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Abstract

The increasing integration of large language models (LLMs) into software engineering
workflows under the term vibe-coding necessitates systematic empirical evaluation of their
code generation capabilities, especially in the context of complex backend development
and architectural decision-making. This study compares popular foundational models
Google Gemini 3 Pro and DeepSeek-V3.1 for developing a Java/Spring Boot backend
application using a structured prompt-chaining protocol following a typical vibe-coding
process. The generated solutions were evaluated using several quantitative and qualita-
tive criteria, including the number of corrective prompts, the extent of required manual
code interventions, functional correctness, architectural robustness, maintainability-related
design choices, latency, and test quality. The results show substantial differences between
the two models. DeepSeek required twice as many corrective natural language prompts
as Gemini, but both models required a similar number of manual interventions in the
generated code, with 23 for DeepSeek and 20 for Gemini. The most pronounced differ-
ence was in architectural reasoning. Gemini autonomously introduced the Data Transfer
Object design pattern, resulting in a decoupled architecture, although at a cost of a minor
performance issue. In contrast, DeepSeek was better in development of boilerplate code
but exposed raw JPA entities through the application interface leading to tight coupling
and other issues. Gemini’s solution satisfied 90.25% of evaluated requirements compared
to 68.08% for DeepSeek. Additionally, generated tests showed a higher success rate and
broader code coverage, achieving 95.7% successful test execution and 55.9% code coverage
for Gemini, compared to 74.1% and 45.6% for DeepSeek, respectively. The results indicate
that within the paradigm of vibe-coding, even the best available foundational LLMs may
still require expert human supervision, especially when the generated code is expected to
satisfy specific requirements in production-oriented backend systems.

Keywords: large language models; Al-generated software; backend development; performance
evaluation; prompt engineering; vibe-coding

1. Introduction

The discipline of software engineering, as an area of computer science, is currently
undergoing a fundamental transformation [1]. For many decades, the traditional software
development lifecycle was primarily human-driven and relied on highly predictable and
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labor-intensive processes [2]. This classical paradigm was characterized by rigorously exe-
cuted phases of requirements elicitation, system design, implementation, verification, and
deployment, which were repeated in cycles [3]. To address the rapidly increasing complex-
ity of developed software, Model-Driven Engineering (MDE) emerged as a widely accepted
engineering methodology [4,5]. In this approach, engineers manually translate business
logic into domain models, accompanied by extensive architectural documentation [6].

Traditionally, the implementation phase required time-consuming, work-intensive
manual code development within a preferred Integrated Development Environment (IDE)
using various Computer-Aided Software Engineering (CASE) tools [7]. The developer bore
the entire cognitive load of the engineering process, from manual coding to environment
configuration and debugging.

Today, this labor-intensive lifecycle is increasingly augmented and even entirely sub-
stituted, by a novel approach informally referred to in the developer community as “vibe-
coding” [1,8]. The software development process now commonly includes iterative in-
teractions in a natural language with advanced conversational agents (chatbots) based
on generative Al (GenAl) and large language models (LLMs) [9]. These models have
evolved beyond simple autocomplete engines into intelligent virtual co-pilots that are
capable of autonomous context-aware code generation, architectural decisions, system
orchestration, and automated test generation [10]. The novel concept of vibe-coding is
thoroughly explored in the next section.

Such rapid and uncritical adoption of new GenAl technologies within the devel-
oper community introduces critical concerns regarding reliability, architectural soundness,
code explainability, long-term maintainability, and, ultimately, the security of generated
computer code. The models’ ability to comprehend specific technical systems must be
questioned and objectively evaluated before they can be used reliably. While it has been
shown that LLMs may be very successful at generating functional boilerplate code [11,12],
particularly in domains like web frontend development [13], their capacity to consistently
make optimal architectural decisions remains the subject of ongoing academic investigation.

The motivation for conducting this research can be divided into two parts. First, unlike
frontend development, which is predominantly concerned with presentation and often
stateless user interfaces, backend architectures contain core business logic, manage complex
data structures, and enforce transactional integrity. On the backed side, unlike the frontend,
architectural or functional errors typically result in a series of catastrophic consequences
for performance, data stability and system security. Another inherent challenge with
backend assessments is that the server-side behavior requires extensive testing, whereas
frontend vibe-coding produces visible and easily assessable results almost immediately.
Additionally, evaluation of server-side code can provide a more accurate measure of an
LLM'’s true capacity for abstract architectural reasoning and enterprise-grade reliability.
Second, not all developers use English in their interactions with chatbots but the vast
majority of LLM benchmarking is currently conducted using English-language prompts.
Moreover, it can be expected that most software developers will use their native languages
in interaction with chatbots to reduce cognitive load and facilitate complex and faster
communication. Translating highly technical domain concepts from a non-native language
to an internal semantic representation may pose a challenge for LLMs which are trained
primarily on software development datasets.

Therefore, the motivation for this study, and its distinction with previously published
research, may be summarized in these key points:

1.  Evaluate the effectiveness and practical applicability of selected foundational LLMs
for server-side code generation within the vibe-coding context, using a representative
scenario commonly encountered by novice or junior software developers.
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2. Compare two popular but distinct LLMs: a proprietary cloud-based model and an
open-weight model suitable for local use.

3. Investigate the capability of foundational LLMs to support vibe-coding with low-
resource or morphologically complex languages such as Croatian [14-29].

The remainder of the paper is organized as follows: Section 2 explains what the
term vibe-coding entails and reviews related work on LLM-assisted software engineering.
Section 3 describes the methodology, including the experimental setup, target backend
schema, prompting protocol, and evaluation framework for static and dynamic code
analysis, as well as the procedure for evaluating the generated SQL schema. Section 4
presents experimental results. It first discusses SQL schema conceptualization and database
entity development, followed by separate evaluations of the Google Gemini and DeepSeek
models, including their respective evaluation summaries. The section then compares the
models in terms of vibe-coding efficiency, human intervention rates, test performance,
code coverage, system performance, API call latency, code accuracy, completeness, system
architecture, and static code quality. Section 5 discusses the findings and outlines the main
research limitations. Finally, the last section concludes the paper and identifies directions
for future research.

2. Related Work
2.1. What Is Vibe-Coding?

The vibe-coding paradigm represents an emerging shift in how software is created [17].
Enabled by GenAl and LLMs, this approach moves the developer’s primary activity
away from writing syntax and implementing repetitive code patterns towards specify-
ing intended system behavior through natural language interaction. In this model, the
developer and the Al assistant engage in a continuous dialogue in which requirements, op-
erational goals, code generation tasks, corrections, and refinements are expressed through
prompts [8,18]. Rather than manually writing code line by line, the developer acts as a
high-level coordinator, guiding the LLM through an iterative process of code generation,
evaluation, and modification.

This paradigm shift also changes the skills required of developers. The central chal-
lenge is no longer limited to acquiring programming skills or mastering computer language
syntax. Through the skill of prompt engineering, the developer describes the desired func-
tionality in natural language and allows the LLM to generate the source code, iteratively
refining goals through additional prompts until the expected result is achieved [19]. In
its more informal form, vibe-coding may involve generating software entirely without
understanding or even inspecting the produced code.

The application of the vibe-coding methodology has significant potential to accelerate
prototyping and facilitate development of complex software systems [20]. It may also have
implications for computer science education [21], where LLM-based tutors and coding
assistants can provide personalized guidance through academic curricula and help students
to rapidly prototype and evaluate coursework software solutions [22,23]. However, the
vibe-coding paradigm is not without its challenges [10,24,25], particularly in educational
settings [26] where challenges such as cognitive debt and cognitive offloading play a major
negative role [27,28].

