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Abstract

In the early stages of computer software information system development, requirements
errors can lead to software system failure and performance degradation and even cause
huge security incidents. Traditional requirements verification methods are inefficient and
susceptible to human factors when dealing with complex software requirements. Rapid
prototyping is an effective requirement validation method, but the generated prototype
does not contain any data, and the traditional method requires domain experts to write
the data manually, which is time consuming and complicated. In this study, an automatic
software prototype data generation method, InitialGPT, is proposed, which automatically
generates requirements-compliant prototype data by interacting with users through a
requirements model to improve the efficiency and accuracy of requirements validation. We
designed a framework containing a prompt generation template, a data generation model,
a data evaluation model, and multiple prototype data tools, and validated it on four real-
world software system cases. The results show that the approach improves the efficiency
of requirements validation by a factor of 7.02, and generates data of similar quality to
those written manually, but at a more advantageous cost and efficiency, demonstrating its
potential for application in the computer software industry.

Keywords: requirements error; rapid software prototype; data generation; data quality;
requirements validation

1. Introduction
Requirements errors are one of the reasons for the failure of computer software

projects [1], and in serious cases, they can cause great disasters. With the rapid devel-
opment of information technology, the requirements of computer software systems become
increasingly complex and variable. In the face of this challenge, careful requirements
modeling and system verification play a crucial role in reducing the uncertainty of the
target system [2,3]. However, this requires developers and stakeholders to work together
to define the goals of the system’s functionality. A common challenge in this context is
communication barriers between developers and stakeholders [4].

Traditional methods of requirements validation, such as the preparation of require-
ments documents and requirements review meetings, are not only inefficient, but also
susceptible to human factors, resulting in insufficient accuracy and completeness of require-
ments validation. Rapid prototyping, as an effective requirement validation method, helps
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development teams and stakeholders to better understand and validate the requirements
by rapidly building runnable software prototypes [5]. The current state-of-the-art method
RM2PT [4–7] is able to rapidly model software prototypes from formal requirements in
UML diagrams by generating software prototype systems, complemented by system op-
eration contracts in Object Constraint Language (OCL), enabling customers to visually
validate their requirements, thus easily discovering misunderstandings and uncertainties
in the requirements.

However, these generated software prototypes do not contain any initial data [5,8].
Software prototype data generation has been a key bottleneck in the prototyping process,
and traditional approaches usually rely on hiring domain experts to manually write the
prototype data for requirements validation of software prototypes [9]. This is not only
complex, time consuming, inefficient, and costly to manually write [10], but also presents
difficulties in meeting the requirements of rapid iteration due to low user feedback iteration
efficiency and high tendency to introduce human errors [11].

Therefore, developing a method to automatically and efficiently generate high-quality
prototype data has become an urgent problem in the field of software development. Unlike
data generation for software testing [12], test data need to represent code logic boundary
use cases (e.g., abnormal inputs, stress loads, program fixes, etc.), while prototype data
need to represent business scenarios (e.g., user profiles, typical workflows). Initial data
generation for computer software prototyping systems is based on requirements validation
for demonstrating and verifying software functionality as well as collecting user feedback.
Therefore, it is not only reasonably effective for stakeholders, but also focuses more on re-
quirements engineering and user experience in the current state of the system, emphasizing
user feedback and representativeness.

Despite the results of existing research, the application of automation in the early
requirements validation phase of software development still faces many challenges. On the
one hand, most of the existing requirement validation methods focus on the preparation of
requirement documents and manual data preparation and review, and lack of automation
support for the requirement validation process. On the other hand, although large language
models [13] (LLMs) are capable of generating high-quality natural language text by virtue
of their powerful performance, e.g., some researchers have already started to explore
the potential of using LLMs to generate synthetic data for text categorization [14], Rokas
Štrimaitis [15] et al. attempt to synthesize time series data for forecasting expected trends
in accounting data, although how to effectively apply them to the generation of data in the
requirements validation phase of software prototypes to alleviate the burden on humans is
still an urgent problem.

Based on the above challenges, in this paper, we propose a model-driven automatic
initial data generation method (InitialGPT) for software prototypes based on large lan-
guage model (LLM) and intelligent body (agent) workflow, which for the first time realizes
automatic generation of high-quality initial data for rapid prototypes in the requirements
validation phase in line with business logic and constraints, and significantly solves the
core problems of inefficiency, high cost, and error proneness of traditional manual genera-
tion methods.

The intelligent model-driven approach (IMDA) combines model-driven development
(parsing requirement models) with an LLM-driven intelligent workflow. The core innova-
tions are:

• Automatic Generation of Requirement Models to Structured Prompt Templates: A
layered prompt generation template (initial instruction layer, entity information layer,
user interaction layer, data output layer) is designed to automatically extract key infor-
mation (entities, attributes, and business rules) from formalized requirement models
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(use case diagrams, class diagrams, and OCL constraints) and dynamically generate
high-quality LLM prompts by integrating user interaction inputs and structured LLM
prompts. This is the key to ensure that the generated data conforms to business logic
and constraints.

• Multi-Agent Collaborative Data Generation Workflow: A multi-agent collaborative
framework is designed that includes data generation agents, data validation, assess-
ment agents, and data format output agents. A dynamic selection strategy (single vs.
multiple agents) is innovatively adopted to strike a balance between generation speed
and data quality. Multi-intelligence collaboration significantly improves the business
compliance, accuracy, and diversity of the data generated through task decomposition,
logical reasoning, and consistency checking.

In this paper, we pioneered the application of an LLM’s powerful generative capabil-
ities to initial data generation for software requirement validation scenarios, solving the
long-standing pain point of relying on manual labor in this area. The focus is on generating
representative data for feature demonstration, user experience, and gathering feedback,
rather than test data.

The rest of the paper is structured as follows: Section 2 describes the preliminary work
related to the methodology of this paper; Section 3 details the components of the InitialGPT
methodology; Section 4 evaluates InitialGPT through four case studies; Section 5 discusses
potential threats to the validity of the study; and Section 6 summarizes the full paper’s
work and looks forward to future directions of the study.

2. Preliminary
2.1. Requirements Model

Yang et al. [5] developed a requirements model by pruning UML and extracting
components that describe traditional software systems’ requirements. Shown in Figure 1
is a requirement model (CoCoME) of a supermarket example system, through which
a supermarket prototype system can be quickly generated for requirements validation.
The model comprises a system operating contract and three views:

Figure 1. CoCoME requirements model.

Use case diagrams help clients and domain experts define the functional boundaries
of a system by describing the interactions between the system and its users. A system
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sequence diagram further refines the execution process of a specific use case, showing the
sequence of interactions between participants and the system and the triggering process
of events within the system. The conceptual class diagram, as the conceptual model of
the problem domain, abstracts the core concepts and their structural relationships in the
domain through the association between classes and their attributes. Each of the three
supports the understanding and expression of system requirements at different levels.

Object Constraint Language (OCL) (http://www.omg.org/spec/OCL/, accessed
on 22 July 2025) is a declarative language designed to address the limitations of UML
diagrammatic notations by enabling precise specification of system design details. As a
formal textual language, OCL supports the definition of constraints and object query
expressions for any meta-object facility (MOF) model or meta-model, thereby facilitating
the description of model elements beyond the expressive capacity of visual diagrams.

The contract of a system operation is described in Object Constraint Language, which
specifies the conditions that the system state must fulfill before and after the execution of the
system operation. Among them, preconditions define the properties that the system state
must satisfy before the execution of a system operation, which are used for state checking
during execution; postconditions define the conditions that the system state should satisfy
after the successful execution of a system operation, and make clear the state changes that
may be brought about by the operation.

2.2. Prototype

As shown in Figure 2, the figure presents an example of manual initialization data
construction in the prototype system. The interface in the figure consists of two functional
areas on the left and right: the state observation panel of the CoCoME prototype system
on the left, and the system function panel on the right. With the help of this prototype
interface, the user can complete the initial data entry and configuration through manual
interaction. The left side of the figure shows the state observation panel of the CoCoME
prototype, which is divided into four main areas. The top left corner shows the names of
the current classes in the system and their number of objects, for example, the number of
objects in the Store, CashDesk, Sale, and Item classes.

Figure 2. Example of manual initial data creation for prototype.

The lower left section of the panel displays the association status, including the source
object, target object, association name, the number of associated objects, and whether
the association is one-to-one or one-to-many. When a class entry on the left is clicked,
the corresponding property and association statuses are shown in the center and lower
left areas of the panel. On the right side, all system invariants are listed; if any invariant
is violated, it is highlighted in red, similar to the display in the System Functions panel.

http://www.omg.org/spec/OCL/
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The rest of this section demonstrates how the generated prototype can be used to validate
system requirements.

