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Abstract

Legacy-to-modern data migration is hindered by heterogeneous source artifacts and the
limitations of Large Language Models (LLMs) that prevent their reliable use on the task,
including stale knowledge, hallucination, finite context, and weak coverage of specialized
enterprise vocabularies. This thesis investigates whether Retrieval-Augmented Generation
embedded in an agentic workflow can mitigate these limitations and produce accurate and
traceable schema and protocol mappings with minimal human intervention.

A domain-specific Schema-Mapping Agent is built on Microsoft Azure Al Foundry with
GPT-4.1, a knowledge base of legacy schemas, target profiles, and mapping rules, and an
iterative loop. It was compared against an LL.M-only baseline and a Traditional RAG baseline
across five use cases spanning schema mapping, industrial validation, cross-domain healthcare
conversion, orchestration translation, and open-ended design.

The agent reliably outperformed the LLM-only baseline whenever the task required
discipline that the model did not bring on its own. This is most decisive for orchestration
migration, where preserving source provenance produces the largest separation observed in
this study. For tasks within the model’s parametric capability, the retrieval and agent layers
add little that the metrics can detect. Retrieval-augmented agentic reasoning is therefore most
useful for migration tasks that require discipline beyond source-target translation. It produces
accurate and auditable outputs where the model alone falls short.
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1 Introduction

Despite decades of investment in digital transformation, approximately 75% of enterprise IT in-
frastructure may depend on systems built before cloud computing, real-time data processing, and
modern integration standards | |. Organizations spend more than half of their I'T budgets
modernizing these legacy systems | ]; however, replacing them remains a formidable challenge
because the data they hold exhibit high variability in terms of their type, format, and origin | .
This variability is not an underestimated issue because heterogeneous data sources differ along
dimensions: syntactic dimensions involve different serialization languages and structures, conceptual
dimensions involve business entities modelled differently across the system, and terminological
dimensions involve different names referring to the same real concept | |. Each of these
mismatches must be corrected before data is moved from a legacy system to a modern target
without any information loss | ]. This has been seen as the highest risk of any modernization
activity | : ]. Understanding how Artificial Intelligence (Al) tools can help with the
legacy of modern target transformation is the central motivation of this study.

Large Language Models (LLMs) have transformed natural language processing through strong
performance in generation, summarization, and question answering | , ], and have
begun to be deployed across finance, healthcare, legal, and education sectors | |. However,
their reliable deployment in enterprise settings, such as legacy-to-modern, is constrained by four
limitations. Stale knowledge, since training cut-offs leave the model unaware of specific schemas and
recent target conventions | |. Hallucination, where the outputs are confident but unfaithful
or unverifiable | |, especially when an incorrect schema mapping propagates through an
entire pipeline. Limited context capacity, which constrains how much schema documentation and
mapping history the model can reason over at once | |. Weak domain-specific knowledge,
since general-purpose training corpora under-represent the specialised vocabularies of enterprise
integration | ]. Retrieval-Augmented Generation (RAG) was introduced precisely to mitigate
these limitations by giving the model access to external knowledge sources at inference time,
grounding generation in evidence the model would not otherwise see | : , ].
These capabilities are important for legacy system modernization because the gaps RAG closes align
with the gaps legacy migration exposes. Legacy system modernization need the domain-specific
knowledge that is rarely present in public training corpus, and this is not covered by general LLM
knowledge | , ]. Migration also demands traceability between the source and target,
which a hallucination-prone model cannot provide without external grounding | ].

Modernization a strategic priority for organizations addressing technical debt, cybersecurity ex-
posure, and competitive disadvantage [ , ], and retrieval-augmented approaches
are matched with these necessities. However, the standard formulation of RAG operates as a
linear single-pass workflow with no support for error correction or multi-step reasoning, which
becomes brittle in knowledge-intensive tasks where the right context cannot be retrieved in one shot
[ ]. To overcome these structural limits, RAG is reframed as a sequential decision-making
process, giving rise to Agentic RAG architectures in which the LLM acts as an autonomous agent
that iteratively plans, retrieves, reasons, and verifies | ].

This study aims to investigate the role of RAG-based intelligent agents in supporting legacy-to-



modern system migration and integration tasks. Specifically, this thesis examines how agent-based
architectures can be used to interpret and transform heterogeneous data formats and support
schema and protocol mapping processes within enterprise workflows.

This research was conducted in the context of a graduation internship at Capgemini. Capgemini is a
company specialising in consulting, technology services, and digital transformation. The internship
takes place within the Integration cluster, where interoperability, migration, and transformation of
legacy systems into modern environments are highly prominent. This setting provides a valuable
context for investigating how intelligent agents and Al-supported approaches may help in migration
and integration tasks involving heterogeneous data formats, schema transformation, and protocol

mapping.

Research Questions The main research question is as follows:

RQ How can intelligent agents be designed to autonomously interpret and transform heterogeneous
data formats during legacy-to-modern system migration, leveraging Retrieval-Augmented Generation
to map disparate schemas and protocols with minimal human intervention?

There are two additional sub-questions.

SQ 1- Which stages of legacy-to-modern migration can be supported by intelligent agents when
dealing with heterogeneous data formats? What are the roles of intelligent agents?

SQ 2- How can an intelligent agent leverage iterative retrieval, reasoning, and transformation
mechanisms to map disparate schemas and protocols accurately?

2 Background & Related Work

This section surveys the body of literature that underpins the present research. It begins by
examining legacy systems and the challenges they pose for modernization before turning to the
technical complexities of heterogeneous data integration and schema mapping. It then introduces
the landscape of Al Agents and Agentic architecture. The paper concludes by tracing how these
threads converge in recent work on LLM-driven schema matching and data pipeline automation.

2.1 Legacy Systems

Legacy systems are recognized as the backbone of organizational information flow, acting as
the primary means of consolidating and managing business data | |. Regardless of their
importance, these systems pose significant challenges for organizations that depend on them. Many
legacy systems operate on outdated hardware that is slow and costly to maintain, whereas software
maintenance itself often entails high expenses | |. As organizations generate and process
increasingly large volumes of data, legacy systems struggle to effectively support dynamic and
evolving workloads | ]. In addition, diagnosing and resolving faults are both time-consuming
and costly owing to insufficient documentation and limited understanding of the internal structures
of the systems [ ].

According to Althani et al. | ], legacy systems can result in lost business opportunities.
Integration initiatives are further hindered by the absence of well-defined interfaces, and extending
or enhancing legacy systems is frequently difficult, if not infeasible | ]. Legacy systems



cannot directly utilize the most recent advancements in hardware, such as multicore architecture or
the most current software paradigms | ]. As new technologies arise to meet the expansion and
diversity of users’ expectations, service-oriented systems have been growing quickly in recent years

(AT,

2.2 Legacy-to-Modern Migration

To address hardware limitations and the risk of lost business opportunities, organizations must
launch legacy-to-modern migration initiatives. This process involves the transition of outdated
software and infrastructure into modern environments by upgrading, completely changing the
operational environment, or redesigning the existing architecture | ].

The modernization of legacy applications has moved beyond being a purely technical upgrade
and is now recognized as a strategic business priority. This is largely driven by the need to
address technical debt, enhance cybersecurity resilience, reduce operational costs, and improve
organizational flexibility | |. Simultaneously, it creates a foundation for adopting scalable
and modern paradigms, such as cloud computing, analytics, Al, and microservice architectures
[FAA25, PE23, )

Because replacing a functioning legacy system incurs substantial financial costs and operational risks,
organizations must carefully assess and choose a modernization strategy that is consistent with their
specific business values, risk tolerance, and system quality attributes [ |. These transformation
strategies exist on a spectrum, ranging from minimal codebase alterations to comprehensive system
overhauls [ ).

Transitioning from legacy systems to decentralized modern infrastructures requires a high level of
interoperability, which is often challenged by misaligned heterogeneous data formats, opaque data
layers, and outdated communication protocols | |. These integration struggles highlight the
necessity of robust data transformation and schema mapping approaches to avoid data corruption,
information loss, and functional failures during the migration process.

2.3 Data Mapping, Schema Mapping, and Heterogeneous Data

The legacy-to-modern transformation requires the processing of massive amounts of heterogeneous
data, which can be defined as data that exhibit high variability in type, format, and origin and
are often characterized by structural inconsistencies, high redundancy, and varying levels of data
quality | |. In modern enterprise environments, managing this heterogeneity inherently entails
dealing with structured, semi-structured, and completely unstructured data simultaneously, as
these disparate representation forms are frequently interconnected but represented inconsistently
[ , |. Structured data is highly normalized and stored in traditional relational tables
organized by rows, columns, and relational keys | ]. Semi-structured data, such as XML
documents, JSON files, or NoSQL databases, do not conform to a strict relational database schema
but contain hierarchical or organizational properties that facilitate analysis | ]. Most
enterprise information comprises unstructured data; the lack of organizational features makes it
challenging to effectively utilize elements such as free-form text, system logs, emails, and multimedia
content. | : ].