2.2. Al-Assisted Software Development

The intersection of artificial intelligence and software engineering has recently gen-
erated substantial academic interest, particularly regarding the automated generation
of source code [29-32]. Early research in this domain focused primarily on qualitative
studies [33], or syntactic correctness and the ability of models to complete localized, iso-
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lated code snippets, using benchmarks like HumanEval, HumanEval-X and MBPP [34-36].
However, as foundational model capabilities have increased to process very large context
windows, the research focus has shifted toward system-level architecture, component
orchestration, and the generation of complete, interconnected codebases [37]. Recently,
a benchmark ViBench specifically developed for evaluation of LLMs in vibe-coding has
been published [38]. Unlike previous benchmarks, in ViBench tasks are specified entirely
through user-facing requirements without implementation constraints, and evaluation
occurs at the abstraction level of an end user interacting with the application.

The recent literature highlights the increasing need of evaluating LLMs not only as
advanced syntax generators but also as autonomous architectural reasoning engines [39].
Studies assessing the implementation of standard software design patterns by Al agents
indicate significant variance in structural quality [40]. This variance is often highly depen-
dent on the model'’s training data cutoff date and its exposure to modern framework idioms.
Models trained predominantly on legacy code repositories frequently reproduce outdated
anti-patterns, while state-of-the-art models increasingly apply modern best practices, such
as domain-driven design principles [41].

Additionally, the problem of academic integrity and plagiarism detection in Al-
generated code is becoming more pronounced [42]. As generative models become ubiqui-
tous in computer science education, traditional plagiarism detection tools find it difficult to
identify Al-authored syntax in text [43] and in computer code [44], creating an urgent need
for new heuristic, semantic, and stylometric analysis solutions [42,45].

At the same time, the IT industry is recognizing the problem of the so-called “Al
velocity tax” [46], a phenomenon where rapid Al code generation leads to accumulating
technical debt, ultimately requiring human developers to spend disproportionate time
on maintenance and refactoring instead of feature development [47]. The AI velocity
tax can also be identified in educational settings, where students submit Al-generated
solutions without engaging in problem-solving, thereby undermining learning outcomes
and creating difficulties for educators to confirm code authenticity [48].

The impact of prompt language on code generation quality is an emerging and highly
relevant area of software engineering research. While many suggest (for example, [48-50])
that LLMs have the capacity to process internal logic in a wide range of computer languages
and code architectural paradigms, empirical research indicates that LLM-based Al co-pilots
frequently produce codebases that are difficult to maintain, upgrade, or scale [51,52]. Be-
cause the generated source code often results in functionally operational software that
appears to meet initial specifications, operators frequently overlook the structural optimal-
ity and internal quality of the implementation. However, accepting superficial functionality
without rigorously examining the underlying architectural details inevitably leads to sys-
temic deterioration [53]. In the long run, reliance on functional but suboptimal code results
in significant structural compromises, as well as incorrect or inefficient execution of core
business logic [54].

3. Methodology

To methodically evaluate architectural reasoning, generative code synthesis capabili-
ties, and cross-lingual semantic comprehension of the selected foundational models, we
designed a custom empirical methodology. The experimental design simulates the iterative
construction of a complete, enterprise-grade RESTful backend application, as might be
performed by a typical software engineer giving natural language instructions to two of
the best foundational LLMs available at the time of writing: Google Gemini 3 Pro [55] and
DeepSeek-V3.1 [56]. These models were selected because both are plausible tools for inex-
perienced or moderately experienced backend developers seeking assistance in generating
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software applications. Comparing them enables an assessment of LLM-generated backend
code quality under realistic conditions where developers may rely on easily accessible
Al assistants. Furthermore, the models represent different technical choices: Gemini is
a proprietary, cloud-hosted managed service [57], while DeepSeek enables open-source
and local (on-site) deployment [58]. Because of all these reasons, these models accurately
represent the primary configurations that modern vibe-coding backend developers are
most likely to adopt, ensuring the experimental findings are highly applicable to real-world
engineering contexts.

3.1. Experimental Setup

The experimental setup was based on a modern Java/Spring Boot backend technology
stack commonly used in enterprise software development [59]. This choice ensured the
evaluation was conducted in a realistic and practically relevant development environment,
rather than an artificially simplified programming context.

Java 17 was selected as the programming language because of its stability, long-term
support, and broad adoption in existing backend systems [60]. The Java Virtual Machine
(JVM) was run locally with standard execution settings. The application was developed
using Spring Boot 3.5.0 [61] which automatically configured the HikariCP connection
pool with its default settings (10 connections), which remained unchanged for all models.
Apache Maven 3.9.9 was used as the project build and dependency management tool. In
the experimental setup, Maven provided a standardized mechanism for declaring project
dependencies, configuring build plugins, executing automated tests, and packaging the
Spring Boot application [61,62]. These steps ensured that both LLM-generated solutions
were built and tested under comparable conditions, improving the reproducibility and
methodological consistency of the evaluation. The development and testing were carried
out in Intelli] IDEA Community Edition 2024.1, a professional and frequently used IDE
supporting advanced code analysis, refactoring, debugging, dependency inspection, and
test execution [63].

The persistence layer was implemented using Spring Data JPA and Hibernate [64].
Spring Data JPA provides a high-level abstraction over the Java Persistence API and simpli-
fies the implementation of repository-based data access [65], while Hibernate serves as the
underlying object-relational mapping framework responsible for translating interactions
with Java entity classes into SQL operations [66]. This part of the technology stack was
particularly important for the study because the interaction between generated JPA enti-
ties, object-relational mappings, and database access patterns directly influenced several
architectural and functional issues observed in the generated solutions.

PostgreSQL 16 was used as the relational database management system [67]. It
was selected for its robustness and widespread adoption as an open-source database
system [68]. In the experimental application, PostgreSQL was used to store and manage
persistent application data, with all database interactions mediated through the Hibernate
implementation of JPA. This configuration enabled the study to evaluate not only the
syntactic correctness of the generated backend code, but also the models” ability to produce
coherent, maintainable, and functionally correct persistence-layer architectures within a
realistic Java/Spring Boot environment.

Both models were evaluated on identical hardware: a personal computer with Intel
Core i7-12650H processor, 16 GB RAM, 512 GB SSD, and Windows 11 Home Edition, and
utilized the same PostgreSQL 16 instance with default configuration settings. Some LLM
parameters such as temperature and context-window configuration were not changed for
the experiment.
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To ensure empirical validity, the methodology simulated a strict vibe-coding paradigm
during the primary component generation phases. This means that the developer input was
restricted exclusively to natural language instructions, using structured, multi-turn prompts
formulated entirely in the Croatian language. This linguistic requirement verified the
models” ability to translate non-native technical terms into standard programming terms.

3.2. Target SQL Schema

A specific backend was envisioned to be automatically generated in order to evaluate
the both foundational LLMs. This backend was designed to simulate a typical high-
transaction e-commerce and inventory management domain. The target backend model
contained four core database entities, Customer, Order, OrderItem, and Product, as shown
in Figure 1. These core entities were mutually connected by bidirectional One-to-Many
and Many-to-Many relationships. A Customer may have zero or many Orders, while a
single Order always belongs to a specific Customer. An Order is composed of one or many
Orderltems, and each Orderltem is mapped to the target Product catalog.

(©) Customer

+id: Long
+name: String
+email: String

1
hag|
0..* © Product
(© order +id: Long

+name: String
+description: String
+price: BigDecimal
01 +category: String
contains 1

+id: Long
+orderDate: LocalDateTime

includes
1.* 0.

(© Orderltem

+id: Long
+quantity: int

Figure 1. UML class diagram showing the core entities (Customer, Order, Orderltem, and Product) and
their mutual relationships of the targeted backend that was developed using foundational LLMs.

This structural complexity was intentionally selected to test the models’ proficiency
in handling advanced enterprise software challenges. By requiring the generation of the
specific object graph, the experiment assessed the models’ ability for ORM overhead.
Specifically, it evaluated whether the models can configure appropriate JPA cascade opera-
tions, implement optimal fetch strategies to mitigate memory degradation, enforce strict
declarative transaction boundaries, and prevent cyclic dependencies during JSON data
serialization. Cyclic dependencies, in particular, are a common hazard when exposing
tightly coupled domain graphs to external API presentation layers [69,70].