On the right is the System Functions panel of a prototype system, which is divided
into three main parts: the list of system operations on the right, the operation widgets in the
center, and the status of the system operation on the right, which is shown in green when
the operation is executed successfully, and in red when there is an error in the operation.

Therefore, in the requirements model, if you want to add initial data, you need to model
the data functions and the stakeholders corresponding to the data functions (e.g., administra-
tors), and then manually create the data in the prototyping system, which can be observed
in the system status bar after successful creation (left). However, requirements modeling is
often time consuming and costly, and manually writing data also possesses the complexity
mentioned above, and thus greatly hinders the efficiency of requirements validation.

2.3. The Necessity of Generating Software Prototype Data

As illustrated in Figure 1, the requirements model provides a structured representation
of system specifications through formal modeling techniques, encompassing functional
requirements, behavioral patterns, and entity relationships. Stakeholders can rapidly vali-
date requirements by interacting with a prototype system generated from this requirements
model. However, as shown in Figure 2, the prototype system typically lacks operational
data for validation purposes. Firstly, it needs to be manually prepared and created by the
user at the administrator, and for the stakeholders (e.g., administrators) in this part of the
data functionality, it also requires spending a lot of time and cost to model it. Manually
preparing the data also possesses the same time-consuming cost and complexity, and there-
fore represents a great impediment to the efficiency of the requirements validation. Manual
preparation of initial data remains mandatory in many application scenarios. However,
manually writing initial data for prototypes remains a very time consuming, costly, and
complex process for stakeholders. This complexity is caused by the following interrelated
attributes [16–18]:

• Complexity of manually authoring data: The complexity of manually authoring data
is not only related to the creation of the data, but also to the need for an in-depth
understanding of the real-world scenarios of the domain behind the data and the fact
that the process of writing the data may involve multiple teams. Therefore, generating
the data efficiently is a complex process.

• Diversity and complexity of initial data: Initial data generation for requirements vali-
dation is different from database data generation, and focuses more on requirements
engineering and user experience, as well as helping in the demonstration and valida-
tion of business functionality. Therefore, it is a challenge to ensure that the initial data
used in the prototyping system has sufficient diversity and applicability, reality, etc.,
which requires the simulation of complex business logic and user behavior.

• Diversity of specific domains: Initial data generation is used to serve prototype systems
for different domains and is generated for specific domains. Therefore, every time
the data are generated, they need to rely on the knowledge and experience of domain
experts to ensure that the data are highly representative and specialized. This process
is often time consuming and costly, as it requires experts to deeply understand and
reflect the complexities and nuances within a given domain.

• Inefficient user feedback mechanism and low user interaction: The process of manually
writing data is usually not a one-time process. Depending on the feedback and
practical applications, the dataset may need to be optimized and iterated, but the
inefficient user feedback mechanism makes it a key challenge to effectively integrate
user feedback and reduce the burden on the user in the data generation process.
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• Automated data generation and management: Currently, generating data requires
more manual writing and adding to prototypes manually, and there is a lack of
actionable data integration tools, so it is also a challenge to develop efficient automated
tools to manage and integrate prototype data and reduce manual intervention.

2.4. Large Language Model and Prompt Engineering

Here are the large language models and prompts engineering studies related to Initial-
GPT’s work.

Large language models based on the Transformer architecture [19] have made signifi-
cant progress in the field of natural language processing.

The utilization of bi-directional context in the bidirectional encoder representations
from Transformers (BERT) model [20] has already achieved excellent performance in tasks
such as text classification and named entity recognition (NER). Building on this success,
the GPT family of OpenAI models (including models such as GPT-2 [21], the massive
GPT-3 [22] with 175 billion parameters, and the latest GPT-4 (OpenAI, 2023)) have made
huge breakthroughs in training parameters. These models have made breakthroughs in
generating high-quality text [23–25], demonstrating inference [26] (Wei et al., 2021), trans-
lation [22], synthetic data generation [27], and code generation [28]. Recently, researchers
have investigated how to improve the robustness and performance of models in different
domains through prompt engineering [29–35]. Gwern branwen et al. [36] suggested that
the prompt engineering model can be a new interaction paradigm. Users only need to know
how to prompt the model to get the targeted output needed to accomplish downstream
tasks. Ge et al. used BERT to generate prompts [37] and then prompt LLMs to generate
visual descriptions of blended images to help users with visual fusion. Liu et al. proposed
a paradigm [38]: prompt-based learning. This paradigm is based on language models
directly modeling the probability of the text compared to traditional supervised learning. It
allows pre-training of the language model on massive amounts of raw text, and by defining
new prompt functions, the model is able to perform little or even zero learning, adapting
to new scenarios with little or no labeled data. In this study, we focus on exploring the
capabilities and limitations of the state-of-the-art GPT-4 and GPT-3.5-Turbo models, using
them to generate initial data in a requirements validation prototype system.

2.5. Generative AI in Data Generation

In recent years, researchers have explored the use of generative AI techniques for data
generation. For instance, Wang et al. [39] suggest that using GPT-3 for dataset labeling
is more cost effective than manual annotation, and the resulting labeled datasets can be
used to train smaller, more efficient models. Similarly, Ding et al. [40] introduce three
methods for generating training data with GPT-3: unlabeled data annotation (generating
labels for known examples), training data generation (generating both examples and labels),
and assisted training data generation (using Wikidata as additional context). When used
to fine-tune a smaller BERT model for text classification and named entity recognition
tasks, these methods achieved performance comparable to or slightly worse than GPT-3.
Dai et al. [41] propose AugGPT, which uses ChatGPT (GPT-3.5) to augment each example
in a small base dataset with six rephrased synthetic examples, which are then used to
fine-tune a specialized BERT model. Other studies have also investigated the capability
of language models to generate synthetic data for various text classification tasks [42–45].
However, to date, there has been no research applying generative AI to data generation for
software prototypes used in requirements validation.
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3. InitialGPT
In this section, we first present the prompt generation template designed for InitialGPT

as input. Subsequently, we elaborate on the core data generation model and the data
evaluation model. Following this, we describe several data post-processing tools that have
been developed. Finally, we introduce the template utilized for automatic code generation.

3.1. Overview

As shown in Figure 3, InitialGPT is an intelligent model-driven approach for automat-
ically generating prototype initialization data to support rapid requirements validation.
The purpose of this section is to describe the software architecture of InitialGPT. As shown
in Figure 1, InitialGPT takes a requirements model as input and then automatically gener-
ates initial data for a prototype system. This process is divided into three distinct phases:

The first phase is to parse the requirements model and automatically generate a large
language model prompt template. The second phase is to automatically generate the
initial data for the prototyping system, and a multi-agent workflow containing several
intelligent agents is designed. The third phase is data evaluation and post-processing,
which helps users to quickly understand the quality of the data through data benchmarking
and supports rapid iteration, and includes several data tools to improve the quality of
the data, and lastly, InitialGPT automatically generates the code to be integrated into the
prototyping system for the efficient automated generation of prototype data. The four-
phase approach provides a structured methodology for efficiently and accurately generating
initial data for prototyping systems from requirements models to facilitate stakeholder
requirements validation.

In
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Figure 3. Overview of InitialGPT.

3.2. Architecture Design Based on IMDA Paradigm

IMDA (intelligent model-driven architecture), as the top-level architectural princi-
ple guiding the design of InitialGPT, emphasizes the requirement model as the driv-
ing source (model-driven), and realizes the automated closed-loop of data generation–
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validation–evaluation through intelligent agents. IMDA is not a specific tool but a
paradigm framework that integrates the model-driven engineering and artificial intel-
ligence paradigm framework.

InitialGPT, as an automated software prototype data generation method proposed
in this paper, has the core objective of generating initial data that conforms to business
rules to support rapid requirements validation through the interaction of a large language
model and a requirements model. Its innovative kernel is embodied in threefold capabili-
ties: (1) dynamic generation of prompt templates based on requirements model parsing;
(2) closed-loop data generation–validation–evaluation that integrates large language mod-
eling and multi-intelligence collaboration; and (3) a quantitative data quality optimization
mechanism following the ISO/IEC 25012 standard. The methodology has the core objective
of improving the efficiency of requirements validation and replacing the traditional manual
construction process through structured data generation.

The IMDA paradigm constitutes the meta-architectural paradigm that guides the
design of InitialGPT. The theoretical framework of the IMDA paradigm, with model-driven
engineering as the cornerstone and the introduction of intelligent agents to automate the
process, can be formally defined as a triad: IMDA ≜ <M, A, F>, where M denotes the
requirements model parsing layer, A is the intelligent agents collaboration layer, and F
stands for the feedback optimization layer. IMDA is not a specific technical implementation,
but a cross-domain generalized intelligent system design principle.

