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This paper presents the generative automatic matching (GAM) approach,
implemented through a multi-agent system (MAS), to address the challenges
of heterogeneity across meta-models. GAM integrates automatic
meta-model matching with model generation, offering a comprehensive
solution to complex systems involving diverse architectures. The key
innovation lies in its ability to automate both the detection of
correspondences and the transformation of models, improving the precision
and recall of matching processes. The system's scalability and adaptability
are enhanced by MAS, allowing for efficient management of diverse meta-
models. The approach was evaluated through relational to big data UML
meta-models (RBDU) case study. The results demonstrated high accuracy,
with precision and recall metrics approaching 1, underscoring the robustness
of GAM in managing heterogeneous systems. Compared to traditional
methods, GAM offers significant advantages, including automated matching

and generation, adaptability to various domains, and superior performance
metrics. The study contributes to the field of model-driven engineering
(MDE) by formalizing a method that effectively bridges the gap between
heterogeneous meta-models. Future research will focus on refining matching
heuristics, expanding case studies.
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1. INTRODUCTION

Model-driven engineering (MDE) is a software development approach that uses high-level models
as core elements for both design and implementation, rather than just documentation. MDE promotes
automation in various stages of development by leveraging models for generative purposes. However, the
approach has led to diverse systems based on heterogeneous meta-models, lacking a universal standard.
Examples include relational databases versus NoSQL systems and meta-models for similar domains like C#
and Java [1]. A key issue identified in our previous systematic mapping review (TSMR) and multi-criteria
analysis [2], [3] is the challenge of interoperability across systems with different meta-models, even when
they share similar objectives. For example, migrating from SQL-based relational databases to NoSQL
systems is complex, as is transitioning between different NoSQL systems (e.g., key-value store to document
store). Similar difficulties arise in application development, where the growing diversity of programming
languages and architectures, such as UML and MERISE, makes manual transitions between them
cumbersome. The heterogeneity of meta-models and architectures also complicates system transformations in
the domain of code generation. Our previous findings [3] revealed that 49% to 85% of the code generation
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studies reviewed developed their own platforms by creating new domain-specific languages (DSLs). To
address the increasing diversity of architectures and meta-models in similar or distinct domains, existing
methods-such as static identifier-based techniques (SIB) [4]-[6], signature-based techniques (SIG) [7]-[9],
similarity-based techniques (SIM) [10]-[15], and custom-specific language techniques (CSL) [16]-[20]-have
aimed to match and establish correspondences between different architectural elements and meta-models of
heterogeneous systems. These techniques seek to facilitate model transformation across platforms,
technologies, or methodologies. However, they face notable limitations, including reliance on manual
matching processes and the inability to automatically generate models across diverse meta-models.

To address the limitations of existing methods, we introduce the generative automatic matching
(GAM) approach, a novel methodology that integrates automatic meta-model matching with model generation.
GAM offers a comprehensive solution to the challenges posed by heterogeneous systems by automatically
detecting and matching correspondences between source and target meta-models. This process begins with the
identification and schematization of both systems, ensuring that all key aspects of their meta-models are
captured. The core innovation of GAM lies in its ability to automate the detection of similarities between
meta-model elements, enabling the seamless transformation of models from the source system to the target
system. This automation significantly reduces the complexity and manual effort typically involved in managing
heterogeneity across platforms, technologies, and methodologies. In contrast to previous approaches, which
often rely on manual matching or address only the model layer, GAM uniquely combines automatic meta-model
matching and model generation. Its versatility allows it to work with a wide range of models, regardless of the
underlying technology, making GAM a scalable and adaptable solution for heterogeneous environments. This
approach represents a significant advancement in managing the complexity and diversity of meta-models.

This paper advances the GAM approach by focusing on two key developments: its implementation
using a multi-agent system (MAS) based on foundation for intelligent physical agents (FIPA) standards for
intelligent agents [21], and its application in relational to big data UML meta-models (RBDU) case study to
demonstrate its robustness in automatic matching. The paper is structured as follows: first, a review of
existing approaches to address heterogeneity between systems in various domains is provided, highlighting
their strengths and limitations. Next, the methodology of the GAM approach is detailed, including its
architecture, mathematical formalism, and multi-agent system structure, alongside communication protocols.
The RBDU case study, is then presented to illustrate the system's effectiveness. Finally, the results and
discussion section evaluate the approach and outlines future research directions.