To enable a realistic backend system evaluation, a SQL script was developed to popu-
late the database schema in Figure 1 with a substantial volume of test data. The created
synthetic dataset included 20,000 products and 50,000 orders which enabled performance
measurements to be conducted under conditions approximating realistic application load.
This setup allowed assessment of both the functional correctness of the generated systems
and their behavior when operating on a non-trivial relational dataset. The SQL script used
for generating synthetic test data is shown in Appendix A.
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3.3. Prompting Protocol

A zero-shot prompt chaining approach was used to instruct the models through the
code development process [69,71,72]. Specifically, a predefined set of sequential prompts
defining backend architecture and functionalities was given to each model. After each
prompt, the generated code was analyzed, and corrective follow-up prompts were issued
as needed to fix any errors or address possible misinterpretations. Both models received the
same initial development prompts in Croatian, and corrective prompts were based only on
objectively observed issues. Both models were given equivalent correction opportunities
based on the same stopping and correction criteria. Prompt histories were maintained
consistently and separately for each model. This process simulates a realistic, conversational
development workflow in the vibe-coding paradigm.

The interaction with the foundational models was conducted exclusively in the Croat-
ian language. This was implemented to assess the models’ cross-lingual technical compre-
hension and their ability to map non-English domain terminology to standard Java syntax.
The majority of the global software development workforce, i.e., coders, programmers
and computer engineers, will most likely use their native languages when interacting
with Al co-pilots, to reduce cognitive load and facilitate much more precise expression of
complex business logic. In such a situation evaluating LLMs using only English-centric
prompting benchmarks may results in biased assessment of their true usefulness for vibe-
coding. As explained before, this part of the experiment aimed to establish a more realistic
assessment by requiring the models to interact with morphologically rich language like
Croatian [13-16].

The vibe-coding prompt sequence was iterative and divided into four discrete, logical
development phases or sequence steps:

Prompting step 1: Generation of domain entity classes.

Prompting step 2: Implementation of CRUD (Create-Read-Update-Delete) layers.
Prompting step 3: Implementation of advanced functionalities.

Prompting step 4: Configuration and test generation.

Following each of the four main prompts, the generated code was inspected for basic,
objective errors that would prevent normal execution, such as compilation failures, missing
classes or methods, unresolved dependencies, failed tests, or runtime errors. When such
issues were discovered, they were merged into a single comprehensive corrective query and
submitted to the model at once, rather than being addressed through a series of separate
and shorter corrective prompts. For example: “The code cannot be compiled due to error X
in file Y. Also, file Z is missing.” This check-and-correction cycle was repeated throughout
each development phase until the generated code had no obvious blocking errors and
could be successfully compiled.

The sequence of main prompts is shown in Figures 2-5, in the original language and
translated to English.

The first prompt, as shown in Figure 3, was designed to establish the foundation of
the application by generating the domain model. The models were instructed to create the
required entity classes, define their attributes, specify relationships between entities, and
include basic validation constraints. This phase assessed whether the models could correctly
interpret the application domain and translate it into a coherent object-relational structure.

The second prompt, as shown in Figure 3, focused on the implementation of stan-
dard CRUD architecture. The models were asked to generate the repository, service, and
controller layers required for creating, reading, updating, and deleting application data.
This phase evaluated the models” ability to follow common Spring Boot architectural
conventions, separate responsibilities across layers, and produce functional API endpoints.
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Figure 2. The first vibe-coding prompt given to the evaluated LLMs. This prompt was intended to
establish the foundation of the backend application and generate domain entity classes. The original
prompt text in Croatian is on the left, with the English translation on the right.

Croatlan (ovlglnnl) Engllah (translated)

Figure 3. The second prompt was aimed at the implementation of CRUD layers. The original prompt
in Croatian on the left and English translation on the right.

roatian (Wld"ll) Engush (translated)

Figure 4. The third prompt given to the evaluated LLMs. The goal was the implementation of
advanced functionalities including product filtering, sorting and retrieval through various data
modalities. The original prompt in Croatian on the left and English translation on the right.

The third prompt introduced more complex business requirements beyond basic
CRUD operations (Figure 4). It evaluated the models” capacity to implement application-
specific logic, handle more demanding functional constraints, and maintain consistency
with the previously generated domain model and application architecture. This phase was
particularly important for assessing the models” architectural reasoning and their ability to
extend the system without introducing functional or structural inconsistencies.
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Croatian (original) English (translated)

:Puveii aplikaciju s lokalnim PostgreSQL-om koristeéi application.properties konfiguraciju.

{ Pretpostavi sljedece:

* baza: orders

+ korisnik: postgres

* lozinka: mojaLozinka
* host: localhost:5432
Generiraj sve potrebne testove za cijelu aplikaciju:

+ Jedini¢ne testove za servisni sloj koristeci JUnit 5 i Mockito.

+ Integracijske testove za repozitorije koriste¢i H2 in-memory bazu i @DatalpaTest.

+ Integracijske testove za REST kontrolere koriste¢i @SpringBootTest i MockMvc.

E Connect the application to the local PostgreSQL using the application.properties configuration.
4 Assume the following:

+ database: orders
* user: postgres

« password: myPassword

Generate all necessary tests for the entire application:
« Unittests for the service layer using JUnit 5 and Mockito .

gration tests for repositories using H2 in- memory database and @DataJpaTest.

1
1
1
1
1
1
1
1
1
1
1
1
'
1
* host: localhost:5432 1
1
1
1
1
1
1
)
1
1
1
1
1
)

« Integration tests for REST using i tTest and MockMve.

Figure 5. The fourth and final vibe-coding prompt was for the purpose of system configuration and
the creation of unit and integration tests. The original prompt in Croatian on the left and English
translation on the right.

Finally, the fourth and last prompt addressed application configuration and testing
(Figure 5). The models were instructed to configure database connectivity, adapt the
application to the selected PostgreSQL environment, and generate automated tests for the
implemented functionality. This phase assessed not only whether the generated application
could be executed in the intended technological environment, but also the quality, relevance,
and completeness of the test code produced by each model.

3.4. Evaluation Framework for Static and Dynamic Code Analysis

In order to complete the analysis of the backed code quality and architectural ro-
bustness, the generated artifacts were also evaluated using quantitative and qualitative
static tests. Additionally, the generated SQL schema was evaluated separately from Java
codebase using separate metrics, as described in the following section. The generated Java
backend code was evaluated using a combination of static and dynamic analysis tools.
SonarQube 2025.2 [73] was used for static code analysis, while Postman 11.44.0 [74] was
used for the dynamic or runtime validation.

SonarQube tool was used to find so called “code smells” and “technical debt” to deter-
mine the readability and internal quality of computer code. “Code smells” is a colloquial
term in computer programming describing characteristics of source code that suggest struc-
tural design problems [75]. In practice, code smells indicate poor structural practices and
design anti-patterns that, although they compile, impede future development [76]. Further-
more, SonarQube aggregates the effort required to fix all “code smells” into a quantitative
measure called “technical debt” and assigns the codebase a standardized maintainability
grade (denoted A through E, with A being the best grade and E the worst) based on its
overall debt density [77]. The appearance of the SonarQube user interface during static
analysis of the generated backed code is shown in Figure 6.

Postman was used as the primary tool to validate the generated REST API endpoints
and collect basic performance measurements. For each of the five predefined test scenarios,
six consecutive HTTP requests were sent to the corresponding endpoint. The first request
was treated as a warm-up request and excluded from the analysis in order to reduce
the influence of initial execution overhead. Response latency was then calculated as the
arithmetic mean of the remaining five requests. The Postman interface is shown in Figure 7.