Legacy systems have disparate data structures that lack modern standardization, making migration
to decentralized environments a significant challenge | |. Different data sources can be



harmonized using data integration workflows, such as Extract, Transform, Load (ETL) or Extract,
Load, Transform (ELT) pipelines. These pipelines extract data from databases and transform them
to meet the structural requirements of modern target systems | ]-

The success of these pipelines fundamentally depends on the accurate alignment of the source
and target data models | |. This alignment is called schema matching, where the goal is to
identify semantic correspondences between the elements of different schemas so that equivalent
real-world concepts are accurately mapped | ]. Schema mapping may become challenging in
legacy system modernization because of incomplete legacy documentation, ambiguous attribute
naming, domain-specific abbreviations, and restrictions on the use of actual data values | ].
In this sensitive enterprise environment, the use of actual data is not possible; therefore, schema
mapping is heavily based on manual, instance-free, name-based schema matching | ].
Because manual schema matching is time-consuming, prone to errors, and labor-intensive, interest
in automatic schema matching has increased | |. To overcome these obstacles, recent research
has leveraged LLMs to automate the semantic interpretation and matching of heterogeneous legacy
data [ : ].

Fine-tuned LLMs have shown huge potential in assisting with labor-intensive manual data en-
gineering by identifying semantic mappings and providing solutions for automation | ].
Furthermore, as data grows in volume and complexity, conventional ETL workflows struggle with
limited scalability, resource-intensive maintenance, and reactive problem-solving. To tackle these
structural vulnerabilities, Chakraborty et al. | | proposed integrating Al agents into data
architectures to allow organizations to develop self-repairing data pipelines that can autonomously
validate schemas, dynamically map data, and proactively address errors.

2.4 Large Language Models

A Large Language Model is a neural network-based model trained on large-scale text corpora to
model the probability distribution over sequences of tokens | |. Specifically, an autoregressive
LLM learns to predict each token conditioned on all preceding tokens in the sequence, effectively
modeling the joint probability of the entire sequence as a product of conditional probabilities
[ : I

In terms of architecture, LLMs are predominantly built on the Transformer Framework, which relies
on self-attention mechanisms to capture dependencies between tokens regardless of their distance in
the sequence | , |. Three principal architectural variants exist: encoder-only models,
suited for classification and comprehension tasks; decoder-only models, designed for generative
tasks such as text completion; and encoder-decoder models, which combine both for tasks requiring
understanding and generation [ ).

LLMs can be adapted to specific downstream tasks using two primary mechanisms. The first is
fine-tuning, which involves adjusting the model parameters on task-specific data and typically
yields stronger task performance at the cost of additional computational resources. The second
is In-Context Learning (ICL), which conditions the model on a small number of input-output
examples simultaneously without updating any parameters, allowing the model to generalize to
new tasks through prompt design alone | , ].



2.4.1 Limitations of LLMs

Despite their remarkable advantages, LLMs exhibit several fundamental limitations that constrain
their reliable deployment in enterprises that require extensive knowledge | .

The first structural limitation concerns the currency of knowledge. LLMs are static artifacts trained
on fixed data snapshots, which means that their internal knowledge reflects the state of the world
at a particular point in time | |. Factual knowledge is dynamic, continually evolving as new
information emerges and older data becomes outdated. Therefore, a reliable knowledge system
must ensure that its information remains accurate and up to date [ ].

The second limitation is consistency, so even if the model has the right knowledge, it may have
different outputs when prompts are varied or when new information is introduced that conflicts
with its internal representations | |. A knowledge base that fails to fulfil this requirement
risks misleading users and leading to incorrect conclusions and decisions | .

The third limitation is hallucination, namely the tendency of LLMs to generate fluent, confident-
sounding text that is factually incorrect or unverifiable | ]. Two distinct forms are identified
in the literature: intrinsic hallucinations, where the generated output contradicts the source material,
and extrinsic hallucinations, where the output contains content that cannot be verified against any
source and may be either correct or incorrect | ]. In critical circumstances, such as schema
mapping during legacy migration, where incorrect correspondences can propagate errors throughout
an entire data pipeline, this limitation is particularly consequential.

The fourth limitation relates to the context length. LLMs have a finite context window, which
constrains their ability to process and reason with extended inputs | |. In organizational
data integration tasks, where relevant schema documentation, data dictionaries, and mapping
history may cover a large amount of text, this directly limits the model’s effectiveness.

Finally, LLMs often struggle with domain-specific knowledge, particularly in specialized domains
that are not properly represented in general-purpose training datasets | ]. This limitation
makes fine-tuning or external knowledge augmentation necessary for reliable deployment in enterprise
settings | ].

2.4.2 Artificial Intelligence Agents

LLMs only perform prompt-based outputs and do not follow autonomous tasks or self-reasoning
[ |. The necessity of handling dynamic tasks, maintaining continuity, or performing multi-step
planning has led to the development of Artificial Intelligence Agents | |. AT Agents are
single-entity systems empowered with adaptability for environments, making real-time decisions,
and autonomously using external tools to complete specific tasks with minimal human intervention
[SRK25, Kri23).

Having multiple specialized AI Agents that engage in communication, dynamically break down
complex tasks, and share memory states to accomplish high-level goals signifies Agentic AT | ].

2.5 Retrieval-Augmented (Generation
2.5.1 Traditional RAG

Retrieval-Augmented Generation (RAG) was introduced to address a core limitation of parametric
language models, which is their inability to easily update their knowledge or provide transparent



evidence for their outputs or decisions | ]. Rather than relying on the knowledge encoded in
the model parameters during training, RAG pairs a parametric generator with an external memory
component | ]. This allows the model to condition its outputs on the externally retrieved
evidence at inference time and ensure that the outputs are accurate and traceable | ].

At its core, a traditional RAG system consists of two components: a retriever and a generator
[ ]. The retriever component is mainly responsible for taking a user query and searching an
external knowledge source, such as a dense vector index, to identify the most relevant passages
[ |. Not only finding the most relevant information, but also passing the relevant information
to the generator to produce a grounded response is the task of the retriever | ]. The second
component, the generator, conditions its output simultaneously on the user’s initial query and the
specific details from the retrieved text; the generator can produce a carefully grounded response
[CTS+24).

By generating responses from external knowledge, RAG reduces the tendency of LLMs to hallucinate
contents | |. Traditional RAG operates on a static, single-pass control flow in which the
retriever fetches a fixed set of passages and the generator synthesizes a response without any
opportunity for feedback, evaluation, or revision. | |. The inflexibility of this design becomes
brittle when dealing with knowledge-intensive or multi-hop scenarios, where gathering full context
from a single retrieval is mostly not enough | , ]. This is because it is a struggle
to refine queries iteratively, correct intermediate errors, handle multi-step reasoning, or adapt to
heterogeneous data sources | ].

2.5.2 Agentic RAG

These limitations give rise to Agentic RAG architectures by embedding autonomous Al Agents
into the RAG pipeline | ]. In this setting, an agent is a computational entity that senses its
environment, makes decisions independently, and acts to accomplish particular objectives | .
Different from traditional RAG components, agents have the ability to adapt the concept, use
extra tools, reason over the different steps that they take, act target-driven, and control tasks
in multiple stages | |. These abilities cover six main functions: perception, understanding of
input requests, goals, and contextual clues; reasoning, splitting complex pieces into smaller ones,
and finding the most effective actions to take next; action, performing retrieval, tool invocation,
or generation; reflection, assessing intermediate results, and modifying approaches accordingly;
adaptation, learning from previous outcomes; and collaboration, cooperation with other agents in
multi-agent environments | ].

Agents can take different roles within different systems | |. For instance, a Planner is for
breaking down queries into feasible steps, a Retriever Agent performs adaptive or multi-hop
retrieval, a QA Agent generates fact-grounded answers, a Tool Agent executes API’s or structured
tools, a Verifier checks factual consistency, and a Memory Agent keeps memory contextual for
retrieval and generation | ].

These agents apply agentic reflective principles, such as reflection, planning, tool use, and collabo-
ration among multiple agents, to control all retrieval processes and work iteratively within different
workflows | ]. Working with this Agentic architecture provides flexibility and scalability for
multi-domain tasks, contextual awareness, and high accuracy | ].