2. RELATED WORK

Several existing approaches have attempted to address architectural heterogeneity, but they have
notable limitations. Most rely on manual or semi-automated matching processes and use fixed, non-adaptive
algorithms. Key techniques, such as SIB [4]-[6], SIG [7]-[9], SIM [10]-[15], and CSL [16]-[20], each have
specific drawbacks, including failure with heterogeneous models, limited scalability, and reliance on manual
intervention. To better understand these limitations, a strengths, weaknesses, opportunities, and threats (SWOT)
analysis in Table 1 summarizes the strengths and weaknesses of these methods, laying the groundwork for the
more adaptive and comprehensive GAM approach.

Table 1. SWOT analysis of matching approaches
Static identifier-based technique (SIB)
Characteristics ~ Uses unique identifiers (UUIDs) to establish correspondences between model elements. Fast and requires no
user configuration, but struggles with heterogeneous models.
Positives Quick implementation, no user setup.
Negatives Not suitable for heterogeneous models, poor adaptability, no automatic generation, manual correspondence.
Signature-based techniques (SIG)
Characteristics ~ Compares independent models by calculating signatures (or fingerprints) for model elements. Requires user
input to define signature functions, limiting its scope.

Positives Compares independently built models.
Negatives Requires user-defined identity functions, limited scope, no automatic generation, and manual
correspondences.

Similarity-based technique (SIM)
Characteristics ~ Uses heuristics to evaluate the similarity between independent model elements. More flexible but relies on
fixed heuristics, limiting adaptability.
Positives Accurate correspondences.
Negatives Fixed heuristics, no automatic generation, manual correspondence.
Custom-specific language technique (CSL)
Uses domain-specific languages to integrate semantics into matching algorithms. Flexible for domain-
specific models but requires manual specification of algorithms.

Positives Integrates semantics.
Negatives Manual algorithm specification, fixed heuristics

Characteristics
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As emphasized in the SWOT analysis in Table 1, all existing approaches either require manual
matching or lack the capability for automatic model generation. For instance, SIB is fast but unsuitable for
heterogeneous models and does not support automatic generation. SIG compares independent models but
requires user-defined functions and similarly lacks automatic generation. While SIM is accurate, it relies on
fixed heuristics and does not support automatic generation. Lastly, CSL integrates semantics but requires
manual specifications and depends on fixed heuristics. To address these limitations, we present a new
approach, GAM, which will be detailed in the next section.

3.  METHODOLOGY USED

In this section, we present the methodology employed in the design and implementation of our new
approach, GAM. This methodology is structured around the following key components: the GAM
architecture, which defines the overall structure of the approach; the generative matching meta-model,
serving as the foundational framework for matching heterogeneous systems; and the GAM process, outlining
the sequential steps for applying the approach. Additionally, the methodology incorporates mathematical
formalism to provide a rigorous theoretical basis and a multi-agent system to ensure scalability and dynamic
interaction among components. Finally, a case study is included to demonstrate the practical application and
validate the effectiveness of the proposed approach.

3.1. GAM architecture
First, we designed the architecture of our approach. GAM is built on two fundamental steps, as

shown in Figure 1:

— Meta-model matching: in this step, heterogeneous meta-models are automatically linked. Source
meta-models (SMM 1 ... SMM i) are matched with target meta-models (TMM 1 ... TMM j), generating a
matching model (MG) that identifies the correspondences between elements.

— Model generation: based on the matching established in the first step, the source models (SM 1 ... SM i)
are automatically transformed into target models (TM 1 ... TM j), conforming to the corresponding target
meta-models.
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Figure 1. Comprehensive structure of the generative matching approach

3.2. Generative matching meta-model (MMG)
To implement the GAM approach effectively, we designed a generative matching meta-model that
identifies key concepts, including elements, relationships, version management, and matching history. This
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meta-model handles the identification of correspondences between meta-model elements, ensuring
consistency and traceability throughout the matching process. Additionally, it provides a structured
representation to address the dynamic nature of system changes, allowing for iterative updates and
refinements. The design incorporates mechanisms for conflict resolution and supports multiple versions to
accommodate evolving requirements. By leveraging this meta-model, the GAM approach achieves a robust
and scalable framework for managing complex system heterogeneities.