3.3. Requirements Model Parsing

The automatic parsing of requirements models is a fundamental step in the InitialGPT
approach. In this study, a model-driven engineering (MDE) approach is adopted to trans-
form textual requirements into a structured model conforming to the EMF meta-model
by means of a domain-specific language (DSL) defined in Xtext. Firstly, domain entities,
attributes, and association relationships in the requirements model are formalized as ECore
meta-model elements whose abstract syntax is bounded by Xtext syntax rules (e.g., ‘entity’
name = ID “(attributes+=Attribute)*”). This phase realizes the text-to-model conversion by
means of a lexical analyzer (Lexer) and a syntactic analyzer (Parser) generated by Xtext.

The extraction of domain entities is realized through the EMF model traversal al-
gorithm. Figure 4 shows part of the code template used to convert domain conceptual
information into entity class parsing, while Figure 5 is an example of the Xtend-generated
entity class code. First, the Xtend generator loads the parsed EMF model instance and calls
the eAllContents() method to perform a depth-first traversal to filter out all model elements
of type entity. For each entity, its attributes and associative relationships are recursively col-
lected and a lightweight EntityInfo data transfer object is constructed. Attribute mapping
extracts the attributes of entity types via an entity.attributes.map, and encapsulates the
domain concepts corresponding to each class into the corresponding entity parsing class;
the final generated collection of domain entities will be used as the input for subsequent
hint template generation. Compared with traditional methods such as regular expres-
sions or template matching, this method ensures syntactic consistency through formal
meta-models and supports type-safe model manipulation. We further encapsulate the
template code written by Xtend into a scripting tool to form execution scripts applied to
the prototyping system platform. The execution scripts can automatically generate the final
tool code embedded in the prototyping system, which ultimately realizes the automatic
generation of prototype data. Experiments show (see Section 4.1) that the method achieves
98.7% entity extraction accuracy in a requirement model containing 100+ entities.
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Figure 4. Xtend code template.

Figure 5. Example of generated entity class code.

3.4. Prompt Template Generation

In the text generation process based on large language models, the quality of input
prompt words directly determines the accuracy, diversity, and business adaptability of the
generated data [29]. Since large language models rely on natural language input to reason
and generate data, how to construct high-quality prompt words that conform to business
logic and cover diverse data requirements is a key challenge in the data generation process.

To address this issue, this paper proposes an automated prompt template generation
method, which aims to dynamically generate high-quality input prompts based on the
requirement model, ensuring that the data generated by the model can meet the business
requirements with a high degree of structuring, consistency, and adaptability.

The prompt generation template designed in this framework uses a layered ar-
chitecture to realize the semantic mapping of requirement information to natural
language instructions.

The template consists of the following four parts: Figure 6 shows InitialGPT’s prompt
template rules, and Figure 7 illustrates an example of a prompt for the CoCoME super-
market system, constructed using the small-scale template rules. The initial instruction
defines the basic scenario paradigm of the generation task, the entity information layer
injects structured descriptions of domain concepts extracted from the EMF meta-model
(including entity names, attribute data types, and so on), the user interaction layer incor-
porates personalized generation parameters (e.g., number of instances, range of values),
and the output format layer specifies the structured representation of the data (e.g., YAML
fields and indentation rules).
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Figure 6. Prompt template.

The dynamic generation process is realized through a model traversal algorithm:
firstly, the entity elements in the requirement model are extracted based on the Xtext
parser (Model.eAllContents.filter(Entity)), and then the entity tuples <name, attributes,
constraints> are populated into predefined slots by the string template engine. When the
user specifies the generation scale, the system dynamically updates the quantity parameter
using a regular substitution strategy, e.g., replacing N with a specific value. This hierarchical
dynamic mechanism ensures that the cue word conforms to the formal requirements
specification while flexibly responding to interactive adaptation needs.

Initial Instruction Layer: This layer defines the specific business scenario. Its core func-
tions include: defining the domain scope of the generation task (e.g., “Generate the initial
data of the supermarket management system”), declaring the role of the LLM (e.g., “You
are a professional data generation expert”), and constructing the reasoning logic framework
underlying the task (e.g., “Comply with the entity-relationship constraints”). The text of
this layer adopts solidified templates to realize the injection of domain knowledge and to
ensure that the generation target is semantically aligned with the business vision.

Entity Information Layer: This layer defines the data generation target entities and
attributes. Based on the model-driven engineering technology of the EMF meta-model,
it realizes the structured transformation of domain concepts: through the Xtend code
template engine, the tuples <entity name, attribute set, constraint set> are dynamically
filled into the predefined positions to form the domain knowledge descriptions in line with
the business logic.

User Interaction Layer: This layer defines information such as the target number
of data generation. By interacting with users, it collects their personalized requirements,
provides flexible configuration options, and optimizes the generation of hints. Although the
big language model has a strong generalization ability, in specific business scenarios,
users may want to have fine-grained control over the data generation method, such as
specifying the quantity or format of the generated data (e.g., generating 100 pieces of
customer data in YAML format), or needing a specific range of values for certain fields
(e.g., the order amount must be in the range of 100–500), attaching comments, etc. The user
interaction layer provides a flexible configuration option to optimize the generation of
prompt information. The main functions of the user interaction layer include: collection of
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requirement information, customized prompts for feedback, etc. The model is divided into
two parts.

Figure 7. A prompt example for a supermarket system.

Output Format Layer: This layer defines information such as the format of the gener-
ated data. Output fomat information is shown in Figure 6. Through the sample specification
LLM output, the goal is to guide the data generation model to generate data in accordance
with the YAML format.

In the process of prototype data generation, due to the existence of a context length
(token) limit, requests per minute (RPM) limit, and number of tokens processed per minute
(tokens per minute, TPM) limit in the large language models, in order to ensure the
efficiency and quality of the data generation, we divide the prompt templates into two
categories: small-scale prompt templates and large-scale prompt templates, and the specific
design principles are as follows:

• Small-scale prompt templates are used for rapid iteration and early stage validation,
applicable to scenarios where stakeholders provide rapid feedback on core entities.
This category of templates focuses on generating a small number (less than 40 in total)
but diverse entities to fulfill the need for rapid validation and feedback. For example,
in the early stages of requirements analysis, we may ask the model to generate 20 dif-
ferent types of supermarket merchandise entities in order to quickly validate that the
data format and entity attributes meet expectations.

• Large-scale prompt templates are used for batch generation of a specific type of entity.
This type of template is optimized for a specific entity type to improve generation
efficiency and data consistency. For example, in the system testing phase, we may
need to generate 300 supermarket product entities (Item) at one time, in order to
simulate the data scale and business logic in real scenarios.

Figure 8 shows an example of a prompt in the CoCoME system that generates a
large number of single-class entities individually, constructed using large-scale prompt
rules. The large-scale prompt template is similar to the small-scale prompt template,
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but it is generated for a single entity, 40 entities at a time, and post-processed until the
final generated data meet the requirements, at which point it stops. With this template,
the model is able to efficiently generate a large amount of structured data in a single request,
meeting the needs of system validation, data simulation, and other scenarios.

Figure 8. A large-scale prompt example for a supermarket system.

Through the above classification design, we are able to balance the efficiency and
quality of data generation under the premise of meeting the performance constraints of
the model.

3.5. Data Generation

The data generation method is the core module of the framework, which is responsible
for generating specific data content based on the prompt template. The data generation
model is divided into an engine layer and a base layer. The engine layer is the execution
module of data generation, based on the generation capability of the large language model,
combined with the template selection strategy, parallel scheduling strategy, and adaptive
intelligent body strategy to achieve efficient data generation. It mainly includes:

Multi-Agent Strategy: In the process of data generation, there are differences in the
speed and quality requirements for data generation in different application scenarios.
In order to balance the trade-off between fast generation and high-quality generation, this
paper proposes a multi-agent selection strategy, which is able to select single-agent mode
(Single-Agent) or multi-agent workflow collaboration mode (Multi-Agent) according to
the user requirements and business needs to meet the requirements of data generation
in different scenarios. Each agent is responsible for different sub-tasks, such as the data
generation agent, data validator agent, data evaluation agent, and data format output agent.
The single agent is suitable for rapid data generation for initial validation of requirements
or small-scale data filling to ensure that usable data are generated in a short period of time.
The multi-agent is suitable for generating high-quality data by collaborating with multiple
agents to perform data parsing, logical reasoning, and consistency, checking to ensure that
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the data conforms to business constraints and to improve the completeness and accuracy
of the data.

The multi-agent collaboration framework designed in this study adopts a pipelined
workflow architecture, which realizes the prototype data generation and optimization
through the orderly collaboration of four types of intelligent bodies, namely data generation
(Generator Agent), data validation (Validator Agent), data evaluation (Evaluator Agent)
and data format export (Exporter Agent).