In this study, where schema mapping tasks involve incomplete documentation, ambiguous attribute
naming, and multi-step reasoning over heterogeneous legacy data, this architectural paradigm



provides the basis for the proposed intelligent agent design.

2.6 Evolving Approaches to Schema Matching and Data Integration

Results have been obtained from the use of LLMs for schema matching and integration automation
in enterprise environments | ]. At a fundamental level, LLMs serve as the core reasoning
tool. Parciak et al. have demonstrated that using only item names and descriptions, pre-trained
LLMs can start the process of schema mapping, thereby reducing the need for manual verification
work without requiring access to raw data samples | ]-

While RAG-based systems resolve the efficiency and data privacy issues of web-searching agents,
they may operate as isolated tools and encounter inherent limitations regarding multi-system
coordination, zero-trust governance, and security matters [ ].

For further modernization of legacy systems with multi-agent designs, Venkiteela introduced the
Enterprise Agentic Architecture Framework (EAAF) to position AT Agents as first-class integration
units capable of operating across hybrid cloud environments and Integration Platform as a Service
(iPaaS) solutions such as SAP BTP and Boomi | |. These agents can operate autonomously and
perform semantic data mapping and dynamic transformations to solve schema mismatches and data
anomalies across heterogeneous systems and recover complex enterprise systems | |. Another
utilization of these agents is that they interact with API gateways and iPaaS to autonomously
orchestrate complicated integration workflows and self-heal system failures across legacy and modern
platforms | .

3 Methodology

The goal of this study was to design an Agentic RAG system capable of autonomously interpreting
legacy enterprise integration artifacts and producing field-level schema mappings to modern target
formats. This chapter represents the conceptual framework underlying this system, with the details
of the mechanism and the baseline configurations.

3.1 Agentic RAG Framework

The agent is designed around a five-stage workflow: plan, retrieve, transform, verify, and correct.
This design extends the single-pass Traditional RAG architecture described in Section 2.5.1 by
instructing the agent to evaluate its own output against the retrieved target conventions before
returning a final result, following the Agentic RAG paradigm described in Section 2.5.2.

e PLAN — the agent interprets the source artifact (e.g., an XSD schema or WSDL contract)
and identifies which categories of knowledge are required to complete the mapping: the
structure of the legacy source, the conventions of the modern target, and the transformation
rules connecting the two.

e RETRIEVE — the agent formulates targeted subqueries for each knowledge category
identified during planning and retrieves the relevant content from the knowledge base.

¢ TRANSFORM — the agent applies the retrieved schema definitions, target conventions,
and mapping rules to produce a candidate output artifact in the target format.

7



e VERIFY — the candidate output is checked against the retrieved target-format conventions
for structural and semantic consistency, including field types, required fields, and naming
conventions.

¢ CORRECT — inconsistencies identified during verification are resolved by revisiting the
relevant retrieved knowledge and regenerating the affected parts of the output.

3.2 Knowledge Base Architecture

The framework separates domain knowledge into three conceptually distinct categories, reflecting
the three information types a schema mapping task requires: what the source contains, what the
target expects, and a definition of how those two should correspond.

e Legacy schema knowledge — structural information about the source artifacts, such as
element names, types, nesting, and cardinality.

e Target profile knowledge — structural and stylistic conventions of the destination format.

e Mapping rule knowledge — explicit field-level and protocol-level correspondence rules
between source and target, including type conversion patterns and naming conventions.

This separation of the knowledge base allows the RETRIEVE step to query only the relevant
knowledge rather than searching an undifferentiated corpus. The reference material in each category
is stored as structured natural-language descriptions rather than as raw technical files, because
embedding-based similarity search operates over natural-language tokens; a prose description of
an XSD structure is more retrievable than the raw XML artifact itself. This design reflects the
instance-free, name-based schema-matching approach in which the agent relies on schema definitions
and structured descriptions rather than raw data samples | ].

3.3 Retrieval Mechanism

Rather than retrieving a single fixed set of passages for the entire task, as in Traditional RAG,
retrieval in this framework is performed by an agentic retrieval engine that decomposes each
retrieval request into targeted subqueries, routes each subquery to the relevant knowledge category,
executes them in parallel, and merges the results before they are passed to the TRANSFORM
stage. The decomposition and routing are performed by the retrieval engine itself rather than by
the agent’s instruction set: the engine uses a reasoning model to formulate the subqueries and select
the knowledge sources to query. This behaviour is a documented property of the engine and is
externally observable, as each retrieval response includes an activity record listing the subqueries
executed, the knowledge sources queried, and the results returned.

3.4 Baseline Configurations

To isolate the contributions of retrieval and agentic reasoning, three configurations of the same
underlying language model are compared.



e BO (LLM-only) — the model receives a minimal task prompt together with the source
artifacts. BO has no retrieval and no agentic loop; it captures the raw parametric capability
of the language model on the migration task.

e B1 (Traditional RAG) — the model receives the same task prompt as B0, augmented
with the relevant mapping rules embedded statically in the prompt, and produces its output
in a single pass .

e B2 (Agentic RAG) — the full PLAN — RETRIEVE — TRANSFORM — VERIFY — COR-
RECT workflow described in Section 3.1, with dynamic runtime access to the structured
knowledge base.

All three configurations share the same underlying language model, sampling temperature, and
maximum response length; the only differences are the retrieval mechanism and the presence or
absence of the agentic workflow. This isolates the two variables under investigation: the effect of
retrieval (B0 versus B1) and the effect of agentic iteration on top of retrieval (B1 versus B2). The
shared model and parameter settings are specified in Section 4.

3.5 Data Description

This study draws on five distinct data sources, reflecting both industrial origin and academic
standardisation. The starting data for the study were provided by Capgemini and consisted of
legacy Oracle SOA Suite 12c¢ artifacts. This dataset does not contain real-life data but rather
examples of the schemas and service contracts. The Capgemini dataset forms the first leg of the
evaluation and provides an industrial validity ground for the study. The first academic corpus is the
Oracle SOA Suite handbook reference repository'. This source was selected because it shares the
same dataset structure as the Capgemini-provided artifact. Six test cases were extracted from this
source, and each test case consisted of an XSD schema, a WSDL service contract, an example XML
instance, and a gold-standard JSON representing the equivalent modern Boomi REST artifact.
These six cases constitute a primary quantitative benchmark.

The second academic corpus is the HL7 FHIR R4 specification examples, which are the official
reference examples published as part of the FHIR healthcare interoperability standard. We used this
dataset to increase the amount of data in our experiment. Ten test cases were selected, one per major
resource type: Patient, Observation, Condition, MedicationRequest, Encounter, AllergyIntolerance,
Procedure, Organization, Practitioner, and DiagnosticReport. Each test case is provided in both
FHIR XML and FHIR JSON formats, and the JSON form serves directly as the gold standard.
The third academic source provided two further migration tasks, both drawn from the SOA Suite
handbook. A synchronous BPEL process (QuickAndSlowProcess, chapter 9 of the handbook) was
selected as the input, with an AWS Step Functions ASL JSON state machine prepared as the
gold standard. From the same corpus, the AsynchKelvinToFahrenheitProcessor asynchronous
SOAP service (chapter 23) was selected as another input, with three alternative modern REST
design specifications (webhook, polling, and server-sent events) evaluated qualitatively against a
six-dimensional rubric.

https://github.com/lucasjellema/soasuitehandbook
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3.6 Data Formats

Legacy artifacts in this study exhibit the three classical forms of heterogeneity that arise in enterprise
data integration: schema-level, semantic, and instance-level heterogeneity | ]. These properties
recur across the Capgemini dataset and the SOA Suite handbook corpus and motivate the design
of the agent.

Schema-level heterogeneity appears in the form of classical XML following XSD schemas. Identifiers
are encoded as XML attributes (for example, @number) for which no direct equivalent exists in
JSON. Repeated elements such as <row> entries within an order must be reshaped into JSON
arrays. The structure of the legacy artifacts is captured in their XSD definitions, which serve as the
primary schema reference during transformation.

Semantic heterogeneity is remarkable in attribute naming. The attribute @number functions as an
order identifier, but the name does not convey these semantics. Mapping this attribute to a target
field such as orderId therefore requires semantic understanding beyond syntactic equivalence. This
is precisely the kind of task on which LLM-based, name-based, instance-free schema matching has
demonstrated value | ].

Instance-level heterogeneity appears in primitive value formats. Numeric values such as amount
and price are string-typed in XSD and, in the Capgemini dataset, formatted with a comma as the
decimal separator following Dutch localisation (for example, 3499,00). The modern JSON target
requires real numeric types and the international decimal point (3499.00). FHIR XML exhibits an
analogous instance-level concern: every primitive is serialised as an attribute string (value="true",
value="1"), and correct conversion to FHIR JSON requires more certain boolean and number
types.