SonarQube and Postman were used with their default configurations. Consequently,
the obtained results should be interpreted within the context of these default settings, since
changes to the SonarQube rule profile, Postman execution settings, or related analysis
parameters could affect the reported code quality and runtime evaluation outcomes.
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Figure 6. SonarQube user interface with the results of maintainability and code coverage tests.
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Figure 7. Postman tool was used to validate REST API behavior at runtime and to measure response

latency.

3.5. Evaluation of Generated SQL Schema

In addition to assessing the generated Java backend code, and in order to enhance the
comprehensiveness of the experiment, the methodology also included an evaluation of the
LLM-assisted generation of the underlying data layer. This separate part of the analysis
concentrated only on the vibe-coding of SQL schema of the relational database based on
the supplied target UML diagram, as a picture (shown in Figure 1).

4. Results

The results of the experiment demonstrate significant differences in software gener-
ation capabilities, internal knowledge representations, and architectural awareness be-
tween the two foundational models. The data from the evaluated Java/Spring Boot
scenario reveal a clear distinction between mechanical syntax generation and advanced
semantic reasoning.
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4.1. Google Gemini Model Evaluation

In the first prompting step, Gemini correctly interpreted the initial requirements and
generated all four required entity classes with appropriate JPA annotations, including @En-
tity, @Table, @Id, @Generated Value, @ManyToOne, and @OneToMany. The relationships
between the entities were logically defined and generally consistent with the intended
relational model. However, code inspection revealed two errors that prevented successful
compilation. Both errors were addressed in a single corrective prompt. After the model
generated the corrected version, five additional manual interventions were required to
make the code fully functional. This prompting phase indicates that Gemini was able to
understand the domain structure and correctly model JPA relationships, but it did not
generate completely executable code without further human intervention.

In the second prompting phase or step, Gemini generated the required repository,
service, and controller layers for the Customer and Order entities. However, for the Product
and Orderltem entities, it provided only generic implementation instructions in comments
instead of complete source code. This represented a significant omission because the
prompt requirements were not fully implemented. In addition, key Maven dependencies
for JPA and web functionality were missing. These issues were addressed through one
corrective prompt. After the first correction, four additional manual interventions were still
necessary to add the missing implementations and correct the dependency configuration.
The results of the second prompting step show that Gemini was able to follow the intended
layered Spring Boot architecture, but only partially.

Gemini performed particularly well in the third prompting step in regard to the imple-
mentation of advanced functionalities. No errors were identified in the generated code. The
model correctly implemented all requested advanced functionalities, including a complex
aggregation query in OrderltemRepository and a flexible endpoint in ProductController capa-
ble of accepting multiple parameters. This prompting step demonstrates Gemini’s strong
ability to understand and implement more complex business requirements. Unlike the
previous phases, the model preserved consistency with the existing codebase and generated
functionally correct code without requiring corrective prompts or manual modifications.

The final and fourth prompting step proved to be the most problematic in the inter-
action with Gemini. Although the model correctly generated the application.properties file
required for database connectivity, it showed substantial weaknesses in generating com-
plete and correct test code. These weaknesses appeared in two main forms: for some of the
requested test classes, the model generated no code at all, while for others it produced only
general textual instructions instead of concrete and executable test implementations. The
initial response contained seven structural errors, primarily related to completely missing
test classes. After the first corrective prompt, Gemini generated the requested files. How-
ever, manual inspection of the newly generated code revealed a second layer of problems:
although the files were now present, their content contained logical and syntactic errors
that prevented successful compilation and correct test execution. The remaining errors
were specified in a second corrective prompt. After this correction, two manual changes
were sufficient to bring the code to a functional state. Nevertheless, the complete correction
process in this phase required two corrective prompts and eleven manual interventions
before all tests became fully operational.

The last prompting step reveals a significant limitation of Gemini in test-code genera-
tion. While the model was able to configure the application environment correctly, it was
considerably less reliable when generating tests that required an understanding of interac-
tions between different application layers, dependencies, repositories, services, controllers,
and the test execution context. In the end, the entire vibe-coding process with the Gemini
model required a total of four corrective prompts and twenty manual code interventions.
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The main strength of the Gemini-generated solution is its modern and robust archi-
tecture. Without explicit instruction, the model independently implemented the Data
Transfer Object (DTO) design pattern [78,79]. This approach is widely used in the software
development industry and employs separate classes for REST API communication, while
JPA entities are reserved for internal domain and persistence logic. Additionally, the service
layer also includes mapping logic for converting data between entities and DTOs. An
example of such Java class is ProductDTO in Figure 8.

public record ProductDTO(
Longid,
@NotBlank String name,
String description,
@NotNull @DecimalMin(“0.01”) BigDecimal price,
String category
) {

Figure 8. An example of the industry standard Data Transfer Object successfully implemented by
Gemini LLM without being explicitly prompted to do so.

The self-directed architectural decision to implement DTO pattern provides two im-
portant benefits: (1) layer separation and (2) enhanced security and stability. First, it clearly
separates the domain model from the external API representation, making the system easier
to maintain and extend. Second, it improves security and stability by preventing problems
such as infinite recursion during serialization and by allowing precise control over which
data are exposed through the APL

Another indicator of architectural quality is the implementation of advanced function-
ality. The generated ProductController class contains a single but highly flexible endpoint
for searching and sorting products. This represents an elegant and efficient solution, as
the endpoint supports multiple optional parameters while maintaining a compact and
coherent API design.

At the same time, Gemini’s main weakness was observed in the generation of repetitive
boilerplate code, particularly in the CRUD and testing layers, where it occasionally omitted
entire classes. Another noteworthy issue is the specific implementation of DTO mapping
in the service layer, where the order items are retrieved inside a loop for each order.
Although this code is functionally correct, it may introduce performance inefficiencies. The
impact of this implementation choice on runtime performance is more closely examined in
Sections 4.7 and 4.8.

4.2. DeepSeek Model Evaluation

The development process with DeepSeek-V3.1 exposed a different set of strengths and
weaknesses compared with the system generated by Gemini 3 Pro.

In the first prompting step the model’s response initially appeared correct. It gener-
ated complete Java classes, including getters and setters, and used the modern jakarta.*
namespace required by recent versions of Spring Boot and Jakarta Persistence. However,
closer inspection showed that the generated code could not be compiled because of a
critical configuration error which initiated a problematic multi-step manual correction
process following the vibe-coding interaction paradigm. The original code contained three
distinct errors: two configuration-related errors, which manifested as import-related com-
pilation problems, and one syntactic error. After these problems were reported to the
model in the first corrective prompt, DeepSeek made an incorrect inference. Instead of
adding the missing dependency required for the existing jakarta.* imports, it replaced the
correct jakarta.* imports with outdated javax.* imports which was not acceptable since the
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experimental setup was based on a modern Spring Boot environment that relies on the
Jakarta namespace. After the problem was prompted again, the model continued to use the
obsolete javax.* packages in its third response. Resolving this initially minor configuration
issue therefore required three corrective prompts, including an explicit instruction to use
the jakarta.* namespace. In total, seven manual code interventions were needed to bring
the entity-layer code into a correct configuration that can be compiled.

In the second prompting step and in contrast to Gemini, DeepSeek immediately
generated all requested CRUD classes for all entities. This included the repository, service,
and controller layers, resulting in a more complete initial implementation of the repetitive
CRUD structure. However, the generated code contained one configuration-related error
that prevented the entire controller layer from compiling. The problem was manifested
through unresolved imports related to org.springframework.http and org.springframework.web.
It was resolved with one corrective prompt. After the correction, one additional manual
intervention was required to add the appropriate dependency to the pom.xml file.

In the third prompting step, the generated code contained two distinct errors that
prevented successful compilation and correct execution. Both errors were addressed with
a single corrective prompt. After this, two manual code interventions were still required.
The first involved adding a missing method definition to the ProductService interface. The
second involved correctly injecting a missing dependency that was used in the generated
implementation but not properly declared.