The data generation agent generates raw JSON data streams conforming to the domain
semantics based on dynamically constructed cue templates prompting a large language
model (e.g., GPT-4o). The data validation agent performs constraint checking of the
three types of data errors, namely missing data, data duplication, and data exceptions,
on the generated data through the dual validation of set rules and agents, and feeds
back the exception data that violate the business rules to the generation node to trigger
the regeneration process. The data evaluation agent introduces the ISO/IEC 25012 data
quality model, performs multi-dimensional quantitative analysis on the validated dataset
(including 10 indicators such as completeness, accuracy, diversity, etc.), generates structured
evaluation reports (e.g., “Completeness”: 95%, “OutlierRate”: 1.2%), and dynamically
optimizes parameter configurations of prompt templates through feedback loops.

Ultimately, due to the instability of the large language model, the output content
format is often uncontrollable, so we have set up a data format agent to convert high-
quality data into a YAML format that can be loaded by the target system, and realize the
integration with the RM2PT prototyping platform with the help of a control interface,
in which the data exchange format follows the unified JSON Schema specification to ensure
that the type of data for the whole process is safe and traceable.

Prompt Template Selection Strategy: We propose an automatic prompt template
selection strategy. This strategy dynamically selects the appropriate prompt template
based on the number of entities to be generated, specifically: (1) if the number of entities
of a single type exceeds 40, the system automatically switches to the large-scale prompt
template to ensure efficient batch generation; (2) if the total number of diverse entities does
not exceed 40, the system uses the small-scale prompt template, which is designed for
rapid iteration and early-stage validation. This adaptive selection mechanism allows us
to balance between generation efficiency and output quality, depending on the scale and
purpose of the data generation task.

Parallel Scheduling Strategy: In order to improve the generation efficiency (due to API
rate limits imposed by large language model providers—for example, OpenAI’s free tier
allows only three requests per minute) and give full play to the performance of the large
language model, the engine layer supports increasing the throughput of model-generated
data through task splitting and parallelization. Specifically, we utilize data splitting and
multi-threading techniques to generate multiple types of data entities simultaneously,
significantly reducing overall generation time.

The system employs a cyclic multi-threading approach to maximize the utilization of
the large language model’s performance. Multiple threads concurrently submit generation
requests, effectively bypassing rate limitations and improving throughput. After generation,
data collected from various threads undergoes deduplication, merging, and quality assur-
ance processes to ensure the final dataset is accurate, consistent, and of high quality. This
parallel scheduling strategy effectively balances API limitations with generation efficiency,
enabling rapid and scalable data generation suitable for diverse application scenarios.

Foundation Layer: The foundation layer provides underlying support for data genera-
tion, including model management, format matching, tool invocation, etc., to ensure that
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the generated data conforms to the business model, as well as to ensure the stability and
scalability of the generation process, and to support large-scale data generation tasks.

3.6. User Interaction Mechanism

InitialGPT realizes user-oriented closed-loop optimization through the interaction
interface, which is divided into two key phases: pre-generation configuration and post-
generation evaluation. In the pre-generation phase, the system automatically builds an
initial prompt template by parsing the demand model, and the user can intervene in multi-
ple dimensions through the visual interface (as shown in Figure 9), including but not limited
to setting the number of entity instances (e.g., generating 200 Customer objects), defining
attribute constraints (e.g., the OrderDate needs to be in the period of 2020–2023), and select-
ing the generation strategy (either single-intelligence rapid generation or multi-intelligence
precise generation). At the same time, as shown in Figure 10, the system provides prompt
word editing functions to allow users to directly modify the automatic prompt template,
such as adding domain-specific business rules (“VIP customer order amount should be
greater than 500 dollars”). This design transforms the traditional black-box LLM generation
process into a transparent and controllable interactive process, effectively reducing the
cognitive load on users.

Figure 9. User interface.

In the post-generation evaluation phase, the system presents the generation results
through a multi-dimensional visualization interface and supports in-depth interactive
validation. Specifically, the system presents the automatically generated initial data in a
structured form (e.g., YAML tree diagram or relational table, as shown in Figure 11), along
with a quality assessment report based on the ISO/IEC 25012 standard, which contains
10 indicators such as completeness (e.g., entity coverage) and accuracy (e.g., outlier ratio).
The interactive panel allows the user to perform three types of key operations: (1) data
filtering and sorting to quickly locate potential problems; (2) manual correction of outlier
data values; and (3) overall acceptance/rejection decisions, which can be regenerated when
rejection is selected.
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Figure 10. Prompt for dynamic generation.

Figure 11. Table view of generated data.

3.7. Automatic Data Evaluation

Data evaluation aims to help users quickly measure the validity of the prototype data
through a series of automated data quality assessment methods and make adjustments to
the prompt words, generation logic, or the data based on the assessment results, in order
to achieve closed-loop optimization. The method undertakes the important tasks of data
quality assessment, automated feedback adjustment, and secondary data generation in the
data generation framework.

Quality Evaluation: After data generation, automatic quantitative evaluation of the
generated data is performed based on predefined evaluation metrics. In the absence of
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actual data in the prototype data generation stage, there are currently no effective data
quality evaluation metrics applicable to software prototype system requirement validation
in the industry. Based on this status condition, this paper proposes the data quality
evaluation metrics for software prototype requirements validation. This metric is intended
to fill the gap in the existing evaluation system and provide a set of systematic evaluation
criteria for the data quality of software prototypes, so as to support a more accurate and
reliable requirement validation process.

The evaluation metrics are based on the international standard ISO/IEC 25012:2008
“Soft-ware engineering—Software product Quality Requirements and Evaluation (SQuaRE)—
Data quality model” (https://iso25000.com/index.php/en/iso-25000-standards/iso-25012,
accessed on accessed on 22 July 2025), these standards are a series of specifications and
standards developed to ensure the quality of software engineering and to improve the
efficiency and reliability of development. Part 12 of the model focuses on the quality of
data as a component of a computer system and defines 15 quality characteristics of target
data used by people and systems. The methodology introduces these quality characteristics
and proposes data quality evaluation metrics applicable to software prototype systems
oriented to requirements validation, which is based on the 15 data quality characteristics,
and constructs a prototype data quality evaluation framework containing 10 evaluation di-
mensions and the corresponding 15 evaluation metrics. As shown in Table 1, the prototype
data quality evaluation framework contains evaluation dimensions, evaluation indicators,
hierarchical categorization, evaluation indicator weights, and indicator meanings.

Table 1. The complexity of requirements models.

Case Study Actor Use Case SO PO Entity Class Association INV

ATM 2 6 16 118 2 2 3
CoCoME 3 16 43 326 13 20 10
ERPSystem 2 8 34 204 8 7 5
Examxx 4 8 21 153 7 9 3
JForum2 3 10 46 282 6 6 0
JPetStore 2 6 19 130 6 5 2
LibraryMS 7 19 45 535 11 17 25
LoanPS 5 10 35 206 8 8 12
SpringBlog 3 7 23 145 5 6 0
ZBlog 1 9 43 183 9 12 0

Sum 32 99 325 2282 75 92 60

The data quality evaluation framework proposed in this study divides the evaluation
metrics system into two categories: numerical evaluation metrics (discrete quantization)
and continuity evaluation metrics (semantic validation), which cover a total of 15 spe-
cific metrics.

The numerical indicators (nine items) include number of entities coverage, missing
entity attributes, outlier rate, format consistency, units consistency, diversity, continuity,
units consistency. scale size, duplication, and timeliness rate. The overall quality of the
initial data generation is evaluated across ten inter-locking dimensions whose combined
weights total 100%. Completeness, weighted at 15% overall, first verifies that every
conceivable scenario is covered by ensuring the dataset contains a sufficient number
of entities such as items, categories, suppliers and shoppers (10%), and second checks
that no indispensable attributes—item name, price, stock quantity, etc.—are left empty,
quantifying the exact percentage of missing values (5%). Accuracy, contributing 9%,
measures realism by detecting illogical numeric outliers in fields like price and weight (7%)
and by judging whether the entire body of data is truthful enough to mirror a real-world

https://iso25000.com/index.php/en/iso-25000-standards/iso-25012


Electronics 2025, 14, 3497 17 of 31

case (2%). Consistency, worth 10%, enforces uniform representation of the same entity
wherever it appears across tables or systems (6%), insists on a single, coherent format for
all date-time stamps (2%), and guarantees that currencies, units of measure and sizes are
standardized throughout (2%). Relevancy accounts for 10% and focuses on the correctness
of the relationships that bind different entities—such as the link between a product and its
supplier—through a relationship-accuracy rate. Diversity, also 10%, ensures the dataset
spans a broad spectrum of merchandise categories, supplier profiles and shopper types
so that downstream prototypes can confront varied scenarios. Scalability contributes 8%:
5% assesses whether the total dataset volume is large enough to emulate realistic scale,
while 3% penalizes excessive duplication or clutter of non-essential records. Expandability,
weighted at 5%, evaluates how readily the data schema can accommodate future additions
or modifications. Usability (5%) gauges how easily analysts can query, read and interpret
the data. Timeliness (5%) measures the freshness of the data by comparing the last update
timestamp to the current date. Finally, Security (5%) inspects the dataset for any leakage
of sensitive information such as private customer details and verifies that appropriate
encryption or desensitization measures are in place.