The target modern format conventions used across the use cases include flat JSON fields, typed
numerical values, and JSON arrays for repeated entities. Depending on the migration task, the target
format is one of Boomi REST integration patterns, FHIR R4 JSON, AWS Step Functions ASL
JSON, or OpenAPI 3.0 with optional asynchronous extensions Although the surface formats differ,
the underlying transformation problem is consistent: produce a modern, typed, well-structured
artifact that stores the semantics of the legacy source.

4 Experiments

The framework was implemented within the Microsoft Azure ecosystem, using Azure Al Foundry
as the core agent engine and Azure Al Search as the retrieval backbone. This choice was driven by
enterprise-grade security, scalability, and integration with the organization’s existing infrastructure.
The language model powering all three baseline configurations is GPT-4.1, deployed via Azure
OpenAl within the Foundry project; semantic embeddings were generated using the text-embedding-
3-large model, deployed in the same project. All three baselines share this model, a sampling
temperature of 0.0, and the same maximum response length.

The architecture of the experiment has three components: different knowledge sources, a retrieval
engine, and a transformation agent. These components are shared to the extent each baseline uses
them. By uses none of these components. By uses the knowledge base statically, embedded in the
prompt at design time and not retrieved at runtime. By uses all three layers.

10



4.1 Knowledge Base

The knowledge base consists of three different knowledge sources, and they are each hosted in
Azure Blob Storage to be indexed by Azure Al Search using text-embedding-3-large vector
embeddings. Having these knowledge bases allows the retrieval reasoning model to selectively query
the most relevant source for each subquery instead of searching all sources from a single index.
The first knowledge source ks1-legacy-schemas stores legacy schema references: XSD, WSDL,
XML, and JSON artifacts for the SOA Suite handbook corpus and the Capgemini dataset, together
with FHIR R4 XML schema documentation for the healthcare leg. These resources provide the
agent with direct access to source schema structure and concrete data examples.

The second knowledge source ks2-target-profiles stores structured natural-language descriptions
of the modern target formats: Boomi REST connector specifications and JSON profile definitions,
FHIR R4 JSON profile documentation, AWS Step Functions ASL conventions, and OpenAPI 3.0
patterns.

The third knowledge source ks3-mapping-rules stores field-level mapping rules, type conversion
patterns, protocol mapping patterns (SOAP-to-REST, BPEL-to-ASL, async-SOAP-to-async-REST).
The rules are written as structured markdown with explicit rule identifiers to enable both retrieval
and citation in the agent’s output.

4.2 Search Engine

Retrieval is performed through Foundry 1Q, Microsoft’s Agentic Retrieval engine, which operates
as the sequential decision-making layer of the system. Rather than executing a single-pass retrieval
over all knowledge sources, Foundry IQ uses GPT-4.1 as a reasoning model to autonomously decide
which knowledge sources to query for a given input, formulate targeted subqueries, execute them in
parallel, and merge the retrieved results before passing them to the transformation agent.

4.3 Transformation Agent

The transform agent was set under a structured Instructions block that specifies the agent’s role,
the workflow, and the output format. For each input migration task, the agent identifies the source
fields and structures from the retrieved legacy schema knowledge, then finds the relevant target
fields in the retrieved target profile. After that, it applies the mapping rules and transformation
patterns to verify the result in the form of the target profile and to correct any inconsistencies
before the final output.

4.4 Use Case Selection

The thesis evaluates five use cases, selected to probe distinct capabilities of the agent.

UC1 covers schema-level migration and is structured as three complementary legs that
share the same evaluation framework but draw on different data sources.

UC1.1 is the academic benchmark drawn from the SOA Suite handbook (n = 6), with
hand-prepared gold standards and a quantitative evaluator.
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UC1.2 is the Capgemini production data leg (n = 2), validated through the company’s
integration tooling rather than through offline scoring.

UC1.3 is the FHIR R4 healthcare leg (n = 10), evaluating cross-domain transferability.

UC2 covers control-flow migration: translation of a synchronous BPEL process (QuickAnd-
SlowProcess, cache-aside pattern) to AWS Step Functions ASL JSON. This use case probes
whether the agent can translate control flow between two formal workflow languages with
preservation of source-element provenance.

UC3 covers open-ended design: production of three alternative modern asynchronous REST
design specifications (webhook, polling, server-sent events) from a legacy async SOAP service
(AsynchKelvinToFahrenheitProcessor), with explicit rationale and a final recommendation. This
use case probes whether the agent can reason about multiple legitimate alternatives.

The five use cases together span the quantitative-qualitative spectrum (UC1 and UC2 quantitative,
UC3 qualitative) and the closed-open scope spectrum (UC1 single-artifact, UC2 single-process, UC3
open-ended design). Each use case is run on all three baselines (B0, B1, B2) where data permits;
UC1.2 was run on B2 only due to the small sample size and the focus on industrial validation
rather than baseline comparison.

4.5 Evaluation Methodology

Each use case uses a dedicated evaluator chosen to match its task characteristics. The metrics
differ across use cases because what counts as a correct migration differs across them; what is
comparable is the spread of scores between B0, B1, and B2 within each use case, not the absolute
scores between use cases.

For UC1.1 and UC1.2, the evaluator measures schema validity, field coverage, type accuracy, and
operation mapping at the test-case level, and then aggregates over the test set.

For UC1.3, the evaluator measures schema conformance, field key accuracy, value accuracy, and
type coercion accuracy, the last being the FHIR-specific differentiator: whether boolean and numeric
values are correctly typed as JSON boolean and numbers rather than strings.

For UC2, the evaluator measures ASL validity, state extraction precision and recall against the
gold BPEL activity roles, control-flow reachability, task binding fidelity, and synchronous-response
semantics. Each evaluator was self-tested on the gold standard against itself before being used; the
self-test score is reported in the corresponding results subsection.

UC3 admits no single canonical answer, because the migration of an asynchronous SOAP service to
modern REST can be defended in multiple patterns. A six-dimensional rubric was used: coverage of
three designs, OpenAPI 3.0 specification validity, trade-off articulation, risk identification, source-
contract fidelity, and the recommendation quality. Each dimension was scored on a 0/1/2 ordinal
scale per system, with a maximum of 12. Each output was read in full and scored across the six
dimensions.

For borderline decisions regarding more subjective dimensions (trade-off specification and recom-
mendation quality), the rubric for the specific dimensions was reviewed, and the most conservative
decision was made based on the given output.

The output of Capgemini data (UC1.2) uses domain-specific validation instead of academic test
cases. After the agent produced JSON output for each of Capgemini’s legacy data inputs, the
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output was imported to the Boomi platform. Boomi is an integration platform used by the company
and a downstream tool for mapping configuration and many more integration tasks. In this case, as
discussed with the company, the criterion of success was that every field could be mapped in the
target Boomi process. This case tests not only the structural correctness of the outputs but also
the practical usability of the outputs in the operational environment.

5 Results

This section reports the evaluation of the agent across the five use cases defined in Section 4.4.
Each use case is run on the three baselines By (LLM-only), B; (Traditional RAG), and B, (the
agent) where the data permits, and the results are presented in the order in which the use cases
were introduced.

5.1 UC1 — Schema-Level Migration

UC1 evaluates the agent’s ability to perform schema mapping. This is the main task for which the
knowledge base was created. The evaluation is divided into three parts: an academic benchmark
(UC1.1), industrial validation on Capgemini data (UC1.2), and cross-domain transferability on
healthcare data (UC1.3).

5.1.1 SOA — Boomi REST Academic Benchmark

The primary quantitative benchmark uses six test cases drawn from the Oracle SOA Suite 12¢
Handbook companion source repository 2. Each test case has an XSD schema, a WSDL service
contract, an example XML instance, and a hand-prepared gold-standard OpenAPI 3.0 JSON
representing the equivalent modern Boomi REST artifact.

Table 1: UC1.1 evaluator output. Averages over n = 6 test cases.

Metric By B Bs

Schema validity 100.0% | 100.0% | 100.0%
Field coverage 80.4% | 80.4% | 83.7%
Type accuracy 59.3% | 55.1% | 61.7%
Operation mapping | 50.0% | 83.3% | 50.0%
Overall 72.4% | 79.7% | 73.9%

The evaluator computes four metrics per test case and aggregates over the six cases. Schema validity
verifies that the predicted JSON parses as OpenAPI 3.0. Field coverage measures the fraction of
gold-standard fields that appear in the prediction. Type accuracy measures whether matched fields
have the correct JSON type. Operation mapping measures whether the HT'TP verb assignment
and the path match for each operation, scored as the mean of method match and path match. The
aggregate score combines the four metrics with equal weighting. Table 1 reports the per-system
results.