The fourth prompting step proved to be the most problematic stage in the interaction
with DeepSeek. The model’s initial response was incomplete. It contained eleven errors,
three of which were related to missing Maven dependencies required for testing, while the
remaining eight concerned the complete omission of requested test classes. This meant
that the generated test layer was not only incomplete, but also impossible to execute in
the intended project environment. After the first corrective prompt, the DeepSeek model
generated the missing files and added the required dependencies. However, this introduced
a new fundamental issue that completely prevented the tests from running. Even after this
issue was explicitly pointed out, DeepSeek’s attempted correction was unsuccessful, and
the problem persisted. A third corrective prompt was therefore required, containing a direct
instruction to set the junit-jupiter-api dependency to the stable version 5.12.2. Only after
receiving this explicit instruction did the model successfully correct the test configuration.

After completing all four development phases, bringing the system generated by
DeepSeek to a functional state required a total of eight corrective prompts and twenty-three
manual code interventions.

The main demonstrated weakness of the DeepSeek-generated solution is in archi-
tectural design. The model used an approach that is widely regarded as an anti-pattern
in modern backend development: returning raw JPA entities directly from REST con-
trollers [70]. The issue is particularly evident in the bidirectional relationship between the
Customer and Order entities, as shown in Figure 9, which is exposed directly through the
controller layer.

This architectural decision introduces a known risk in Java/Spring Boot applications.
When entities with bidirectional relationships are serialized directly into JSON, serialization
problems may occur, including infinite recursion, excessive data exposure, unstable API
behavior, and tight coupling between persistence concerns and client-facing representations.
The practical impact of this design choice on system functionality is analyzed in more detail
in the following section.

Compared to the Gemini general-purpose conversational model, DeepSeek was some-
what less reliable in generating a complete and modern backend system. Its main advantage
was in producing more complete code for repetitive tasks, particularly in the CRUD layers,
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which reduced the need for manual completion in those parts of the system. However, these
benefits were outweighed by several fundamental shortcomings. First, the model demon-
strated outdated domain knowledge, repeatedly generating code and configuration fragments
that were not fully aligned with the modern Java/Spring Boot environment. Second, the
model made inferior architectural decisions by exposing JPA entities directly through REST
controllers, thereby undermining robustness, maintainability, and API stability.

@GetMapping(“/customer/{customerld}”)
public ResponseEntity<List<Order>> getOrdersByCustomerld(
@PathVariable Long customerld

)
List<Order> orders = orderService.getOrdersByCustomerld(customerld);
return ResponseEntity.ok(orders); // Incorrect entity return

}

Figure 9. An example of DeepSeek’s generated code where the REST controller returns a list of raw
JPA Order entities directly to the client. Such code may result in stack overflows, excessive response
payloads, failed API responses, and unstable runtime behavior.

4.3. Vibe-Coding Efficiency and Human Intervention Rates

The efficiency of the development process was evaluated by the number of required
interactions (corrective queries) and the amount of manual work (number of changes)
required to achieve a functional solution. The cumulative results after all four prompting
phases are presented below in Table 1.

Table 1. Comparison of development process efficiency, the number of corrective prompts, and
manual software code corrections.

Vibe-Coding Success Metric Gemini DeepSeek
Total number of errors 16 22
Total number of corrective LLM prompts 4 8
Total number of manual code corrections 20 23

As can be seen in Table 1, in terms of raw process efficiency and workload during
vibe-coding, Gemini 3 Pro demonstrated a significantly more efficient and predictable
development lifecycle. DeepSeek-V3.1 required twice as many corrective prompts to
achieve a baseline functional state (eight corrective instances compared to Gemini’s four).
A more thorough analysis of the prompt history logs showed that DeepSeek’s failures were
primarily caused by an outdated internal representation of the Java technological ecosystem.
It frequently hallucinated deprecated Spring Boot annotations, attempted to utilize obsolete
dependency configurations, and struggled to apply Java 25 native features, requiring the
human operator to continuously force alignment with contemporary standards.

4.4. Test Performance and Code Coverage

Code coverage is a software metric measuring the percentage of source code executed
during automated testing, identifying untested areas to improve quality. It highlights
which lines, branches, or functions are exercised, helping developers find hidden bugs and
ensure comprehensive testing, often aiming for 70-80% [80-82].

The accuracy of the implementation, the successful execution of the generated tests,
and the tests code coverage as key quantitative indicators of the quality and reliability of
the produced code are provided in Table 2.
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Table 2. Comparison of test performance and code coverage.

TEST Metric Gemini DeepSeek
Total number of generated tests 23 27
Successful test rate (%) 95.7 74.1
Code test coverage (%) 55.9 45.6

At first glance, DeepSeek-V3.1 produced more unit tests, with 27 compared to Gemini’s
23. However, the test success rate reveals a more significant qualitative difference. Gemini
achieved a test success rate of 95.7%, with one failed test, indicating that its generated tests
were almost entirely executable and functionally valid. In contrast, 74.1% of DeepSeek’s
tests were successfully executed. It can be concluded that a higher number of generated
tests does not necessarily correspond to better test quality.

The same pattern can be noticed in code coverage. Gemini’s higher test success rate
resulted in better code coverage, reaching 55.9% compared to DeepSeek’s 45.6%. This
suggests that Gemini’s tests are more reliable and more significant by employing a larger
portion of the implemented backend business logic. Therefore, in the testing segment of the
experiment, Gemini demonstrated greater practical usefulness, while DeepSeek showed a
tendency to generate a larger volume of test code with lower functional reliability.

Despite this difference in the necessity for corrective prompting, both models ulti-
mately required a comparable amount of manual code interventions before the application
could be considered as ready for production.

4.5. System Performance and API Call Latency

System performance was measured by response time (latency) in milliseconds (ms)
for five key API calls, i.e., test scenarios. The results are given in Table 3.

Table 3. Comparison of API call latency. The results of the first four scenarios are valid, while the
result for the fifth scenario is invalid and should be excluded from analysis.

Gemini Latency DeepSeek Latency

N API Call Test Scenarios [ms] [ms]

1 Retrieval of a sII)[e)aflc product by 10 1

2 Frequent category filter 35 27

3 Complex search (filter + sort) 23 30

4 Retrieval of the top 5 best-selling 175 170
products

5 Retrieval of all orders for a 620 151

specific user

I This value is invalid as the API call returned unusable results caused by infinite recursion. Therefore, the
findings from the fifth API call test scenario should be discarded.

The results show that for standard CRUD operations and search functionalities (API
call test scenarios 1-4), the performance of both generated systems was almost identical and
generally very efficient. In these cases, both models produced backend implementations
with similar response times, suggesting that neither solution introduced significant runtime
overhead in simple request-response operations.

The reported comparison for scenario 5, which evaluated the retrieval of complex
nested objects, is invalid. In this scenario the Gemini-generated system showed significantly
higher latency than in previous scenarios (620 ms). This performance degradation was a
direct result of the N + 1 select problem caused by the DTO mapping logic, where related
data were repeatedly retrieved instead by using a more optimized query strategy. On
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the other hand, the DeepSeek-generated system showed a much lower latency of 15 ms.
However, this result should be disregarded because the corresponding API response was
functionally incorrect due to a critical serialization bug.

It is important to emphasize that the N + 1 select problem observed in the Gemini-
generated implementation should not be interpreted as evidence of a fundamental architec-
tural deficiency but rather as an implementation-level performance defect in the generated
repository and mapping logic. In a Spring Boot and Hibernate framework, such a problem
could typically be mitigated by optimizing data-loading strategy, for example by using an
explicit JOIN FETCH query, named entity graphs (@NamedEntityGraph and @EntityGraph
annotations) or batch fetching.