3.3. GAM process
The GAM process comprises two primary phases: automatic matching and automatic generation. In
the matching phase, two meta-models (source and target) are used to automatically generate a
correspondence model (MG), which defines the relationships between their elements. In the generation
phase, a source model conforming to the source meta-model is automatically transformed into an equivalent
target model, utilizing the identified correspondences. The detailed process includes these four key steps, as
shown in Figure 2:
— Selecting the source and target meta-models.
— Refining the core generative MMG by adding or modifying relationships and storing refined versions in a
cloud repository for easy access.
— Refining the MG model through iterative or manual adjustments using cognitive agents or expert input.
— Generating the target model, with the possibility of further refinement through expert validation or
additional iterations.
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Figure 2. GAM process description
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3.4. Mathematical formalism

We developed a mathematical formalism for the GAM MAS approach, grounded in set theory,
where each meta-model (MMa) is represented as a set of triplets. These triplets comprise elements from the
refined generative matching meta-model (MMG) and the relationships between them. For two meta-models,
MMa (source) and MMb (target), the matching model (MG) captures the correspondences between their
elements, also represented as triplets. The transformation process between source and target models leverages
these correspondences to generate equivalent models, ensuring they conform to their respective meta-models.
This set-based formalism provides a structured and rigorous representation of models, correspondences, and
transformations.

3.5. Multi-agent system

The concept of multi-agent system (MAS) stems from distributed artificial intelligence (DAI). This
approach facilitates the understanding, modeling, and simulation of complex systems composed of multiple
agents that exhibit intelligent behavior and interact with both each other and their external environment.
MAS is particularly suited for solving problems in a distributed manner [22]-[28]. Each agent operates
locally with cooperative behaviors, and through collective self-organization, a global solution emerges from
the individual problem-solving efforts of the agents.

3.6. Case study

To evaluate our approach, we conducted the RBDU case study, this case study involved a more
complex heterogeneous database system incorporating the UML meta-model. For this, we developed five
meta-models representing various database types, including relational databases and three big data NoSQL
types (key-value store, document store, and columnar store), in addition to the UML meta-model. These
meta-models illustrate the effectiveness of the GAM SMA approach in facilitating model transformation
across diverse database systems.

4. RESULTS AND DISCUSSION
4.1. Generative matching meta-model

The generative matching meta-model (MMG) we designed addresses the management of lexical,
structural, and semantic similarities to effectively match heterogeneous meta-models. Its key components
enable the alignment and transformation of elements across meta-models by employing various similarity
measures. This structure significantly improves the overall efficiency of the GAM SMA approach in
automating model generation. The core of the MMG consists of several essential components, as illustrated
in Figure 3.

The effectiveness of our generative matching meta-model lies in its extensibility, which allows for
flexible adaptation to various domains and architectures. At its core, MMG consists of key components that
manage correspondences between heterogeneous meta-models, ensuring that all essential elements are
addressed during the matching process. The Element component generalizes other elements with attributes
such as name, ID, and description, while the Matching component efficiently manages relations between
source and target meta-models, incorporating version control and refinement. Source and Target define the
respective meta-models, and the AgentMetamodelHandler and AgentElementHandler facilitate the navigation
and manipulation of meta-elements. Additionally, the AgentTransformer ensures the proper transformation of
source elements into target elements, while LinkAlignment defines relationships like aggregation and
similarity, which are essential for effectively aligning meta-elements. The Similarity component is crucial, as
it captures various types of correspondences—Iexical, structural, semantic, and functional—forming the
foundation of the GAM process and enabling precise automatic model generation across diverse systems.

4.2. Multi-agent system

By assigning specialized roles to different agents, the system efficiently handles various tasks.
Figure 4 illustrates the Contract Net protocol, which outlines the agent societies and their communication.
The network comprises specialized agents, each responsible for distinct functions within the GAM MAS
approach. The CoordinatorAgent oversees coordination among agents, while the GeneratorAgent handles
model generation based on matching results. The RefiningAgent refines the correspondences identified during
the process, and the TransformerAgent, along with the MFTransformerAgent and FMTransformerAgent,
converts meta-models into mathematical formalism for adaptability. Agents such as the MatchingAgent,
MeaningSimilarityAgent, TranslationAgent, and StructuredSimilarityAgent calculate various types of
similarities, including semantic, structural, and functional. Additionally, agents like the BasicSimilarityAgent,
NameSimilarityAgent, and DescriptionSimilarityAgent focus on lexical similarities, while the
FunctionalSimilarityAgent evaluates functional relationships. This integrated agent society efficiently
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manages meta-model heterogeneity, enabling automatic model generation and significantly enhancing the

overall effectiveness of the GAM MAS approach.
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4.3. Case study and matching results

In this section, we present the meta-models developed for the case study incorporated in our
research, along with the corresponding matching results. The purpose of these case study is to test our
approach on different systems and evaluate its effectiveness in enabling matching and model generation
between them. The meta-models for the RBDU case study are shown in Figure 5. Through this case study,

we aim to assess the efficiency of the GAM
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Figure 5. RBDU case studies

The results of applying the GAM SMA approach to the RBDU case study are summarized as
follows. We present the matching results obtained from applying our approach to the RBDU case study.
Figure 6 illustrates the matches generated between the SQL and key-value store meta-models, while Table 2
provides a detailed summary of the automatic matching results produced by the GAM SMA approach
between the SQL source meta-model and the UML target meta-model.