2https://github.com/lucasjellema/soasuitehandbook
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By leads at 79.7%, while By (73.9%) and By (72.4%) trail by roughly six to seven percentage points
and sit within 1.5 points of each other. The overall ranking is driven by a single metric: By leads on

both field coverage and type accuracy, but B;’s decisive advantage on operation mapping outweighs
both.

B, achieves the highest field coverage (83.7% against 80.4% for both other systems) and the highest
type accuracy (61.7%). Notably, static retrieval alone does not produce this gain: B; matches By
exactly on field coverage. Only the agentic configuration recovers the additional XSD-level field
and type information.

The metric that produces B;’s overall lead is operation mapping, where B; reaches 83.3% while
By and B, both sit at 50.0%. The decomposition is informative: the operation-mapping score is
the mean of method match and path match, and the 50.0% figure for By and Bs corresponds
to consistently correct HTTP verb assignment (100% method match) paired with a path that
does not match the gold (0% path match). The failure mode for By and B, is therefore path
style rather than verb selection: the systems produce REST paths that map operations to logi-
cally reasonable but syntactically different URLs than the gold standard prescribes (for example,
/orders/{orderId}/items versus /orderItems). B scores higher on this metric because the
static rules embedded in its prompt include the Boomi path conventions explicitly, so its paths
align with more often.

The overall spread of roughly seven percentage points reflects the nature of the task. Schema-level
field mapping is a task GPT-4.1 already does well from parametric knowledge; the retrieval-
augmented systems gain over the baseline only to the extent that they apply the handbook’s
domain-specific conventions (Boomi path styles, verb prefixes, fault mapping patterns), which the
model would otherwise have to guess. The agent-augmented configuration (Bs) does not reach
the static-retrieval configuration (Bj;) overall on this task: Bs’s gains in field coverage and type
accuracy are outweighed by B;’s advantage in path conventions, leaving B, only 1.5 points above
the LLM-only baseline.

5.1.2 Capgemini Production Data — Industrial Validation

UC1.2 is the original motivating experiment of the thesis. Two production legacy XML files were
provided by the Capgemini integration cluster, each accompanied by its XSD schema and WSDL
service contract, and the agent was tasked with producing the equivalent modern JSON for each.
Because n = 2 does not support a comparison across the three baselines, only By was evaluated;
the purpose here is industrial validation rather than baseline ranking.

The validation follows operational Capgemini practice rather than offline field comparison. Each
agent output was imported into Boomi, the iPaaS tool used by Capgemini, and configured into a
downstream mapping through its visual interface. An output is considered correct when every field
maps to a destination field, type compatibility holds throughout, and the resulting process executes
without configuration errors; this tests not only structural correctness but the practical usability
of the output in the environment for which it is intended. Both files passed: no type mismatches
occurred, no missing fields were reported by the Boomi validator, and manual inspection confirmed

14



that all source fields are represented, that the Dutch comma decimal format is correctly converted
to the international point format, and that the result follows the conventions used elsewhere in the
Capgemini Boomi environment.

UC1.2 therefore yields a quantitative result of 100% accuracy on n = 2 alongside the quali-
tative result of a successful Boomi import. Boomi mapping validation is the check a Capgemini
integration engineer applies before approving any conversion for production, so passing it on two
real artifacts is meaningful evidence of operationally usable output. To validate the accuracy of this
mapping, the Boomi process was deployed behind a Web Listener and exposed as a REST service.
The legacy XML was sent to it as the body of an HT'TP POST request from an external client. It
also authenticated with Basic Auth against a Capgemini test account. The endpoint returned the
converted JSON directly, and the response matched the design-time output: every field was present,
the numeric values carried the international decimal format, and the document was well-formed.
This confirms that the mapping behaves correctly not only inside the Boomi designer but also when
invoked as a live service, which is the form in which it would be consumed in production.

5.1.3 FHIR R4 XML — JSON — Cross-Domain Validation

The third leg of UC1 extends the schema-migration evaluation into a new domain. UC1.1 demon-
strated the agent’s behaviour on legacy Oracle SOA to Boomi REST mapping, the corpus on
which the knowledge base was built. UC1.2 demonstrated industrial validity on Capgemini-provided
production data. UC1.3 tests cross-domain transferability: whether the same agent, with the same
Instructions block and the same retrieval loop, works on a schema migration of another setting,
healthcare interoperability, rather than enterprise integration.

The use case is FHIR R4 XML to JSON conversion. FHIR (Fast Healthcare Interoperability Re-
sources) is the dominant standard for healthcare data exchange. The R4 specification publishes each
resource definition in two equivalent serialisations, XML and JSON, and many existing healthcare
systems hold their FHIR records as XML while modern APIs have largely converged on JSON.
The migration task is direct: parse the XML, apply FHIR’s R4 XML-to-JSON mapping rules, and
emit valid JSON.

The XML sources are drawn from the official HL7 FHIR R4 specification examples corpus. Each
test case has a gold-standard JSON, structurally validated against the FHIR R4 JSON schema
and checked manually for correct type coercion (XML’s value="true" becoming JSON’s true,
value="1" becoming 1, repeated elements becoming JSON arrays). Each test case is rich enough
to be informative — the Patient case alone contains roughly fifty fields across nested structures,
including two FHIR primitive extensions and a deeply nested contact subresource.

Table 2 reports the per-system results.
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Table 2: UC1.3 evaluator output. Averages over n = 10 test cases.

Metric BO Bl B2

Schema conformance 100.0% | 100.0% | 100.0%
Field key accuracy 100.0% | 100.0% | 99.32%
Value accuracy 100.0% | 96.19% | 99.32%
Type coercion accuracy | 100.0% | 100.0% | 100.0%

Four metrics are computed per test case and then averaged. Schema conformance checks whether
the predicted JSON’s resourceType matches the gold’s and whether the document parses as valid
JSON. Field key accuracy measures, of the dot-notation field paths in the flattened gold (e.g.
identifier[0] .type.coding[0] .code), what fraction appear in the prediction. Value accuracy
measures of those matched paths, what fraction have matching values. Type coercion accuracy
measures, among gold fields whose value is a boolean or a number, what fraction the prediction
also typed correctly, rather than as a JSON string.

The fourth metric is the FHIR-specific differentiator and the most informative on this task. In
FHIR XML, every primitive value is serialised as an attribute string (value="true", value="1").
A correct JSON conversion must coerce these into real booleans and real numbers; strings will
validate as JSON but will fail downstream healthcare integrations that expect typed values. A
self-test of the evaluator on the gold standards against themselves yields 100% on all four metrics.

The ten source XML files are drawn from the official HL7 FHIR R4 specification examples. These
files have been publicly available since the FHIR R4 ballot in 2018. They are among the most
widely referenced examples in healthcare interoperability. There is a meaningful probability that
GPT-4.1’s training corpus includes either these XML files, their JSON counterparts, or both.

If the training corpus contains the canonical JSON form of the Patient example, then a system
asked to convert that XML to JSON can succeed by recall from parametric memory rather than
by applying transformation rules. The XML input cues the model to reproduce the corresponding
JSON output, and the transformation never has to happen.

There is a small piece of indirect evidence. By scored 100% on value accuracy — an exact-string
match between every flattened field in every prediction and every gold. B; scored 96.19%. The
slight drop in B is explainable because when the prompt embeds explicit transformation rules and
asks the model to apply them step by step, the model is nudged away from pattern-completing
from memory and toward rule application. Rule application introduces minor formatting differences
(a trailing zero on a decimal, a whitespace choice, a coercion that is technically correct but does
not exact-string-match) that exact comparison penalises. This is the pattern one would expect if
By is largely reproducing memorised output while B; is doing more transformation work.

UC1.3 is therefore interpreted as a sanity check on cross-domain applicability. The agent does not
break any artifacts of FHIR, and it produces well-formed FHIR R4 JSON outputs. However, this
case cannot be a discriminating benchmark of the retrieval and agent layers. Therefore, the thesis
comes with UC2 (BPEL to ASL, where the spread is wide and provenance discipline explains it) and
UC3 (async pattern design, where the spread is narrow and source-fidelity discipline differentiates
qualitatively).
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One result worth reporting on its own is the 100% type coercion accuracy across all three systems.
Type coercion is the specific challenge that distinguishes correct FHIR conversion from naive
XML-to-JSON conversion: a converter such as xmltodict emits every value as a string ("active":
"true" rather than "active": true), which is enough to break FHIR-aware consumers down-
stream. All three systems instead produce the correct typed values across every boolean and numeric
field in the test set. For By likely through training exposure combined with its ability to emit
typed JSON, and for B; and Bs, because the retrieved rules and the knowledge base both call
out the requirement explicitly. The practical implication: a naive xmltodict.parse would fail this
metric across the board, so even without ranking the three systems, the use case shows that LLM-
based conversion outperforms naive deterministic conversion on the FHIR-specific aspects of the task.