4.6. Code Accuracy and Completeness

The implementation accuracy and completeness were manually assessed to determine
how well each model satisfied the requirements specified during the four prompt-chaining
phases. This metric assesses not only whether the generated code was syntactically cor-
rect, but also whether it met the intended functional, architectural, and configuration
requirements of the backend application.

The development task was divided into twelve key functional units covering the full
scope of the experiment Each functional unit belonged to one of the functional categories:
(1) domain model, (2) CRUD architecture, (3) advanced functionality, (4) configuration or
testing. Each functional unit was evaluated using a three-level scoring scheme: a score
of 1.0 was assigned when the requirement was fully implemented, 0.5 when it was only
partially implemented or implemented with significant deficiencies, and 0.0 when the
requirement was not implemented. The evaluation was conducted by three independent
evaluators or raters. Scoring criteria were discussed prior to evaluation and disagreements
were resolved through discussion. The evaluation results are presented in Table 4.

Table 4. Detailed evaluation of the implementation accuracy and completeness by functional cate-
gories and units. The evaluation was conducted by three independent evaluators.

Evaluator 1

Functional Category Functional Unit Gemini DeepSeek
Domain model Implementing entities and JPA relations 1 1
Domain model Applying validation annotations 1 1

CRUD architecture Generating complete layers (repo, service, 1 1
controller)
CRUD architecture Implementing CRUD endp.o'mt for Customer 1 1
and Order entities
CRUD architecture Implementing CRUD endpo.lr.lt for Product and 1 1
Orderltem entities
Advanced functionality Implementing filtering and product sorting 1 0.5
Advanced functionality Implementing aggregation (top 5 products 1 0.83
retrieval)
Advanced functionality Implementing order retrieval by user 0.5 0
Configuration Correct configuration for PostgreSQL database 1 0.83
Testing Generating unit tests (service) 1 0.67
Testing Generating integration tests (repo) 0.83 0.17
Testing Generating integration tests (controller) 0.5 0.17
Total points 10.83/12 8.17/12
Average 0.9 0.68
Std. dev. 0.19 0.36
Success ratio (%) 90.25 68.08
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Inter-rater reliability, measured using Fleiss’ Kappa, was 0.51 for the Gemini evaluation
and 0.53 for the DeepSeek. The unanimous agreement rate, defined as the percentage
of features received a 1.0 from all three raters, was 83.33% and 58.33% for Gemini and
DeepSeek, respectively. The unanimous agreement rate metric alone strongly reinforces the
necessity for strict manual code review when deploying LLM generated architectures.

Although both Gemini and DeepSeek eventually produced backend systems that
contained the required structural components, their paths to functional completion dif-
fered significantly. Also, both models showed different strengths and weaknesses in
their solutions.

Regarding the generation of the basic application structure, both models generated
the necessary CRUD layers. However, Gemini required additional corrective prompts
and several manual interventions because parts of its initial CRUD implementation were
incomplete. DeepSeek was more comprehensive in this task, creating the repetitive CRUD
structure more completely in its initial prompt response. This suggests that DeepSeek was
more effective at producing boilerplate backend code, at least for structurally predictable
implementation tasks such as this one.

More substantial differences appeared in the implementation of complex business logic,
which was the most demanding part of the experiment. Two examples were particularly
indicative: product filtering and sorting, and the retrieval of related data. In the case of
product filtering and sorting, Gemini demonstrated a stronger understanding of REST API
design conventions. It generated a single flexible endpoint capable of handling multiple
optional parameters, resulting in a compact implementation as in Figure 10, and received
the maximum score for this functional requirement. In contrast, DeepSeek implemented
the same functionality only partially, using several separate endpoints. This solution did
not fully satisfy the requirement for combined search and sorting functionality and was
therefore evaluated as not completely correct.

// Class ProductController.java

@GetMapping

public ResponseEntity<List<ProductDTO>> getAllProducts(
@RequestParam(required = false) String category,
@RequestParam(required = false) BigDecimal minPrice,
@RequestParam(required = false) BigDecimal maxPrice,
@RequestParam(required = false, defaultValue = “asc”) String sortDir

)
return ResponseEntity.ok(
productService.getAllProducts(category, minPrice, maxPrice, sortDir)

);
}

Figure 10. An example of flexible endpoint in ProductController entity generated by Gemini 3 Pro.

The task of retrieving orders by customer revealed weaknesses in both generated
backends, but with different severity. Gemini'’s solution (Figure 11) was functionally correct
and as such partially satisfied the requirement. However, it introduced the aforementioned
performance issue by retrieving related data through repeated database queries inside a
loop. For this reason, it received only a partial score.

However, DeepSeek’s solution for retrieving orders by customer was more problematic
than Gemini’s: by returning raw JPA entities with bidirectional relationships directly from
the REST controller, it caused infinite recursive serialization. As a result, the endpoint
would be functionally unusable is the generated code was not manually changed and
received a score of zero for this requirement.
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// Class OrderService.java
public List<OrderDTO> getOrdersByCustomerld(Long customerld) {
return orderRepository.findByCustomerld(customerld).stream()
.map(this::toDto) // <-- Loop causing N+1 queries
.collect(Collectors.toList());

}

Figure 11. Code generated by Gemini for OrderService entity contains the N + 1 select anti-pattern,
where a new query to the database is triggered within the loop for each order.

Both models correctly implemented the retrieval of the top five products, indicating
they could automatically generate simpler advanced queries when the expected logic was
clearly defined and less dependent on architectural design decisions.

The differences were also present in test generation. Gemini produced a more reliable
test suite, with only one recorded failure in the controller layer. DeepSeek generated
slightly more problematic tests: five tests could not be executed because of errors, while two
additional tests failed during execution. DeepSeek was less reliable in generating correct
and executable test code, especially when the tests depended on proper configuration,
dependency management, and interaction between multiple application layers.

Opverall, the final implementation accuracy score clearly favors Gemini, which achieved
90.25% compared to 68.08% for DeepSeek. DeepSeek showed greater efficiency in gen-
erating simple and repetitive backend code, especially CRUD structures. However, its
weaknesses in complex functionality, dependency configuration, test generation, and ar-
chitectural decision-making significantly reduced the quality of the final system. Gemini,
despite occasional incompleteness and a performance issue caused by the N + 1 select
problem, produced a architecturally better and functionally more reliable backend solution.

4.7. System Architecture Analysis

The most significant and revealing difference between the models” behavior was
in their autonomous architectural decision-making, especially concerning the boundary
between the persistence layer (database) and the presentation layer (REST API).

The Gemini model demonstrated superior architectural reasoning by autonomously
identifying the need for the DTO design pattern. Without explicit instruction in the Croatian
prompts, Gemini recognized the inherent security and coupling risks of exposing internal
database entities directly to the client. It proactively generated immutable Java Records to
map internal JPA entities to external API JSON payloads, representing best practice and
ensuring strict data encapsulation. However, the model’s implementation was not without
architectural issues; its persistence fetching strategy introduced N + 1 select performance
degradation issue by failing to use JPA Entity Graphs or explicit JOIN FETCH directives
for nested collection retrieval.

On the other hand, DeepSeek generated an architecturally inferior solution. It by-
passed the DTO abstraction pattern by returning raw JPA @Entity instances directly from
the @RestController endpoints. Given the bidirectional relationships defined in the pro-
vided UML domain model, this decision resulted in failure (Figure 12). When the Jackson
JSON parsing library attempted to serialize the deeply nested entities, it immediately
triggered an infinite recursion loop (for example, the Order entity referencing the Customer
entity, which in turn references the Order, and so on) until the entire call stack memory
space was exhausted.

Returning an Order object from the API causes the JSON serializer to enter an infinite
loop, resulting in a deeply nested and unusable response, as shown in the abbreviated
example (id = 7639) in Figure 13.
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// Class Customer.java
@OneToMany(mappedBy = "customer")
private List<Order> orders;

// Class Order.java

@ManyToOne

@JoinColumn(name = "customer_id")
private Customer customer;

Figure 12. An example of the bidirectional relationship anti-pattern generated by DeepSeek-V3.1.