The RBDU case study further demonstrated the strength of the GAM SMA approach in handling
complex, heterogeneous database systems. Five meta-models, representing relational and big data NoSQL
databases (key-value store, document store, and columnar store), were matched and transformed with high
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accuracy. The successful matches in the case study highlight the robustness of the GAM SMA approach
across various domains, with matching precision and recall values approaching 1. In the following section,
we will provide a detailed analysis of the evaluation results of the GAM SMA approach, including a
synthesis of the final quality metric calculations for the RBDU case study.

Automatic Matching

SQL Elements l;;y":?:::
SQLElement KeyValueElement
SQLTable Entity
SQLcolumn KeyValue
String String
Name Name

SQL ElemEnts MI::(:;:\g Key Value Elements
Name 1| Name
SQLElement | 0.5333334| KeyStoreElement
String 1| String
Neighbour
SQL ElemEnts | structural | Key Value Elements
Value
Name 1| Name
String 0.6666667 | String
sac l“m Key Value
ElemEnts Value Elements
Name 0.6209395 | Name
sSQLColumn 0.5016869 | KeyValue
SQLElement 0.9999998 | KeyStoreElement
String 0.7683989 | String

Figure 6. Matching between SQL and key-value store- threshold: 0.5

Table 2. Summary of the matching results between SQL and UML meta-models

Name Similarity Neighbor Flooding Max Interpolation
Structural Structural Moyenne
SQLElement UMLModelElement 0.5333334 0.25 1 1 0.59444447
SQLTable UMLClassifyer 0.2307692 0.2 0.1205332 0.230769 0.18376747
2
SQLTable UMLCLASS 0.125 0 0.007990999 0.125 0.04433033
SQLcolumn UMLAttribute 0.1666667 0.4444444 0.1895308 0.444444 0.26688063
4
Type Type 1 0.5 0.0451359 1 0.5150453
Type Returntype 04 0.5 0.04240563 0.5 0.31413521
Type Parametertype 0.3076923 0.5 0.02927022 0.5 0.27898751
Name Name 1 1 0.6129308 1 0.87097693
String String 1 0.5714286 0.6036351 1 0.72502123

4.4. GAM evaluation

reliable and accurate results.

The evaluation was conducted using well-established quality metrics commonly applied in machine
learning and artificial intelligence, including recall, overall accuracy, F-measure, and precision [29]-[33].
Table 3 presents the results of these metrics after generating correspondences using the GAM MAS approach
in the RBDU case study. The quality metrics calculated for both case studies demonstrate the overall
effectiveness of the GAM MAS approach. The RBDU case study exhibited strong performance across
multiple big data NoSQL meta-models, with precision consistently reaching 1. These high-quality metrics
confirm that the GAM SMA approach is capable of handling both simple and complex systems, delivering

Table 3. Quality measurement results for the big data RBDU section

Measures
Meta-model couples Heuristic Recall Precision F-Measure Overall
(SQL, Key-Value) NameMatching 0.6 1 0.75 0.6
Neighbour Structural 0.5 1 0.666666667 0.5
Flooding Structural 1 1 1 1
(SQL, DocumentStore) NameMatching 0.8 1 0.88888889 0.8
Neighbour Structural 0.6 1 0.75 0.6
Flooding Structural 0.8 1 0.88888889 0.8
(SQL, Columnar) NameMatching 0.875 1 0.93333333 0.875
Neighbour Structural 1 0.8 0.888888889 0.75
Flooding Structural 0.375 1 0.545454545 0.375
FINAL Values NameMatching 0.85714286 1 0.92307692 0.85714286
Neighbour Structural ~ 0.764705882  0.866666667 0.8125 0.647058824
Flooding Structural  0.647058824 1 0.785714286  0.647058824
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The metric results obtained after generating matches using the GAM SMA approach for the big data
meta-models in the RBDU case study. We opted to separate the evaluation results for big data meta-models
from those of the SQL/UML pair, shown in Table 4, to analyze the impact of meta-model domain similarity
on the generation results. The final metrics for the RBDU case study are summarized in Table 5, where the
weighted sum method was applied, assigning a weight of 1 to each pair to calculate the overall results.