Four threats are flagged. The training data exposure discussed above is the single largest one,
and UC1.3 should not be read as evidence of retrieval value for novel FHIR data. The test set
is informative but small at n = 10; a larger evaluation with adversarially modified artifacts —
renamed fields, novel resource combinations, and out-of-distribution extensions — would be needed
for a quantitative cross-domain claim and is left to the concluding chapter. The gold standards
are hand-prepared and reflect one reading of the FHIR R4 JSON specification, particularly for
edge cases such as primitive extension placement (FHIR’s _fieldName properties). Finally, the
value-accuracy metric uses trimmed string comparison, so a coercion-correct "1.0" against a gold
1 need not match — the most plausible explanation for B;’s 96.19% value accuracy, which a more
type-aware comparator would likely narrow.

5.2 UC2 — BPEL Orchestration to AWS Step Functions

UC1 measured how well the agent maps individual fields between schemas that the agent has
visibility into on both sides. UC2 tests something different. It tests whether the agent can translate
control flow between two formal workflow languages that share concepts but differ in syntax and
execution semantics. Our source language is BPEL, which is the orchestration language Oracle
SOA Suite uses to describe the steps of a business process. The target is Amazon States Language
(ASL), the JSON format that AWS Step Functions also uses to describe step-by-step workflows
in the cloud. Both languages express a sequence of steps for the workflow with branches, waits,
and external calls. However, BPEL processes use activities, ASL workflows use states for the same
workflow operations. Additionally, some BPEL constructs such as scopes, compensation handlers,
and link types have no direct ASL equivalent. This necessitates actions such as re-expression or a
drop in the transformation. The task is an example of a legacy activity-to-cloud state transition
but not a field-to-field mapping.

The source process is QuickAndSlowProcess.bpel, this time taken from chapter 9 of the Oracle
SOA Suite handbook corpus®. It implements a cache-aside pattern, which is a common lookup
strategy. When a request arrives, the process must check the cache for an answer. If the answer
is already there, it should immediately be returned. If it is not, the process does the slow work
and stores the result in the cache to return it. A five-second <wait> stands in for the expensive

3https://github.com/lucasjellema/soasuitehandbook
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computation.
The full activity tree contains seven distinct named activities:

e SetCacheTag — an assign;

e RetrieveFromCache — a bpelx:call to the CoherenceCacheRetriever;

IfDataInCache — a conditional with two branches;

SetIntermediateResult — an assign that writes a literal result;

ArtificiallLongProcessing — the five-second wait;

PutPayloadOnCache — a bpelx:call to the CoherenceCacheWriter;

AssembleResponse — a final assign that builds the response string via XPath concat.

The process begins with a <receive> and ends with a <reply> on the same partner link. So that
the caller waits for the answer within a single request-response exchange without another callback.

This BPEL was selected because the cache-aside structure already has five of the ASL state types
in a single small process (Pass, Task, Choice, Wait, terminal), making it reliable to prepare a gold
standard from.

To understand clearly which state in the new ASL matches the original BPEL, an evaluation is
necessary. The evaluator was therefore designed to reward two things at once: that the ASL is
correct and that each state can be traced back to its source activity. This evaluator should be able
to grade an arbitrary ASL JSON against the gold design without using the same gold standard’s
state name. Any sensible name should be acceptable, but that gives credit to the provenance of the
migrated artifact.

Five weighted metrics are computed:

e ASL validity (10%) — the JSON parses, StartAt and States are present, and at least one
state terminates the machine.

e State extraction F1 (30%) — for each of the seven gold roles, the evaluator looks for a
predicted state of the matching ASL Type whose name equals the source BPEL activity name
verbatim, or whose Comment field cites it; a state may match at most one role, with precision
over the predicted state set and recall over the gold role set.

e Control flow (30%) — for each of the seven gold transitions between roles, whether a path
can be found in the predicted state graph from the source role’s mapped state to the target
role’s mapped state, allowing extra intermediate states and bounding reachability to six hops.

e Task binding (20%) — whether the two cache-related Task states carry Resource and Retry
blocks.

e Synchronous semantics (10%) — whether the role-mapped response-assembly state produces
a string via States.Format or an equivalent construct.
Table 3 shows the per-system results.
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Table 3: UC2 evaluator output.
Metric B[) Bl B2
ASL validity 100.0% | 100.0% | 100.0%
State extraction Precision | 0.0% | 70.0% | 77.8%
State extraction Recall 0.0% | 100.0% | 100.0%

State extraction F1 0.0% | 82.4% | 87.5%
Control flow (edges) 0.0% | 100.0% | 100.0%
Task binding fidelity 0.0% | 100.0% | 100.0%
Synchronous semantics 0.0% | 100.0% | 100.0%
Overall 10.0% | 94.7% | 96.2%

The headline is the gap: By scores 10% while By and Bj score 94.7% and 96.2%. This spread of
roughly 85 points is by far the largest

By has correct ASL with parsing, and it has the expected nine states. However, the control flow
internally consists of correct external call states and final states; it did not give the accurate
labelling. By renamed every state in its own words (SetCacheTag became ComputeCacheTag,
RetrieveFromCache became CacheGet, IfDataInCache became CacheHitChoice) and wrote com-
ments that describe what each state does rather than which BPEL activity it came from. The
evaluator cannot match any of these states to a source activity, and because every other check
(control flow, task binding, semantics) is measured over the matched states, they all collapse to
zero as well.

To confirm that the underlying ASL is in fact correct, the original By output was taken and only
relabelled: each state was renamed to its gold counterpart and its comment rewritten to cite the
source activity, with no change to any state type, ARN, Retry block, parameter, or transition.
After relabelling, the score rose to 92%. Eighty-two of the missing ninety points are therefore not
about whether the translation is correct but about whether it is traceable: By produced a correct
artifact with no provenance metadata, whereas By and By keep the BPEL activity names verbatim
and add Comment fields such as "BPEL <assign name=’SetCacheTag’>". The evaluator may be
too strict, but in this setting it is important that the output works and can be traced back to the
source. Otherwise it requires a manual annotation pass before it can be deployed.

By (LLM only) generated nine states characterized by standard internal capitalization naming
conventions and operational, rather than provenance-oriented, Comment fields. Structurally, By
partitioned the response assembly phase into two distinct states—AssembleResponseFromCache
and AssembleResponseFromLocal—instead of converging both cache branches into a single, unified
state. Additionally, it concludes with a Succeed state instead of specifying End: true on the final
Pass state. Ultimately, both of these structural modifications constitute stylistic choices that are
valid in ASL and guarantee identical runtime behaviour.

By (Traditional RAG) produced states with names accurately matching the BPEL activities and

comments citing them in prose. One extra pass-through state (ReturnResponse) with no gold coun-
terpart is the reason precision is 70% rather than 100%. Task Resource ARNs use the literal Lambda
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pattern (arn:aws:lambda: . . .) rather than a service integration form (arn:aws:states: : :lambda: invoke);
both are acceptable.

Bsy (Schema-Mapping Agent) produced nine states with exact BPEL names and a more compact
Comment citation that also names the BPEL element type, e.g. "BPEL <extensionActivity><bpelx:call>
RetrieveFromCache". B, produces one fewer spurious state than Bj: it does not add the pass-
through state (ReturnResponse) that B; produces. This is the main reason for the precision
difference between the two baselines (77.8% versus 70%).

Three key points are flagged regarding these results:

e Strict Evaluation Criteria: A lenient evaluator comparing only ASL Type sequences would
have scored By much higher. Consequently, the headline numbers should be read in conjunc-
tion with the relabelled-By result (92%). This strict approach is deliberate, since traceability
represents a genuine success criterion in industrial migration practice.

e Sample Size Limitations: Because UC2 evaluates a single BPEL process (n = 1), the
identified pattern can only be claimed for a representative cache-aside synchronous process from
the same corpus as UC1, not for BPEL workflows in general.

e Gold Standard Subjectivity: The gold standard inherently encodes specific opinions about
idiomatic ASL, such as configuring TimeoutSeconds: 30, adopting the service-integration ARN
form, and defining the UseCachedResult intermediate state. Another author could compose an
equally valid gold standard against which the same agent outputs would yield different scores.