These metrics are calculated in real time by an automatic statistical algorithm with the
following core formula:

Number of Entity Coverage:

EC =
Ngen_entities

Nreq_entities
× 100%

If the demand model defines 13 entity classes and generates 12 classes, then
EC = 92.3%.

Missing Entity Attributes:

MAR =
∑n

i=1 δi

α
× 100%

In notation, δi represents the number of attributes that are absent (i.e., explicitly
marked as missing) for the i-th entity instance, where α denotes the aggregate count of all
attribute values present across the entire collection of entity instances. This formulation
makes MAR invariant to the mixture of entity types and clearly quantifies the proportion
of missing mandatory information.

Format Consistency (FC):

FC =
Ncompliant formats

Ntotal fields
× 100%

The rest of the numerical metrics are calculated in real time by python (3.11.9) scripts
integrated with the Pandas library.

Continuity metrics (six items) include truthfulness, entity consistency, relationship
accuracy rate, expansion rate, queryability rate, and leakage rate. These metrics rely on
manual expert/LLM validation mechanisms.

Truthfulness (TR):

TR =
Nreasonable instances

Ntotal instances
× 100%

This metric assesses the proportion of data that conform to domain common sense
(e.g., whether the unit price of goods is in the reasonable range).

Entity Consistency (ENC):

ENC = 1 −
NConflicting References

NTotal References
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This metric assesses the consistency of cross-system identifiers (e.g., whether OrderID
matches in the order and logistics systems).

Relationship Accuracy Rate (RA):

RA =
Ncompliant relationships

Ntotal relationships
× 100%

This metric assesses the accuracy of relationships (e.g., verifying the rule that “each
department must have at least five employees”).

Similar processes are used for expansion rate, queryability rate, and leakage rate.
Feedback Mechanism: According to the assessment results, users can clearly under-

stand the current data quality and determine whether the secondary generation is needed,
which can automatically adjust the parameters of the prompt generation and data gener-
ation model to achieve continuous optimization of data generation. The role of the data
evaluation is not only to detect the data quality, but more importantly, to introduce an opti-
mization mechanism in the data generation process, and to adjust the prompts generated
by the large language model by interacting with the user, so as to make the output more in
line with the business requirements, thus enhancing the intelligence level of data-driven
requirement validation.

3.8. Data Post-Processing Tools

Due to the unstable characteristics of large language models, problems such as irregu-
lar format, non-compliance with business constraints, missing fields, etc. may occur in the
generated data, so automated data validation and repair mechanisms are needed. In this
paper, we design a format conversion tool and a data repair tool.

Format Conversion Tool: The tool is responsible for converting the generated data
into the format required by the target system (e.g., YAML format, etc.), which can be easily
and clearly read and modified. Through flexible conversion rules, the format conversion
tool can meet the needs of different application scenarios.

Data Validation and Repair Tool: The generated data may have errors due to model
limitations or instability, such as missing data values, data anomalies, data duplication,
etc. The data validation and repair tool automatically detects and repairs errors in the data
through predefined rules to ensure data accuracy and consistency.

4. Results
In order to validate the effectiveness of the methodology, a series of experiments have

been designed with the aim of evaluating the efficiency of the methodology in prototype
data generation, the quality of the data, and the impact on the requirements validation
process. The experiments and tool demos have been posted on the webpage (https://lemon-
521.github.io/InitialGPTwebsite/initialgpt.html, accessed on 22 July 2025). The dataset can
be downloaded here (https://ai4se.com/casestudy, accessed on 22 July 2025).

4.1. Research Questions

To assess whether InitialGPT effectively addresses the difficulties of the above chal-
lenges, the following research questions are posed in this section to evaluate the capabilities
and usability of the model.

RQ1: How effective is the InitialGPT approach proposed in this paper compared
to the baseline of manually written data for requirements validation in traditional
software prototypes?

For RQ1, by introducing four real-world software prototyping system cases [4–7,9],
the time efficiency of using InitialGPT was experimented against the current baseline

https://lemon-521.github.io/InitialGPTwebsite/initialgpt.html
https://lemon-521.github.io/InitialGPTwebsite/initialgpt.html
https://ai4se.com/casestudy
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approach. Time efficiency is a commonly recognized key metric in requirements validation
evaluations [14].

RQ2: What is the quality of the prototype data generated by InitialGPT? For RQ2, we
invited 10 testers to manually evaluate the quality of the generated initial data based on
the evaluation metrics proposed in this paper.

RQ3: How effective is the prompt generation in this paper compared to ordinary
prompts? This paper evaluated the effectiveness of the method by comparing the quality
of the generated data for InitialGPT cue words with ordinary cue words.

RQ4: How effective is the multi-intelligent-agent workflow in the InitialGPT method
proposed in this paper compared to the single-intelligent-agent baseline? For RQ4, this
paper evaluated this by comparing the performance of multi-agent and single agent in
terms of the quality of data generated for the prototype case.

RQ5: How does the InitialGPT method proposed in this paper compare with other
data generation methods? This paper selected representative data generation methods
and uses Wasserstein distance, Jensen–Shannon divergence (JSD), Pearson correlation,
and Cramér’s V to assess the quality of data generation.

4.2. Case Studies

This section validates the effectiveness and capability of the InitialGPT approach
through ten case studies. These case studies, which have been presented at ICSE 2019 [7]
and ICSE 2022~2024 [9,46,47], cover systems that are widely used in various domains of
daily life, including:

Supermarket System (CoCoME): A business scenario involving a supermarket cashier
handling sales operations and a supermarket manager managing merchandise inventory.
Library Management System (LibMS): A case study belonging to the education sector,
mainly involving the borrowing and returning of books by students. Automated Teller
Machine (ATM): A typical case study in the financial sector involving customer with-
drawals and bookkeeping. Loan Processing System (LoanPS): Contains use cases for loan
application submission, appraisal, new loan booking, and payment; blog systems (Spring-
blog, Zb-blog), forum platforms (JForum2), e-commerce applications (JPetStore), online
examination systems (Examxx), and ERPSystem are among the various software types.

The ten case studies are broadly representative, cover a wide range of industry sectors,
and demonstrate the application of different requirements modeling and prototyping
approaches. The complexity of the cases is measured based on factors such as the number
of participants in the requirements model, use cases, system operations, entity classes,
and their associative relationships. Table 1 shows the requirements complexity statistics
for the four cases, which together contain 32 participants, 325 system operations, 99 use
cases, 75 entities, and 92 entity class associations. SO and PO are the abbreviations of
system and primitive operations, respectively. INV is the abbreviation of invariant. See
our GitHub repository for the full case library and requirements modeling details (https:
//github.com/maple-fans/CaseStudies, accessed on 22 July 2025).

4.3. Experimental Setup

The experiment adopts a combination of quantitative and qualitative evaluation
methods, and the experimental environment is as follows: Intel Core i5 2.8 GHz pro-
cessor, DDR3 16 GB RAM, and JDK11 environment (JDK11 has been integrated into
RM2PT). RM2PT [4,5,7] is the advanced prototyping method, which can quickly gen-
erate a prototype system through the requirement model and improve the efficiency of
requirement confirmation.

https://github.com/maple-fans/CaseStudies
https://github.com/maple-fans/CaseStudies
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RQ1: In order to evaluate the effectiveness of InitialGPT, this study invited 10 software
engineers to participate in the experiment: 6 of them are master’s degree students majoring
in software engineering, and the other 4 are from Internet companies with 3 years of
software development experience.

Before the start of the experiment, the subjects received a training session, which
included the basics of requirements identification using CASE tools. We familiarized the
participants with the construction of requirements models and the process of requirements
identification using RM2PT, as well as the basic information of each case study. After the
training, the participants were randomly divided into two groups for controlled experi-
ments: manual preparation of prototype data for requirements validation, and automatic
generation of prototype data for requirements validation using InitialGPT. In addition, this
study also explored the effect of the amount of initial data on the efficiency of requirements
validation, and the experiments were set up to compare and analyze 25, 100, and 300 pieces
of initial data, respectively.

