abstracting UML class diagrams
from Java programs. Overall, Mistral has higher consistency scores compared to the other LLMs,
followed by both StarCoder2 and DeepSeek LLMs. Both LLaMa and CodeLlama show moderate
consistency, with consistency scores hovering around 0.6.

4.2. Evaluation of LLMs to Generate UML Class Diagrams from Python Programs

Accuracy Fig. 4c shows the accuracy of the selected LLMs in abstracting UML class diagrams from
16 Python examples. Both DeepSeek and Mistral achieve higher accuracy scores for abstracting UML
class diagrams from Python examples. StarCoder2 follows DeepSeek and Mistral in accuracy scores,
while CodeLlama tends to stay stable between 0.8 and 1.0 scores. However, LLaMA shows a significant
drop in example 10, where accuracy dips to slightly above 0.2.

Consistency Fig. 4d presents the consistency scores for the selected LLMs in generating UML class
diagrams for Python code. Apart from a drop in performance, for example, in Python case number two,
DeepSeek has in general higher consistency scores compared to other LLMs. StarCoder2 and Mistral
follow DeepSeek, maintaining generally consistent performance, with a slight decline observed in two
examples for each. Meanwhile, LLaMA shows marked inconsistency, with multiple drops, particularly
in example 16, whereas CodeLlama performs slightly better than LLama but experiences a significant
drop in example 6.

4.3. Overall Results

Accuracy Fig. 5a presents the overall accuracy for UML class diagrams generated by the selected
LLMs. The results show that all LLMs have more accuracy for Python than for Java. This could seem to
be a surprising result because Java programs usually contain more precise typing information about



(a) Accuracy for Java examples, numbered 1 to 14. (b) Consistency for Java examples, numbered 1 to 14.

(c) Accuracy for Python examples, numbered 1 to 16. (d) Consistency for Python examples, numbered 1 to 16.

Figure 4: Accuracy and consistency results for Java and Python examples.

program features and variables compared to Python programs. On the other hand, Java programs tend
to be more structurally complex than Python programs.

DeepSeek has the highest accuracy score for Java, while both Mistral and DeepSeek share the highest
accuracy for Python. By contrast, LLaMA has the lowest accuracy scores in both languages. In addition,
the difference in accuracy between the two languages is most noticeable for LLaMA and CodeLlama.

Consistency Fig. 5b presents the overall consistency generated by the selected LLMs. Mistral achieves
the highest consistency for Java, while DeepSeek has the highest consistency score. In comparison,
CodeLlama and LLaMA share the lowest consistency for Python, whereas CodeLlama has the lowest
consistency score for Java. Additionally, the consistency differences between Java and Python are minor
compared to the accuracy differences.

F1 score The analysis of Python outperforms that of Java across all LLMs, according to the F1 score,
with DeepSeek achieving the highest F1 score for Python and Mistral achieving the highest value for
Java. The F1 scores for Mistral and CodeLlama closely follow those of DeepSeek for Python. In contrast,
LLaMA has the lowest F1 score in both languages, as shown in Fig. 5c.

5. Threats to Validity

In this section, we outline potential threats that could impact the findings of our experimental study.



(a) Overall accuracy for Java and Python examples. (b) Overall consistency for Java and Python examples.

(c) Overall F1 score for Java and Python examples.

Figure 5: Overall accuracy, consistency, and F1 score.

5.1. Response of models

There are cases where we receive responses from LLMs unrelated to UML class diagrams. We mitigate
this by performing multiple (up to 5 attempts) iterations of the inference process. This approach allowed
us to enhance the results and select the most accurate class diagram generated by each LLM.

5.1.1. Evaluation of the responses

Human error and bias can occur when evaluating manually generated UML class diagrams. This
manual evaluation process may produce inconsistent or inaccurate results. However, this is mitigated
by involving the second author to check cases where the first author is unsure at any stage in the
experiment.

As we noted in subsection 3.3 above, due to variability in the LLM result formats, it was not possible
to perform an automated comparison of the reference and generated UML models.

5.1.2. Scope of the experiment

Here, we have only used open-source LLMs, and there is a risk that the most powerful LLMs are not
considered. However, this risk is partially resolved by including the most powerful open-source LLMs.
DeepSeek is the latest powerful open-source LLM included in our experiment.



5.2. Representativeness

We aimed to consider real-world Java and Python programs, typical of those created by practitioners.
Thus, we chose cases from well-known and established datasets of such programs, which have been used
in other LLM research. We selected cases to cover all the modelling aspects that should be represented
in generated class diagrams.

6. Conclusion and Future Work

This paper conducted an empirical study of using LLMs to abstract UML class diagrams from Java
and Python code. We found that DeepSeek LLM and Mistral are the most reliable LLMs in abstracting
UML class diagrams for both Java and Python. Generally, LLMs generate better results with Python
than with Java, which is contrary to expectations. In future work, we will aim to expand our work to
include other programming languages like C++, C#, COBOL, and others. We also aim to fine-tune an
open-source LLM (e.g., Mistral or DeepSeek) on a large-scale dataset of these programming languages
with their corresponding class diagram representations to improve the performance of LLMs in reverse
engineering tasks.

7. Data Availability

The data used in this study - including Java and Python programs and their corresponding UML class
diagrams generated by the selected open-source LLMs - are available in our online repository [22].
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