The UC2 result can be interpreted in two ways, depending on the baseline in focus. Against the
LLM-only baseline, it is a dramatic demonstration of retrieval value: a gap of roughly 85 points, the
largest any use case produces, showing that discipline around migration provenance is something
the plain LLM does not bring on its own.

Against the Traditional RAG baseline, it is incremental: B, scores 1.5 percentage points above
By, an edge that comes entirely from By emitting one fewer spurious state than B; and so scoring
slightly higher on state-extraction precision. The agent’s contribution is therefore large at the
methodological level (relative to no retrieval) and small at the architectural level (relative to static
retrieval). It is also worth noting that UC2 is where the knowledge base is most visible, yet teaches
the least surprising lesson: the rule that every ASL state should name its source BPEL activity is
the kind of guidance a migration handbook prints on its second page. By missed it because nothing
pointed it out; By and By followed it because they were pointed at it.

5.3 UC3 — Asynchronous Pattern Design

UC1 and UC2 evaluated the agent on tasks with at least one defensible reference answer, and each
of them was scorable against a gold standard. Asynchronous SOAP services do not admit a single
canonical modern equivalent. The same legacy contract can be migrated in at least three ways:
a webhook design, in which the server delivers the result by calling back an address the client
supplies; a polling design, in which the client repeatedly asks the server whether the result is ready;
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or a server-sent-events (SSE) design, in which the server keeps a connection open and streams
the result to the client. Each carries different operational tradeoffs, and each is defensible under
appropriate conditions. UC3 therefore tests whether the agent can reason about multiple legitimate
alternatives, articulate their tradeoffs, and justify a recommendation grounded in the source contract.

The source artifact AsynchKelvinToFahrenheitProcessor.wsdl is from chapter 23 of the Oracle
SOA Suite handbook corpus?. It defines an asynchronous one-way SOAP service: a provider port
type with a single input-only operation (requestKelvinToFahrenheitConversion) paired with
a requester-side callback port type (replyKelvinToFahrenheitConversion) bound by a BPEL
partnerLinkType with two roles.

The three systems used the same model (GPT-4.1), temperature (0.0), and response limit as UC1:
By as a plain LLM completion, B; with the relevant async-SOAP-to-REST rules embedded as
literal prompt text, and By inside the same Azure Al Foundry agent as UC1 (identical instructions,
same knowledge base, and no per-use-case tuning).

All three were asked for three OpenAPI 3.0 specifications, each with a rationale and risks, plus a
recommendation. Requiring three designs rather than one is deliberate: it removes the single-answer
assumption and surfaces the agent’s ability to reason about alternatives. The six dimensions were
scored on an ordinal 0/1/2 scale.

e D1 coverage: Three genuinely distinct patterns rather than variants of one.

e D2 spec validity: Each OpenAPI document well-formed with its pattern-specific structure,
e.g. the SSE design’s text/event-stream content type.

e D3 tradeoff articulation: Each rationale cites at least one operational tradeoff such as cost,
network topology, idempotency, or scaling.

e D4 risk identification: Pattern-specific risks.

e D5 source fidelity: Faithful preservation of the input/output semantics, the asynchronous
nature, and the two-port-type structure.

e D6 recommendation quality: A final recommendation grounded in the source contract and
explicit about why the rejected designs were rejected.

Table 4 presents the scoring results.

The headline result is convergence rather than separation: all three systems recommended the
polling pattern, and the spread between B, (10/12) and By /B (both 11/12) was a single rubric
point. Unlike UCI.1, where metric scores separated the systems (By 72.4%, By 79.7%, By 73.9%),
and unlike UC2’s large evaluator-driven gap, UC3 shows the three systems arriving at essentially
the same answer.

The scoring table conveys the magnitudes; the following observations convey the differences in kind,
drawn from reading the three outputs side by side.

“https://github.com/lucasjellema/soasuitehandbook
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Table 4: UC3 per-dimension scores. Each cell is the system’s score on the corresponding dimension;
the final row gives totals.

Dimension By | B | By
D1 Coverage of three designs
D2 Spec validity

D3 Tradeoff articulation

D4 Risk identification

D5 Source fidelity

D6 Recommendation quality
Total (max 12) 10 | 11 | 11

DO (DN DN —| DN
DI
DO DN DN DN M| DN

Source-contract fidelity serves as a key differentiator between the systems, even when their quanti-
tative scores are close:

e Baseline By Deviations: Although it produced a usable webhook design, By failed to align
with the source contract. First, it introduced a meaningless /callback-example path, ignoring
that the real callback URL is client-supplied at request time. Second, its recommendation
referenced "the BPEL stateful process model,” despite the source artifact containing no BPEL,
only a WSDL async port type pair.

e Baseline B; Alignment: B; avoided these errors by enumerating the two source operations in
its validation report and directly tying them to their respective REST counterparts.

e Baseline B, Structural Reasoning: B, also avoided Bj’s mistakes, noting that polling
closely matches the legacy contract. It uniquely mapped the one-way-plus-callback shape to
a POST-plus-GET structure, making it the only baseline to reason about the source by its
structural shape rather than just operation names.

This behaviour demonstrates a quality dimension that automated metrics cannot capture: it mea-
sures whether the source artifact was genuinely referenced during the generation process, rather
than just evaluating if the output is abstractly defensible.

The output of the Agentic RAG baseline concluded with an explicit statement tracing its mapping
rules and schema details back to the retrieved ks3 and protocol pattern rules. We can analyse from
here that the retrieval was active during the generation. This attribution was made at the broad
knowledge-container level instead of citing individual rule identifiers. From the output alone, it is
impossible to determine whether this reflects an inherent choice by the agent to cite file granularity
rather than rule granularity.

For this use case, it is clear that By’s retrieval was demonstrably active during the run, but the
granularity of evidence available to an external auditor is coarse.

The qualitative methodology applied here introduces specific threats to validity that were not present
in the quantitative evaluation of UC1. First, this use case evaluates only a single asynchronous SOAP
service (n = 1). Consequently, it should be interpreted as a focused case study of a single example
rather than a generalized claim about asynchronous-to-REST migrations. This single-source scope
was deliberately chosen to keep the qualitative evaluation dimensions manageable.
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The ordinal 0/1/2 scale introduces potential bias, especially when evaluating complex dimensions,
such as D3 and D6.

By was evaluated using the knowledge base in the original UC1 state. Although a dedicated,
asynchronous-specific corpus was prepared, its formal re-evaluation is left for future work. Notably,
this constraint makes the convergence finding more compelling, as By successfully matched B,
(which held the relevant rules directly in its prompt) using only a general corpus.

UC1 showed that the agent matches Traditional RAG on a precise mapping task, with both ahead
of the LLM-only baseline. UC3 shows the same pattern in an open-ended design task with no single
correct answer. The agent’s recommendation is as good as the Traditional RAG recommendation
and slightly better than the LLM-only baseline. The difference appears in two qualitative aspects
that UC1’s metrics cannot measure: whether the source contract is followed faithfully and whether
the recommendation is explicitly grounded in it.

Together, the two use cases mark the boundaries of what the agent can and can not do. UC1
shows that it can be precise when there is a clear definition of the correct output. UC3 showed it
can produce an adequate answer when the deciding criteria are more disciplined, rather than its
correctness.

6 Discussion

The five use cases evaluated whether retrieval-augmented agentic reasoning helps with legacy-
to-modern migration from different angles. With different datasets, different tasks, and different
answers, we can find when retrieval and agentic loops add value and when they do not.

Figure 1 summarises the results spread across the four out of five use cases. UC1.2 is validated
operationally and is not shown.
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Figure 1: Per-use-case results summary

UC1.1 uses the four-metric aggregate (schema validity, field coverage, type accuracy, operation
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mapping)

UC1.2 uses enterprise evaluation (not shown in this figure)
UC1.3 uses field-path matching with type coercion

UC2 uses provenance-aware ASL state extraction

UC3 uses a qualitative rubric with six dimensions.

Combining the results, a heuristic emerges for predicting when retrieval-augmented systems will
outperform an LLM-only baseline.

Retrieval value is high when the task requires discipline external to the content. UC2 is the clearest
example. The semantic translation between BPEL and ASL is well within GPT-4.1’s performance.
By’s output, with its names changed to the correct names, scored 92% on the same evaluator.
What B, lacked was the discipline to preserve source activity names and write traceable Comment
annotations. The retrieval-augmented agents had access to a rule prescribing exactly this, and they
followed the rules. The rule was describing specific migration practices, and it does not emerge
from the model’s pre-training alone.