RQ2: Since the prototype data generated by the model is mainly used for requirements
validation, its data generation method is different from that of software testing data.
Therefore, a user study with 15 subjects was conducted to evaluate the quality of initial
data generated by InitialGPT.

Ten of the subjects were master’s degree holders in software engineering, and the
other five were software engineers. First, this paper conducts experimental design based on
the prototype data quality assessment metrics shown in Table 2. All the subjects experience
the practical application of manually written prototype data and InitialGPT generated data
in the requirement identification process. Subjects need to independently assess the quality
of data, including the manually written prototype data and the InitialGPT-generated data.

In this paper, we first conducted systematic research on the current mainstream large
language models and screened out GPT-4.5, GPT-4o, O1-preview and O3-mini, GPT-4, GPT-
3.5-turbo, and Gemini-2.0-flash after comprehensively considering the performance of the
models, the wide range of applications, and the degree of recognition. Claude-3-5-sonnet
and Deepseek-r1 models were used as experimental subjects, and manually written data
were used as benchmarks for comparative analysis.

Table 2. The time taken to complete the task.

Case Study
Manual InitialGPT

25 100 300 25 100 300

ATM 6.30 24.25 71.01 0.45 3.57 10.47
CoCoME 5.47 33.75 87.58 0.42 1.88 22.50
LibMS 9.15 28.90 81.56 2.18 3.30 14.96
LoanPS 8.96 30.56 83.62 1.73 3.09 11.50
ERPSystem 6.01 23.48 65.73 0.83 2.01 10.21
Examxx 5.82 22.32 61.95 0.62 1.52 7.71
JForum2 7.25 28.56 79.14 1.14 2.82 14.14
JPetStore 4.67 17.95 50.11 0.53 1.30 6.60
SpringBlog 5.11 19.83 55.27 0.59 1.44 7.30
ZBlog 5.26 20.71 58.12 0.74 1.81 9.19

Average 6.40 25.03 69.41 0.92 2.27 11.46

The evaluation was conducted using the 5-Likert [48] evaluation for user research,
in which the scoring criteria include: strongly agree (5 points), agree (4 points), neutral
(3 points), disagree (2 points), and strongly disagree (1 point). In addition, to ensure the
credibility of the experimental results, subjects were required to submit the evaluation
results within 2 h. To ensure the accuracy of the experiment, the assessment results of three
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independent experiments were counted in this study [49]. Each experiment was evaluated
separately for the data generated by each model of manual writing and InitialGPT, and the
average score of the three experiments was finally calculated as the final analysis result.

RQ3: The experiment aims to evaluate the difference in data generation quality
between InitialGPT prompt (specially designed cue generation model) and ordinary
prompt (directly written basic prompt) to measure the advantages of InitialGPT in
prompt optimization.

The experimental object is the CoCoME supermarket system software case dataset, the
requirements are confirmed by using ordinary prompt words and InitialGPT prompt words,
and GPT-4 is adopted as the data generation model. The experiment is divided into two
groups: the first group uses ordinary prompt words and directly inputs GPT-4 for data
generation; the second group uses the prompt word template generated by InitialGPT and
prompts GPT-4 to generate data. During the experiment, all generated data were based
on the same demand model to ensure comparability. Ten subjects (six master’s degree
students and four software engineers) were invited to the study and independently scored
using a five-point Likert scale, and the average quality scores of the data in the two groups
were calculated to verify whether the prompt word templates could significantly improve
the quality of the data generated through statistical analysis.

RQ4: This experiment compares the performance of the multi-agent workflow with
the single-agent model in terms of data generation quality in order to assess the advantages
of multi-agent workflow in data generation. The experiment, also based on the above
case study, used GPT-4 as the data generation model and used the single agent and
the multi-agent collaborative model for data generation, respectively. The single-agent
mode is used by GPT-4 to complete all the data generation tasks independently, while the
multi-agent mode is used by multiple agent to collaborate, including the data generation
agent, data validation and cleaning agents, and data format output agent. The results
of the experiments were independently evaluated several times and averaged to verify
whether the multi-agent workflow outperforms the single-agent body in terms of data
generation quality.

The total number of participants in the experiment was 35. The student group (15)
consisted of 10 master’s degree students in computer science (all with 2–3 years of expe-
rience in software development) and 5 undergraduate students in computer science (all
having completed at least two software engineering courses and 1 year of development
experience). The average age was 24.1 years (Standard Deviation = 1.8).

The professional group (20) were all working software engineers, recruited through
an industry collaboration platform. The inclusion criteria were: at least 3 years of soft-
ware development experience, more than 1 year of which had to involve a field directly
related to the evaluation task (e.g., machine learning system development, API design,
etc.). The average length of experience was 5.2 years, and the age range was 26–45 years
(mean = 32.4, standard deviation = 4.3). All participants volunteered to participate in the
experiment and signed an informed consent form. Familiarity with the assessment task was
confirmed by a questionnaire prior to the experiment (all participants indicated “familiar”
or “very familiar”).

RQ5: In this experiment, various types of representative data generation methods were
selected, including data generation based on random selection methods (random selection
generation, RSG), data generation based on statistical distributions (statistical distribution
generation, SDG), and data generation methods based on deep learning (conditional tabular
generative adversarial network, CTGAN), to be compared with the InitialGPT method
for comparison.
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The dataset is adopted from publicly available datasets covering various fields such
as business, finance, and healthcare, including a supermarket sales dataset, loan approval
dataset, adult census dataset, and medical cost personal dataset, which are widely used for
scientific research and data analysis.

For generic datasets that lack formal requirement models (e.g., UCI adult income
dataset), in order to evaluate the performance of InitialGPT on real datasets, this paper
first reverse parses its metadata structure, extracts entity-attribute mapping relationships,
and constructs a domain information format similar to the one extracted from the formal
requirement model. Subsequently, it is injected into InitialGPT prompt templates to drive
the large language model to generate data streams conforming to the domain characteristics.
The generated results are evaluated against ISO quality standards together with the baseline
method to ensure that the comparison experiments are conducted under a unified quality
framework. The method solves the method adaptation problem under the scenario of
missing formal requirements and provides theoretical feasibility proof for cross-domain
data generation.

For data evaluation metrics, this paper uses four evaluation metrics, Wasserstein
distance, Jensen–Shannon divergence (JSD), Pearson correlation, and Cramér’s V, to evalu-
ate the quality of data generation. Wasserstein distance and Jensen–Shannon divergence
are mainly used to assess the distribution similarity, which is categorized into continu-
ous and discrete distributions. Pearson correlation and Cramér’s V are used to assess
the data feature correlation, which is mainly categorized into numerical and categorical
data evaluation.

Wasserstein distance is a metric that measures the difference between two probability
distributions. It is based on the theory of optimal transmission and calculates the minimum
amount of “work” required to “move” one distribution to another, and is used to assess the
similarity of continuously distributed numerical data between the generated data and the
real data. The equation is defined as follows:

W(p, q) = inf
γ∈Π(p,q)

∫
Rd×Rd

∥x − y∥ dγ(x, y) (1)

where p and q are the two probability distributions, Π(p, q) is the set of all joint distributions
whose marginals are p and q, and γ is a joint distribution that describes how the mass in p
is transported to q. The distance ∥x − y∥ represents the cost of moving a unit mass from x
to y. The Wasserstein distance is the minimum total cost of transporting the mass from p to
q over all possible joint distributions γ.

Jensen–Shannon divergence (JSD) scatter is a symmetric, non-negative measure of the
similarity of categories of data in discrete distributions in the generated data. The JSD is
defined as follows:

JSD(p, q) =
1
2

DKL(p ∥ m) +
1
2

DKL(q ∥ m), (2)

where m = 1
2 (p + q) is the average distribution of p and q, and DKL(p ∥ q) is the Kullback–

Leibler divergence, given by

DKL(p ∥ q) = ∑
x

p(x) log
p(x)
q(x)

. (3)

The JSD has several desirable properties for our evaluation purposes. It is symmetric,
meaning that JSD(p, q) = JSD(q, p), and it is bounded between 0 and log 2. The value of
JSD is zero if and only if the two distributions are identical. This makes JSD a suitable
metric for assessing the quality of generated data in comparison to real data.
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Pearson’s correlation coefficient (PCC) is used to measure the linear correlation be-
tween two variables and is used to evaluate the generation of continuous numerical patterns.
For two random variables X and Y, the Pearson correlation coefficient is defined as follows:

To quantify the linear relationship between two continuous variables, we employ
Pearson’s correlation coefficient (PCC), denoted as P, which is a widely used statistical
measure of the linear dependence between two variables. PCC provides a value between
−1 and 1, where 1 indicates a perfect positive linear relationship, −1 indicates a perfect
negative linear relationship, and 0 indicates no linear relationship. The PCC is defined
as follows:

r = ∑n
i=1(xi − x̄)(yi − ȳ)√

∑n
i=1(xi − x̄)2

√
∑n

i=1(yi − ȳ)2
, (4)

where xi and yi are the individual sample points indexed with i, and x̄ and ȳ are the sample
means of X and Y, respectively. The numerator represents the covariance between X and
Y, while the denominator is the product of the standard deviations of X and Y.