[

{
"id": 7639,
"customer": {
"id": 2137,
"orders": [
{
"id": 7639,
"customer": {
"id": 2137,
"orders": [{...}]
}
}
]
|3
}

]

Figure 13. An example of an infinite recursion in the JSON response generated by DeepSeek-V3.1.

This critical functional bug caused immediate StackOuverflowError exceptions at runtime,
making the data retrieval API entirely unusable without significant manual refactoring by
an expert developer understanding the cause of the problem. Furthermore, on the system’s
client side, tools such as Postman do not semantically detect recursive object structures
such as this. Instead, they react to the consequences of the server-side serialization problem,
such as an excessively large response, interrupted data transfer, connection failure, or
response-size limit being reached. If the server manages to start sending the response
before failing, Postman may terminate the display of the response or report an error related
to maximum response size. Such behavior is therefore not the root cause of the problem,
but only its visible manifestation on the client side.

Regarding the security implications of LLM-generated backend code, it should be
noted that directly exposing raw JPA entities through REST controllers, as seen in the
DeepSeek-generated solution, is not only a maintainability and serialization concern but
may also increase the risk of unintended data exposure and weaken control over the public
API contract. In addition, dependency misconfiguration and uncontrolled serialization
behavior represent security risks that require expert review before LLM-generated backend
code can be considered suitable for production use. However, these complex issues require
specific and separate investigation.
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4.8. Static Code Quality Analysis

The SonarQube tool provided details on the maintainability and reliability of the
generated codebases. The results of the static backed code quality analysis are shown in
Table 5 below.

Table 5. A comparison of code quality based on SonarQube analysis.

Quality Metric Gemini DeepSeek
Code smells 15 10
Technical debt (estimated time) 2 h 20 min 1 h 32 min

The results of the analysis may seem counterintuitive at first, but a more detailed con-
textual analysis strongly supports the results of the previous architectural assessment [83].

DeepSeek had fewer code smells (10 compared to Gemini’s 15) and a lower estimated
technical debt (1 h and 32 min versus 2 h and 20 min). This is expected, given the structural
simplicity of the source code it generates. By removing the DTO layer and its associated
object mapping logic, DeepSeek reduced the chance for potential syntactic and structural
irregularities that SonarQube could detect. In contrast, Gemini had more code smells
(mostly minor issues; string literal duplication and static analyzer suggestions to use newer
Java API methods such as Stream.toList()) which increased its technical debt.

Most importantly, this highlights a known limitation of static analysis tools: SonarQube
does not have the deeper semantic context to identify fundamental architectural anti-
patterns in the code generated by DeepSeek. An infinite recursion flaw during JSON
serialization was not flagged by the static analyzer as a bug or vulnerability, since the
underlying code was still syntactically valid and compiled successfully.

4.9. SQL Schema Conceptualization and Database Entities Development

The structural integrity of the generated database schemas was evaluated based on
their adherence to the provided UML class model diagram and the execution of SQL
queries. Initial findings indicate that, while both tested models successfully identified
core entities such as Customer, Product, and Orders, differences emerged regarding the
normalization of the relationship between orders and products. Gemini demonstrated
better initial reasoning by implementing a four-table structure, including Orderltems, to
manage the Many-to-Many relationship. On the other hand, DeepSeek initially failed to
generate the connecting table, requiring corrective prompting to achieve the desired SQL
schema capable of tracking specific product quantities per order.

Regarding attribute generation consistency, the models exhibited similar levels of
precision in complying with natural language prompts. Firstly, Gemini’s initial output
mostly mirrored the target UML diagram given in the prompt, successfully including all
necessary fields in the Product table, such as description and category. However, Gemini
incorrectly created the attributes first_name and last_name in Customer instead of name
as required, failed to create description and category in Product, and failed to define the
primary key in Orderltem. The adherence to the camel case naming format was also an
issue. DeepSeek initially introduced redundant attributes such as created_at and phone fields,
while omitting the required category attribute. Corrective prompts were necessary to change
naming format, removing additional fields and to create Orderltems table. Despite these
initial structural discrepancies, after corrective prompts both models eventually converged
on a functional PostgreSQL schema and correctly implemented SERIAL primary keys
and appropriate foreign key constraints to maintain relational integrity. Both Gemini and
DeepSeek required three additional corrective prompts each. Interestingly, both models
struggled with the required camel case (e.g., customerOrder, orderltem) and named tables as
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well as attributes using the snake case (e.g., customer_order, order_item). The results for the
generation of the SQL schema are listed in Table 6.

Table 6. Comparison of the Gemini 3 Pro and DeepSeek-V3.1 for generating SQL schema.

Gemini DeepSeek
Number of tables created 4 3
Primaryv ke BigSerial BigSerial
yRey (Long for PostgreSQL) (Long for PostgreSQL)
Customer (email with
Customer (email with additional first name, last
L . name, phone number and
additional first_name and
last_name) created At)
- . Product (name, price,
Product (name, price, but . .
. . description, but omitted
. omitted description and .
Attributes category) category, stock quantity and
Orders (correct; customerld created At)
and orderDate) Orders (customerld and
orderDate, with additional
Orderltems (correct; orderld,
. ) total amount and status)
productid, quantity)

Orderltems
(entirely omitted)

Used snake_case naming
format, but did correct it to
camel case format when
prompted
Correctly used camel case
naming format in SQL
queries

Used snake_case naming
format, but did correct it to
camel case format when
prompted
In SQL queries used
snake_case naming format

Naming consistency

Number of additional

3 3
prompts

The efficacy of the generated schemas was further validated through the execution of
complex data retrieval tasks involving multiple JOIN operations. Both models successfully
generated syntactically correct queries for identifying high-value orders and calculating
total customer expenditure. Notably, DeepSeek demonstrated greater robustness in its
query logic by incorporating the COALESCE function to handle NULL values for cus-
tomers without existing orders, ensuring data integrity in aggregate reports. Compared
to the generation of the Java/Spring Boot stack, the development of the SQL schema was
much more streamlined, and any issues that arose could be quickly resolved, even by
novice developers.

5. Discussion

The overall analysis shows that under the examined experimental conditions, Gemini
3 Pro and DeepSeek-V3.1 exhibited distinctly different behavioral patterns during de-
velopment. Both models contributed to a functional backend system, but they differed
significantly in architectural quality, completeness, error severity, and the extent of human
correction required.

In this experiment Gemini 3 Pro demonstrated stronger architectural reasoning and
better handling of complex backend requirements. Its key strength was the autonomous
implementation of the DTO pattern, which separated the persistence model from the REST
APl layer and helped avoid critical serialization problems. It also produced a more coherent
implementation of advanced functionalities, particularly in product filtering and sorting,
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where it generated a flexible endpoint aligned with REST API design practices. These
decisions resulted in a more accurate final solution and more reliable tests. However,
Gemini was not consistently complete. Its main weakness was the omission of repetitive
boilerplate code, especially in the CRUD and testing layers, where some classes were
missing or replaced with generic comments. Additionally, although its architecture was
generally robust, the generated DTO mapping issues demonstrated that architectural
maturity does not necessarily guarantee optimal runtime performance.

DeepSeek-V3.1 showed the opposite tendency. It was more effective at mechanically
generating commonplace programming patterns and produced more complete CRUD
structures in its initial prompt responses, making it useful for rapidly generating predictable
application scaffolding. In many cases junior or novice developers will require only this
level of vibe-coding output. However, its weaknesses were different than with Gemini.
The model showed inconsistent knowledge of the specific Java/Spring Boot ecosystem
mixing different versions. More importantly, it exposed raw JPA entities directly through
REST controllers, causing an infinite recursion problem during JSON serialization when
bidirectional relationships were present.