Table 5 display the final metric results, reflecting the average values calculated by the corresponding
functions. It is noteworthy that all metrics are close to 1, underscoring the high quality and accuracy of the
results obtained. Our evaluation demonstrates that the GAM SMA approach significantly outperforms
existing methods such as SIB, SIG, SIM, and CLS, as highlighted in the SWOT analysis in Table 1. Unlike
these methods, which either lack automatic model generation or rely on fixed heuristics, GAM MAS
integrates both matching and generation processes, making it highly adaptable to a wide range of systems and
architectures. The use of a MAS enhances scalability and flexibility, allowing for efficient management of
diverse meta-models. The case study confirmed GAM MAS's effectiveness in addressing the challenges of
automatic matching and model generation between heterogeneous meta-models. All quality metrics
approached values close to 1, highlighting the high precision and reliability of the correspondences and
transformations achieved.

Table 4. Quality measurement results for SQL/UML pair

Measures
Meta-model couples Heuristic Recall Precision F-measure Overall
(SQL, UML) Maximum Similarity 0.666666667 1 0.8 0.666666667

Table 5. Final quality metrics GAM SMA
Measures
Case study Function Recall Precision F-Measure Overall
RBDU  Final Similarity 0.80952381175 1 0.89230769 0.80952381175

4.5. Limitations

The GAM MAS approach provides a robust solution by integrating automatic meta-model matching
with model generation, effectively addressing the complexities of heterogeneous systems and technologies.
This significantly improves precision and recall metrics, with successful implementation demonstrating
important implications for managing heterogeneity across different development systems and architectures. It
enhances the efficiency and accuracy of creating interoperable systems, especially in complex environments
with diverse systems and meta-models. The high quality of results, reflected in metrics nearing 1, highlights
the reliability and effectiveness of the approach in producing accurate correspondences. However, several
areas for future research remain. First, improving the automatic matching heuristics is a key priority. For
instance, weight and threshold calculations could be refined through advanced techniques, such as the Rock
method for weight determination or fuzzy logic. Integrating new heuristics and testing them could further
optimize the matching accuracy. Another critical direction is applying the generative automatic matching
approach to address data layer interoperability challenges [34], particularly between big data NoSQL and
relational databases. The versatility and adaptability of GAM MAS offer numerous research opportunities
across a wide range of domains. Future work could extend its application to areas such as IT governance,
e-learning, e-healthcare, 10T, search engines, and the Semantic Web. These expansions would not only enrich
the knowledge base but also enhance the capabilities of the agents, broadening the scope of the research.
Additionally, we plan to develop a comprehensive GUI application on the .NET platform to facilitate broader
adoption and practical use of GAM SMA, ensuring it remains a flexible and effective tool for tackling future
challenges in automatic matching and system interoperability.

5. CONCLUSION

This paper presented the implementation of the GAM approach using a MAS architecture. GAM
MAS represents a novel paradigm that combines automatic matching and model generation to address the
heterogeneity of meta-models. Our approach facilitates the generation of models through automatic matching
between various heterogeneous systems.

The evaluation using quality metrics and case studies demonstrated the validity and effectiveness of
our approach. Specifically, the RBDU case study highlighted the robustness and adaptability of GAM SMA.
This work fills a significant knowledge gap by providing a formalized method for meta-model matching and
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generation, contributing to the field of model-driven engineering. Compared to existing methods, GAM SMA
offers several advantages:

The GAM approach introduces significant innovations compared to existing methods. Unlike
traditional approaches that often rely on manual matching and lack mechanisms for automatic model
generation, GAM seamlessly integrates both processes, ensuring greater efficiency and consistency.
Furthermore, GAM demonstrates exceptional adaptability by handling a wide range of meta-models and
technologies, effectively addressing the limitations of methods such as static identifier-based technique (SIB),
SIG, SIM, and CSL technique, as highlighted in the SWOT analysis. In addition, GAM enhances key
performance metrics, offering improved precision and recall, which underscores its potential to transform
software development practices by delivering more accurate and reliable results.

Future research will focus on enhancing the heuristics for automatic matching and integrating
additional case studies to further validate the approach. We also plan to develop a comprehensive GUI
application using the .NET platform to facilitate broader adoption and practical application of GAM SMA,
which will further enhance automatic matching and model generation in various domains such as Al, IT
governance, E-learning, E-healthcare, internet of things (loT), search engines, chatbots, and the Semantic
Web. Another significant area for future research lies in applying generative automatic matching to address
data layer interoperability and migration issues. Our team is currently working in this field, aiming to
overcome interoperability problems between big data NoSQL and relational databases. GAM MAS can help
automate system matching structure generation and explore data layer transformation.
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