Cramér’s V is a statistic based on the chi-square test used to measure the strength of
association between two categorical variables for category type variables. Cramér’s V is
particularly useful for analyzing contingency tables and provides a value between 0 and 1,
where higher values indicate stronger associations. Cramér’s V is defined as follows:

V =

√
χ2

n · min(k − 1, r − 1)
, (5)

where χ2 is the chi-square statistic, n is the total sample size, k is the number of columns,
and r is the number of rows in the contingency table. The term min(k − 1, r − 1) is used to
normalize the statistic, ensuring that the value of V lies within the interval [0, 1].

In this study, we applied four different data generation methods to implement data
generation operations on four specific datasets. Subsequently, the quality of the generated
data is systematically compared and analyzed with that of the real data based on the four
preset assessment indicators, aiming to comprehensively assess the effectiveness of the
data generation methods and the reliability of the generated data.

4.4. Experimental Results

Experiment 1: It mainly consists of statistics on the time consumed by the two methods
of requirements validation. According to the data in Table 2, when developers manually
write data for 100 initial entities, the average time consumed is 25.03 min; while using
InitialGPT to automatically generate data, it only takes 2.27 min, and with the increase in the
number of initial data entities, the time gap between the two methods will be more obvious.

The “Manual” column shows the time taken to manually write the corresponding
amount of initial data, while the “InitialGPT” column records the time taken to generate
the data using InitialGPT (both in minutes).

By calculating the comparisons, Table 3 shows the time efficiency improvement
brought about by utilizing InitialGPT for requirements validation. The results show that the
InitialGPT approach can improve the efficiency of requirements validation by an average
of 7.02 times compared to the traditional manual initial prototyping approach.
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Table 3. The improvement efficiency of requirement validation.

Task 25 100 300 Average

Manual 6.40 25.03 69.41
InitialGPT 0.92 2.27 11.46

Improvement 5.96 times 10.03 times 5.06 times 7.02 times
Improvement = (Manual − InitialGPT)/InitialGPT.

Experiment 2: As shown in Table 4, this paper counts the results of three manual as-
sessments of the quality of prototype data generated by each model. From the experimental
data, the average data quality score of manually written data is 4.42, which is the best
performance among all test subjects. The average data quality score of GPT-4-generated
data is 4.33, which is the closest performance to the manual level, followed by GPT-4.5 with
an average score of 4.30, which is also more outstanding. The average data quality score of
Gemini-2.0-flash and o1- preview are at a medium level. Gpt-3.5-turbo has an average score
of 4.02, which is an average performance. In summary, the comparative analysis reveals
that GPT-4 and GPT-4.5 are more outstanding in terms of the quality of automatically
generated prototype data, which are closest to the quality level of manually written data
and have better practical value. In this experiment, despite the technical upgrades and
optimizations of high-end models such as GPT-4.5, Deepseek-r1, O1-preview, and O3-mini,
GPT-4 still outperformed these models in terms of data generation quality. This result
may be attributed to a number of factors. First, it may be related to the complexity of
the inference models.The O1-preview and O3-mini models may have over-complicated
the inference process, leading to over-inference on specific tasks, which affected the data
quality. In addition, the new versions of the models may not be as well adapted as expected
on specific tasks, despite their optimization in other areas. This lack of fitness may lead to a
decrease in the quality of the generated data, reflecting the delicate balance between model
complexity and task matching.

Table 4. Quality evaluation of prototype data generation.

Task First Second Third Average

Manual 4.05 4.68 4.53 4.42
GPT-4 4.2 4.43 4.35 4.33
GPT-4.5 4.4 4.15 4.35 4.30
o1-preview 3.85 4.35 4.25 4.15
Gemini-2.0-flash 4.45 3.74 4.10 4.10
GPT-3.5-turbo 4.43 3.9 3.74 4.02
Deepseek-r1 4.17 3.92 3.85 3.98
GPT-4o 3.85 4.00 3.95 3.93
o3-mini 3.86 3.9 4.0 3.92
Claude-3-5-sonnet 3.75 3.85 3.68 3.76

Experiment 3: In Experiment 3, we compared the effect of an unadjusted ordinary
prompt with the InitialGPT prompt. The results, as shown in Table 5, show that the prompt
of the InitialGPT method significantly improve the data quality by 12.18%, which indicates
that the method has high adaptability and reliability in prompt generation.
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Table 5. Quality of data generated from different prompts.

Task First Second Third Average

Ordinary Prompt 3.87 4.05 3.67 3.86
InitialGPT Prompt 4.2 4.43 4.35 4.33

Improvement 8.53% 9.38% 18.53% 12.18%

Experiment 4: Table 6 shows the results of Experiment 4, where “Single” denotes
single-agent and “Multi” denotes multi-agent. The results show that the multi-intelligence
workflow significantly outperforms the single-intelligence mode in terms of data generation
quality, with an average improvement of 12.38%.

In several evaluations, the multi-agent performs well, especially in complex tasks,
and its advantage is more obvious, indicating that multi-agent collaboration can effectively
improve the quality of data generation. However, in the experimental process, the genera-
tion efficiency of multi-agent is not as good as that of a single agent, and more time and
resources are needed to coordinate the collaboration of different agents, which suggests
that multi-agent collaboration has high application value when pursuing high-quality data
generation but needs to be weighed against the efficiency.

Table 6. Comparison of data generation model agent.

Task Exp 1 Exp 2 Exp 3 Exp 4 Exp 5 Average

Single 3.89 4.15 4.18 3.96 4.03 4.04
Multi 4.65 4.42 4.72 4.34 4.56 4.54

Improvement 19.54% 6.51% 12.92% 9.59% 13.15% 12.38%

Experiment 5: Table 7 shows the results of Experiment 5. In this comparison exper-
iment, the InitialGPT method demonstrated its significant advantages in the similarity
assessment between generated and real data, especially in the distributional similarity and
variable correlation between generated and real data. The experimental results show that
the Jensen–Shannon divergence (JSD) value of InitialGPT is only 0.001, which is much
lower than that of other methods, indicating that its generated data are highly consistent
with the real data in terms of distribution. In addition, the Cramér’s V value of InitialGPT
is 0.277, which is higher than that of other methods, indicating that the data it generates are
not only similar in distribution, but also better able to reflect the characteristics of the real
data in terms of the relationships between variables. This ability is particularly important
in tasks that require preserving the internal structure and relationships of the data, and thus
InitialGPT has a significant advantage in generating high-quality synthetic data that can
provide more representative and usable data for a variety of application scenarios.

InitialGPT’s performance in terms of Pearson correlation coefficients is relatively weak,
with a value of 0.174, which is lower than that of the other methods. PCCs are used to
measure the linear correlation between two variables, and low PCCs values indicate that
InitialGPT-generated data may not fully reproduce the real data with respect to some of
the linear relationships. The low PC value indicates that the data generated by InitialGPT
may not fully reproduce the characteristics of the real data in some linear relationships.
This shortcoming may stem from the fact that InitialGPT focuses more on the overall
distribution and complex relationships between variables at the expense of the accuracy
of some linear correlations. However, this shortcoming may not be significant in practical
applications, especially in scenarios where more attention is paid to data distribution and
non-linear relationships. Therefore, this limitation of InitialGPT does not detract from its
overall advantage in generating high-quality synthetic data.
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Table 7. Comparison of data generation.

Task RSG SDG CTGAN InitialGPT

Wasserstein Distance 3.85 4.15 3.78 3.96
JSD 0.121 0.002 0.012 0.001
PCCs 0.480 0.472 0.485 0.174
Cramér’s V 0.047 0.094 0.218 0.277

Statistical Analysis: This study validated the comparability of the LLM-based data
generation method with manually prepared data in terms of quality assessment through
systematic analysis. As shown in Table 8, intra-group correlation coefficient analysis
revealed some subjective differences among raters (ICC(1) = 0.340), but the key model
comparison revealed that the quality ratings of the proposed LLM-generated method
(GPT-4.5) were highly similar to those of manually-written data (Manual) (4.30 vs. 4.42,
with a difference of <3%). The standard deviation analysis of each model further revealed
that the LLM generation method (GPT-4.5: SD = 0.132) had a similar pattern of rater
variability to the manually written data (Manual: SD = 0.329), suggesting that the two were
comparable in terms of perceived quality.