Retrieval value is moderate when the task uses specialised vocabulary that the model knows partially.
UC1.1 fits here. SOA WSDL elements, REST OpenAPI structures, and the mapping between them
are well represented in pre-training, but the specific conventions the migration handbook uses (verb
prefixes, path style, fault mapping) are not. By outperforms By by a clear margin (7.3 points) and
By by a small one (1.5 points), precisely to the extent that they apply the handbook’s conventions.

The retrieval value is low when the task is within the parametric capability. UC3 fits here. Designing
three alternative async REST patterns and writing rationales is the kind of explanatory reasoning
that GPT-4.1 does well, even without retrieval. By did not fail at producing three patterns, writing
tradeoff analyses, or recommending one of them. This is why, in AI Agent architectures, LLMs
serve as the primary decision-making engine | ]. It only failed at source-contract fidelity, and
a more specific deficiency that did not translate into a large rubric-score gap.

Retrieval value cannot be measured when training data leakage is plausible. UC1.3 fits here. The
HL7 FHIR R4 spec examples are publicly available and likely present in GPT-4.1’s training corpus.
A system that succeeds because it remembers the gold standard from training does not need
retrieval to succeed.

These four conditions aren’t mutually exclusive. UC1.1 mostly follows the specialised-vocabulary
pattern, but it also shares a bit of the discipline pattern through its HI'TP verb conventions and fault
mapping. Similarly, UC3 fits the within-parametric capability pattern, though the source-fidelity
results show a subtle layer of discipline during the qualitative analysis. Finally, these categories
work better as a practical guide rather than a strict, clean partition.

Another condition was UC1.2 (Capgemini-provided production data, B, only, n = 2, manual
validation at 100% accuracy). This condition does not fit the spread analysis because it ran only in
an integration tool. For this study, it adds external validity alongside the academic value of the
other results. The used dataset was not publicly available, and 100% manual accuracy on those two
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production schemas is the strongest available evidence that the agent’s behaviour is not specific to
the training-data-overlap conditions of the other use cases.

The other question in this experimental setup was about the value that Agentic RAG adds to
legacy-to-modern migration scenarios. The measured output differences are not so high, but the
difference is in how the setup behaved beyond a list of tasks. Each By prompt in this thesis was built
knowing in advance which rules the use case would need. This is not suitable for production-level
because classifying every new job by hand is fragile, and putting the entire rule corpus into every
prompt eventually overruns the context window. The agent picks the right rules itself at runtime,
which allows a single configuration to handle tasks that have not been pre-labelled.

In some migration scenarios, particularly in tasks where the target structure must be verifiable
against the source (like UC2), the agent’s advantage lies in scalability rather than accuracy per
task. LLMs are able to do well on open-ended designs, canonical-format conversions, and common
API patterns if the risk of over-engineering is not taken into account.

7 Conclusions

In this thesis, we attempted to discover how retrieval-augmented agentic reasoning would improve
legacy-to-modern migration. Therefore, the main research question is as follows:

How can intelligent agents be designed to autonomously interpret and transform heterogeneous data
formats during legacy-to-modern system migration, leveraging Retrieval-Augmented Generation to
map disparate schemas and protocols with minimal human intervention?

The answer developed and evaluated in this thesis is a domain-specific agent that combines a
retrievable knowledge base of migration rules, an iterative agentic workflow, and a general-purpose
language model as a reasoning engine. This agent was compared with an LLM-only baseline (By)
and a Traditional RAG baseline (Bj). The testing environment was across five use cases spanning
schema mapping, industrial validation, orchestration translation, and open-ended design.

The Agentic RAG design outperforms when the tasks require knowledge or discipline that the model
does not bring itself; such as the domain conventions of the schema benchmark in UC1.1, and most
decisively the migration provenance requirements of the orchestration task in UC2, where preserving
source activity names and traceable annotations produced the largest separation observed in the
study.

The agentic workflow enables this through the agent’s sequential design:

Plan — Retrieve — Transform — Verify — Correct

The instruction set directs the agent to apply retrieved rules consistently rather than mentioning
them once and dropping them; the extent to which the verification steps specifically drive this
behaviour could not be isolated (Section 6). Where the task lies within the model’s parametric
capability (UC1.3, UC3), this loop adds little that the metrics can detect, although the qualitative
findings on UC3 show that B, still exercises more source-fidelity discipline than the LLM-only
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baseline.

Additionally, industrial validity was established by the Boomi platform in Capgemini settings. We
can conclude that the transformation can be done with minimal human intervention; however,
validations still remain human and tool-driven.

The first sub-question asked which stages of legacy-to-modern migration intelligent agents can
support, and in which roles.

The evaluation maps these capabilities onto three distinct stages:

e Schema-level migration (5.1): The agent acts as a transformer, converting legacy XML/XSD
structures into modern typed JSON.

e Orchestration migration (5.2): It acts as a translator and annotator, converting control flow
between two workflow languages while keeping each target state traceable to its source activity.

e Design-stage migration (5.3): It acts as an advisor, producing alternative modern designs
with their tradeoffs and a recommendation grounded in the source contract.

The second sub-question asked how iterative retrieval, reasoning, and transformation mechanisms
contribute to accurate mapping. Two mechanisms proved decisive across the experiments:

¢ Runtime retrieval as routing: The agent fetches the rules a given task needs without those
rules being known in advance. This is what allows a single agent configuration to handle different
task types at accuracy comparable to per-task Traditional RAG prompts, without manual
pre-description.

e Rule-following as discipline: The largest measured gains came not from better translation but
from the agent applying retrieved rules that the model would not otherwise follow, particularly
provenance annotation. UC2 demonstrates this most clearly: By’s ASL output was structurally
correct but failed at traceability, while B, and B, followed the same retrieved rule and produced
auditable output.

The iterative verification and correction steps contributed less than anticipated at the measured
level: on no use case did the agentic loop produce output noticeably better than static retrieval on
the metrics. This is treated as a boundary of the evidence rather than as proof that the loop is
unnecessary, for the reasons set out in Section 6.

Taken together, the answer to the main question is that an effective migration agent is designed
around an explicit, retrievable rule corpus rather than around model capability alone. The model
supplies the translation, the knowledge base supplies what correct migration means in the target
organisation, and the agent’s contribution is to bring the two together at runtime, task by task,
without per-task engineering.

This division of responsibility also indicates when each design tier is appropriate. A plain LLM is
sufficient when the task carries no specific requirements. A static retrieval design suffices when the
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task follows a fixed set of conventions known in advance. The agent design earns its operational
cost on tasks that must be traceable, auditable, and conformant to rules the model cannot guess
on its own. The conditions of this study showed retrieval-augmented agentic reasoning to be most
decisive.

8 Limitations and Future Work

8.1 Limitations

Several limitations constrain the interpretation of the results presented in this thesis.

1. Sample size. With the exception of UC1.1 (n = 6) and UC1.3 (n = 10), each use case
evaluates a small number of artifacts (UC2, n = 1; UC3, n = 1; the Capgemini industrial
validation, n = 2). These sample sizes support pattern observation but not population-level
statistical claims.

2. Circularity between gold standards and the knowledge base. The gold standards
for UC1.1 and UC2 were derived from the same source documents used to construct the
knowledge base, which limits the extent to which retrieval performance can be distinguished
from alignment between the gold standard and the retrievable content.

3. Training-data exposure. The FHIR R4 examples used in UC1.3 have been publicly available
since 2018 and are likely present in GPT-4.1’s training corpus, confounding the evaluation of
retrieval value on this use case.

4. No instrumentation of the agentic workflow. The VERIFY and CORRECT stages
were not separately instrumented, and their individual contribution could not be isolated
from that of retrieval.

5. Single model and retrieval engine. All experiments use GPT-4.1 and Microsoft’s Foundry
IQ retrieval engine; results may not generalize to other language models or retrieval architec-
tures.

8.2 Future Work

The limitations above motivate the following directions.

1. Larger industrial sample : A larger volume of Capgemini-provided production schemas
would allow the industrial validation to be evaluated with the same rigor as the academic
benchmarks, bridging the gap between the academic benchmarks and real production migra-
tion.

2. Scaling UC2 and UC3 A broader dataset of BPEL processes of varying complexity and
several asynchronous services is needed to test the provenance and source-fidelity findings as
patterns rather than isolated case studies.
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3. Adversarial cross-domain evaluation Modified FHIR artifacts — renamed fields, novel
resource combinations, out-of-distribution extensions — would measure retrieval value on
genuinely novel healthcare data.

4. Ablation of the agentic workflow (Limitation 4). Instrumenting the VERIFY and
CORRECT stages individually, and comparing configurations with and without them, would
clarify their contribution relative to retrieval alone.

5. Replication with other models Repeating the benchmark with other language models
and retrieval engines would test whether the observed patterns are model-specific.
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