Taken together the results show that LLM-generated backend code should be evaluated
not only for initial completeness, but also for additional elements such as architectural
quality, maintainability, framework compatibility, runtime behavior, and the severity of
generated errors.

However, the obtained findings should be interpreted with caution and strictly within
the scope of this experiment. The results should not be understood as evidence of universal
superiority of one model over another, nor as a general statement about all LLMs in backend
software engineering. Rather, they indicate how the compared models behaved within the
evaluated Java/Spring Boot scenario.

Research Limitations

Several limitations should be considered when interpreting the results of this study The
first and most obvious research limitation is the choice of LLMs that limit the experiment’s
generalizability. However, the goal of the study was not to compare all available LLMs, as
it would not be possible to be completely exhaustive, but rather to compare two practically
relevant model categories that would be used by inexperienced or moderately experienced
backend developers in a realistic vibe-coding scenario. Gemini 3 Pro was chosen as an
example of a proprietary, cloud-hosted, managed LLM service that can be accessed directly
without requiring local installation or infrastructure configuration. DeepSeek-V3.1 was
chosen as a conceptually opposite example of an openly available model family that allows
for local or self-hosted deployment, making it useful for users who want more control
over execution, data handling, and deployment conditions. Additionally, the experiment
was conducted based on a single structured natural language interaction sequence per
model. Since LLM outputs may vary, the results should not be interpreted as statistically
generalizable evidence about the full distribution of possible model outputs.

Second, the experiment was conducted on a relatively simple backend system. Al-
though the application included several typical components of a Java/Spring Boot backend,
it did not have the complexity of large production systems. This design was intentional,
as the study’s goal was to create a baseline backend system that could subsequently be
expanded into more complex systems, which could then be uniformly compared to this
initial architecture. Future research should expand the experiment to include larger and
more complex backend architectures.

Third, the experiment did not simulate the complete software development Contin-
uous Integration and Continuous Delivery (CI/CD) pipeline [84] with repeated change
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requests, evolving requirements, bug reports, regression testing, code reviews, and long-
term maintenance tasks. As a result, the results primarily reflect the models” ability to
generate and correct an initial backend implementation. It should be expected that in an
actual CI/CD production environment, because of the increased complexity, the reported
problems should be even more pronounced or amplified.

Fourth, the study did not include a cost analysis of the entire vibe-coding develop-
ment process. The use of LLMs incurs token-based computational costs [20-24] which
are dynamic pricing and LLM provider-dependent. Future research could include cost-
efficiency metrics like cost per functional requirement, cost per successful test, or cost per
manual intervention.

Finally, the rapid evolution of different LLMs represents an inherent limitation of any
empirical comparison in this field [85-87]. New models and updated versions are continu-
ously released, and their capabilities may improve significantly in a short period of time.
Also, LLM behavior may change across versions, deployment modes, and configuration
settings. As a result, the absolute performance values presented in this study should be
interpreted as time-dependent. Nonetheless, the issues identified in this experiment are
likely to remain present, even if their frequency decreases in newer models. It should also
be noted that model progress is not always linear: in some cases, newer versions may
perform worse than older versions on specific tasks [87]. Consequently, future research
should periodically replicate the experiment with newer models.

6. Conclusions

This study provides a comprehensive, empirically driven comparative evaluation of
two commonly used LLMs, Gemini and DeepSeek, in the context of enterprise backend soft-
ware development, utilizing non-English prompting and enforcing modern technological
standards for code analysis.

The presented results showed that the evaluated models can be successfully used
in modern software development for vibe-coding, as they accelerate the development of
functional backend architectures. However, our findings, even within a relatively limited
scenario, highlight the mandatory need for caution. The most important insight from
the study is that even the best foundational models are not capable of fully autonomous
deployment, even in the most basic enterprise backend development scenarios. As a result,
the generative process requires continuous guidance and expert validation from an experi-
enced software engineer with a comprehensive understanding of the generated codebase.
The vibe-coding paradigm should be understood as a joint human-LLM development
workflow rather than as standalone software engineering.

The authors plan to address several important directions in future research. First, it
would be valuable to systematically compare general-purpose conversational models and
vibe-coding tools, on one side, and traditional code generation models that do not rely
on GenAl on the other. This research could determine whether narrow specialization in
code generation leads to better software engineering solutions than the broader contextual
NLP capabilities of general-purpose LLMs. Second, the experimental results indicate that
many generated errors were not immediately visible in individual code fragments but
emerged later during compilation or in testing and runtime. Therefore, future research,
within the area of software engineering, could empirically investigate the usefulness of
integration LLM-assisted backend development in CASE tools. Finally, an ablative study
of prompt engineering techniques for backend vibe-coding, which was beyond the scope
of this manuscript, should be conducted. Comparing identical tasks when prompted with
different methods and in various natural languages would provide a better insight into the
reasoning capabilities of contemporary LLMs in the software engineering context. Such
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research could reveal whether certain prompts introduce reduced architectural precision
and if LLM performance differs from results obtained through interaction conducted
exclusively in English.

All parts of the dataset used in the experiment that are required to replicate the
reported results, including the Croatian prompts, English translations of the prompts, cor-
rective prompts, generated code, SQL schema scripts, and supplementary implementation
materials, are freely available for research and non-commercial use upon contacting the
corresponding author.
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Appendix A

As described in Section 3.2, the following SQL script was employed to populate the
database with a sufficient volume of synthetic data (5000 customers, 20,000 products,
50,000 orders) and to establish realistic conditions for evaluating the system’s performance:

-- 1. GENERATE Customers
INSERT INTO "customers" (name, email)
SELECT
'Kupac' | | n, -- Name in the format "Kupac 1", "Kupac 2", ..., "Kupac 5000", in
English "Customer 1", "Customer 2", etc.
'kupac.' | | n | | '@example.com'
FROM generate_series(1, 5000) AS n;

-- 2. GENERATE Products
INSERT INTO "products" (name, description, price, category)

SELECT

Proizvod ' | | n, -- Name in the format "Proizvod 1", "Proizvod 2", ..., "Proizvod
20,000", in English "Product 1", "Product 2", etc.

'Detaljan opis za proizvod ' | | n, -- Description in the format "Detaljan opis za

proizvod 1", "Detaljan opis za proizvod 2", ..., in English "Detailed description for
product 1", "Detailed description for product 2", etc.

-- Price between 10.00 and 1010.00

(random() * 1000 + 10)::numeric(10, 2),

-- Randomly select one of the 5 categories (Elektronika, Odjec¢a, Knjige, Kucanstvo,
Sport) with equal probability. In English, Electronics, Clothing, Books, Home, Sports.

(ARRAY[Elektronika’, 'Odjeca’, 'Knjige', 'Kucanstvo', 'Sport'])[floor(random() * 5 + 1)]
FROM generate_series(1, 20,000) AS n;
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-- 3. GENERATE Orders

INSERT INTO "orders" ("order_date", "customer_id")

SELECT
-- Random date and time in the last 5 years
NOW() - (random() * 365 * 5) * '1 day':interval,
-- Random customer ID between 1 and 5000
floor(random() * 5000 + 1)::bigint

FROM generate_series(1, 50000) AS n;

-- 4. GENERATE Orderltems
DO $$
DECLARE
order_id bigint;
num_items int;
iint;
BEGIN
-- Loop through each order that was just created
FOR order_id IN SELECT id FROM "orders" LOOP
-- Each order will have between 1 and 7 items (randomly determined)
num_items := floor(random() * 7 + 1);
FOR i IN 1..num_items LOOP
INSERT INTO "order_items" ("order_id", "product_id", "quantity")
VALUES (
order_id,
-- Random product ID between 1 and 20,000
floor(random() * 20,000 + 1)::bigint,
-- Quantity between 1 and 5
floor(random() *5 + 1)

);
END LOOP;
END LOOP;
END $$;
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