The analysis of variance (ANOVA) results (F(9,20) = 0.014, p = 0.986) confirmed that
there were no statistically significant differences between all models, which supported
the hypothesis of equivalence between LLM-generated and manually written data in
terms of quality assessment. Notably, the proposed LLM method (GPT-4.5) outperformed
the manual data (SD = 0.329) in terms of rater agreement (SD = 0.132), suggesting more
stability in quality evaluation. Although the highest mean score (4.42) was obtained for the
manually prepared data, its small difference (∆ = 0.12) with the LLM method (GPT-4.5:4.30)
did not reach the level of statistical significance (p > 0.05), which verified the validity of the
LLM-generated method for approaching the manual level of quality dimensions.

Table 8. Comparison of LLM-generated and manual data quality.

Metric Manual GPT-4.5 ∆ Statistical Significance

Mean Score 4.42 4.30 −0.12 p = 0.317
Rater SD 0.329 0.132 −0.197 –
Score Range 4.05–4.68 4.15–4.40 – –
Gap to Optimal 0.00 0.12 – p > 0.05

Independent t-test (t = 1.08, d f = 4, p = 0.317). SD: standard deviation.

5. Discussion and Limitations
5.1. Discussion

Generality: The InitialGPT method proposed in this paper can automatically generate
initial data for software prototypes through the requirement model, but InitialGPT is not
limited to this. It can also be used to assist in manual requirements identification based on
other domain knowledge, and the InitialGPT method can generate corresponding prototype
data for the corresponding domain information, which is advantageous to enhance its
generality in the software development process. The InitialGPT method can generate the
corresponding prototype data for it as long as the corresponding domain information is
given, which is favorable to improve its generality in the software development process.

InitialGPT vs. Traditional Manual: The evaluation results show that the data generated
by InitialGPT exhibit comparable competitiveness to manual data, although its performance
is slightly lower than that of well-constructed manual data. However, considering the
high cost of manual methods in terms of time and labor costs of hiring domain experts,
InitialGPT offers an efficient and economical alternative. Therefore, this study, on the
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one hand, aims to continuously improve the reasonableness of InitialGPT data based on
the data quality model, and on the other hand, asserts that InitialGPT is not intended
to completely replace manual conceptualization of input data, but rather to serve as an
auxiliary user interaction tool. To this end, a series of user interaction and feedback
mechanisms are designed to explore the effective combination of InitialGPT generation and
manual feedback, so as to optimize the efficiency and quality of requirements identification
in the software prototyping process.

5.2. Threats to Validity

Internal Threats: When assessing the validity of this work, internal threats mainly stem
from the fact that the assessment results may be influenced by subjective judgment. Since
there is no unified data assessment index in the field of requirements identification, to ad-
dress this challenge, this paper constructs a software prototype data assessment benchmark
for requirements identification based on the international standard ISO/IEC 25012:2008,
but the assessment results of data quality may still be biased due to the subjectivity of
the user’s research. This manual assessment process inevitably has errors. It is worth
noting, however, that any assessment effort that relies on manual judgment faces similar
challenges. To minimize this threat, this study took a twofold approach: first, the source of
manual data versus InitialGPT-generated data was hidden from the assessment process,
and objective evaluation of data quality was ensured through multiple assessments; and
second, a checking team was established to ensure agreement between the different scenar-
ios. Future research will further explore automated assessment methods to improve the
accuracy of demand confirmation.

External Challenges and Coping Strategies: The main external constraints faced by
the study stem from the closed-source property of the large language model. Although Ini-
tialGPT adopts a multi-model fusion strategy, some of its components (e.g., the GPT family
of models) are still non-open-source architectures. However, the generation strategy op-
timization scheme proposed in this study is specifically designed for the characteristics
of large language models, and introduces the current mainstream multi-agent workflow
architecture in the evaluation system, and the prompt generation and data preprocessing
process of this scheme show strong universality, with strong migration capability, and can
be adapted to other language models deployed locally. In this study, when the data genera-
tion framework of InitialGPT is ported to different local models such as Llama2-13B, etc., it
can maintain stable performance output without large-scale adjustments, which further
validates the versatility of the approach. Future research will further enhance the quality of
data generation through domain knowledge base and knowledge graph.

5.3. Method Portability and Future Work

We conducted preliminary experiments, firstly, by counting the average values of all
model generation performances in Table 4, and secondly, by conducting three experiments
on the local open-source model LLaMA2-13B. The results of the experiments are shown in
Table 9, which show that when we migrate the InitialGPT framework to a locally deployed
open-source model (e.g., LLaMA2-13B), the system still maintains a small difference in the
high-performance model’s data generation performance without significant adjustments to
the prompting structure or process. This further validates the portability of our approach.

However, it must be pointed out that the performance of the closed-source model
and open-source model in data generation task has not been systematically compared yet.
Therefore, in future work, we plan to carry out comparative experiments for different open-
source and local models under the unified evaluation framework, and perform quantitative
analyses from multiple dimensions such as generation quality, efficiency, and stability.
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In addition, we will further explore the introduction of domain knowledge base and
knowledge map to improve the semantic consistency and business relevance of generated
data. This not only helps to make up for the deficiency of the open-source model in domain
understanding, but also provides a possible path for building higher-quality prototype
system data.

Table 9. Quality evaluation of prototype data generation.

Task First Second Third Average

Models - - - 4.05
LLaMA2-13B 3.83 3.62 3.71 3.72

Models Indicates the average performance of the model.

To summarize, InitialGPT has good versatility and migration ability in method design
and can adapt to various large language model environments including open-source
models. In the future, we will continue to promote the research on model adaptation
and performance comparison, and further enhance the practicability and scalability of
the method.

5.4. Limitations of InitialGPT in Unstructured Requirements Scenarios

InitialGPT faces the following main limitations in handling unstructured requirements:
(1) Ambiguity and inconsistency in unstructured input: InitialGPT relies on struc-

tured or semi-structured prompts to generate prototype data. When processing highly
ambiguous, inconsistent, or incomplete unstructured requirements (such as free-form user
stories, informal notes, or vague stakeholder descriptions), the model may struggle to
accurately interpret their semantics, resulting in low-quality or irrelevant data. (2) Lack
of domain context: Unstructured requirements often lack explicit domain knowledge or
context. Without sufficient background information, data generated by InitialGPT may be
syntactically correct but semantically inconsistent with actual business logic or domain
constraints. (3) Dependence on prompt quality: The effectiveness of InitialGPT highly
depends on the clarity and completeness of the input prompts. In unstructured scenarios,
designing effective prompts becomes more challenging and may require additional prepro-
cessing or human intervention. (4) Human involvement required: To mitigate the above
issues, unstructured requirements typically require human involvement for clarification,
refinement, or verification, which may reduce the level of automation that InitialGPT aims
to achieve.

We believe that acknowledging these limitations helps to better understand the appli-
cability and limitations of our approach. Although InitialGPT has certain limitations when
handling unstructured requests, we are also exploring a strategy that combines reverse
extraction and template filling. Specifically, the system can first identify key entities (e.g.,
products, users, orders) and their attributes (e.g., price, inventory, status) from unstructured
text, then automatically fill this information into predefined data generation templates.
In this way, even when input requirements are unclear or expressed in an unstructured
manner, the system can still effectively generate structured prototype data that aligns with
business logic. In future work, to systematically address unstructured requirements, we
plan to integrate advanced NLP techniques, including named entity recognition (NER)
and relation extraction (RE) models, to automate the identification of key entities and
their relationships. Additionally, we will design a semi-automatic template mapping
mechanism that combines initial automated extraction with user calibration. This iterative
approach will allow for progressive refinement of the system’s accuracy and adaptability
in processing unstructured inputs.
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6. Conclusions
With the rapid development of information technology, the requirements of software

systems are becoming increasingly complex and variable, which makes requirements vali-
dation more and more important in the software development process. The development
of model-driven development and artificial intelligence technology has brought new op-
portunities for software engineering. This study proposes InitialGPT, a prototype data
generation method for requirements validation, to overcome the bottleneck in the tradi-
tional prototype data generation process. The method reduces manual intervention by
automating the generation of requirements-compliant prototype data. Experimental results
show that InitialGPT is able to improve the efficiency of requirements identification by
7.02 times compared with the traditional method, while the quality of the generated data
(4.33) is close to the level of manually authored data (4.42), which proves the advantages of
InitialGPT in improving the efficiency and accuracy of requirements identification in the
field of software engineering.

More methods (e.g., domain knowledge graph combination, multimodal data fusion)
will be further explored in future work to generate initial data with higher quality. In addi-
tion, this paper will also explore the potential applications of InitialGPT in other domains,
such as intelligently generating input data for prototyping system operation during the
requirements validation process, to further promote the automation and intelligence of the
software development process.
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