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This publication presents an established engineering-driven framework for pipelining large language model
(LLM) agents for automatic code translation. The framework is applied in a long-term ongoing industrial
project with Danfoss Power Solutions aimed at translating five million lines of Delphi to C#. To manage this
scale, the source codebase is divided into translatable chunks, which are processed independently through an
agentic LLM pipeline, with subsequently the reassembly of the translated code chunks in the target language.
Due to the inherent stochasticity of LLMs, the framework incorporates processing and validation functions to
ensure consistency and correctness. As an extended version of our short paper (Bruneel et al., 2025), this
paper provides a significantly more comprehensive architectural blueprint. Specifically, we present an in-
depth background & related work section, formalise the chunking and reassembly strategies, detail the internal
mechanics of agent stages, and introduce sequential agent orchestration alongside the dynamic LLM pipeline
architecture. Furthermore, we report early empirical observations regarding the pipeline’s computational
overhead, validation dynamics, and translation quality, noting a practical impact of an initial 10x acceleration
over estimated manual translation efforts. Ultimately, we share these expanded insights to inform future

development and application in similar large-scale translation tasks.

1. Introduction

Automatic code translation has become an important area of re-
search and development, driven by the continued reliance on legacy
programming languages in critical systems. Many of these systems,
often written in languages such as COBOL, Fortran, or Delphi, continue
to power finance, governments, and manufacturing but suffer from
maintainability issues, a shortage of developers, and incompatibility
with modern software ecosystems. While manual rewriting of legacy
code is possible, it comes with significant costs and time investment;
for larger projects, it even requires maintenance during translation. In
contrast, automated translation offers a more scalable way to mod-
ernise codebases, minimising time and costs, and thereby supporting
long-term sustainability.

The pipeline approach presented in this study is tied to an industrial
case with Danfoss Power Solutions and involves a large codebase of
approximately five million lines of code (MLoC) written in Delphi. As
Delphi becomes increasingly niche and less commonly used, system
maintenance becomes more difficult and costly. The objective is to

reimplement the full codebase in C# using .NET. A manual trans-
lation of this is estimated to require 3700 person-months of work,
given an average monthly pace of 1000 lines of code per developer,
as per the company’s estimate, highlighting the strong need for an
automated solution. In a pre-study [1] of this project, two approaches
were evaluated: the first, a Delphi-to-C# transpiler; and the second,
LLM translation. The study showed that the LLM track would be faster
but would require more manual interaction. Furthermore, the LLM
approach would also be better suited for future challenges such as
handling other programming languages, test generation, documenta-
tion generation, and code optimisation. Consequently, the LLM-based
method was chosen for the automatic translation.

While general-purpose LLMs are capable of performing a wide range
of tasks, they often trade depth for breadth and remain too general.
In contrast, a collection of specialised expert models, each fine-tuned
or prompt-engineered (instructions) for specific task completion, can
outperform a single general model. In the context of code translation,
specialised agent models can be tuned for specific subtasks (e.g., code
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translation, test generation, compiler error correction, and parser warn-
ing resolution). However, using a set of expert models instead of a
single model requires careful orchestration through pipelining to ensure
seamless task coordination and consistency. We present the design
and implementation of an orchestrated multi-agent pipeline using an
engineering-driven agentic framework, developed at the outset of our
translation project. To the best of our knowledge, the specific frame-
work notions introduced herein are novel but are strongly grounded
in existing literature and engineering-driven concepts, as automatic
code translation closely resembles manual code translation. Our goal
is to contribute initial insights, design, and practical methods to both
academic research and industrial efforts focused on large-scale code
modernisation.
Our contributions include:

+ A systematic, engineering-driven framework for the design and
orchestration of validatable multi-agent pipelines, demonstrated
within the context of automatic code translation.

A scalable, LLM-centric translation strategy that overcomes finite
context windows and context dilution by integrating AST-driven
source chunking, independent multi-agent LLM processing, and
structural target reassembly.

Two preliminary pipeline architectures (sequential and dynamic)
tailored specifically for the Delphi-to-C# translation, currently be-
ing integrated into a five MLoC industrial modernisation project.
Early empirical observations regarding the pipeline’s computa-
tional overhead, validation dynamics, and translation quality,
including insights into its practical impact with an initial 10x
acceleration over estimated manual translation efforts.

The remainder of this paper is structured as follows. Section 2
provides the background and related work for this research. Section 3
details the general automatic code translation process, including the
chunking and reassembly strategies to handle LLM context windows.
Section 4 presents the LLM pipeline design to orchestrate agents using
validation to verify LLM outputs. Section 5 presents the conceptual
LLM pipelines designed at the outset of the industrial code translation
project. Section 6 discusses the current implementation status and
preliminary observations from the project including initial metrics and
experiments. Finally, Section 7 concludes the paper and discusses future
work.

2. Background & related work

To provide context, we review the evolution from single-agent
systems to collaborative multi-agent orchestrations, with particular
emphasis on their application to automatic code translation. We dis-
tinguish between foundational background and directly related work.
Section 2.1 and the beginning of Section 2.2 provide background
context, illustrating the shift from isolated agents to multi-agent or-
chestrations. In contrast, the latter half of Section 2.2 and the entirety
of Section 2.3 form the direct related work. By examining state-of-the-
art multi-agent software engineering frameworks and repository-scale
translation approaches, these sections lay the methodological foun-
dations for our execution-aware framework. Finally, in Section 2.4,
we describe the extensions made in this publication from preliminary
work.

2.1. Agentic LLMs

An autonomous LLM agent represents the evolution of Large Lan-
guage Models (LLMs) from passive text generators to systems capable
of complex problem-solving and goal-directed behaviour. Rather than
merely producing a response, the LLM-based agent becomes an en-
tity that receives a task, possibly interacts with its environment, and
autonomously executes a sequence of actions until it reaches its ob-
jective. The conceptual foundation of this agentic paradigm lies in
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in-context learning [2] and instruction tuning [3], which enable LLMs
to condition their behaviour on natural language task specifications
without parameter updates. Building on these capabilities, structured
prompting patterns [4] formalise role assignment and behavioural
framing through system-level instructions (the system prompt), allow-
ing the model to adopt task-specific personas and operational con-
straints during execution. Prompting techniques were further devel-
oped to influence internal reasoning, with Chain-of-Thought (CoT) [5]
and Zero-Shot CoT [6]; these techniques demonstrate the generation of
step-wise problem decomposition through reasoning traces, improving
a model’s ability to solve complex tasks. To overcome the limita-
tions of static pre-trained weights and context, agents also need the
ability to act within environments through tool use, as demonstrated
in ToolFormer [7] and ToolLLM [8]. The well-established ReAct [9]
framework unified these paradigms by interleaving reasoning traces
and actions, significantly improving agent capabilities and reducing
hallucinations. Achieving further autonomy, frameworks such as Re-
flexion [10] introduce self-correction mechanisms through verbal rein-
forcement learning, allowing agents to iteratively evaluate and improve
outputs, without expensive weight updates.

Extending the capabilities to software engineering, models such as
Codex [11] enabled natural language-to-code synthesis, while Code-
BERT [12] advanced code understanding. Large-scale models pre-
trained on extensive code corpora demonstrate strong generalisation
and code generation capabilities. Moving beyond static generation,
self-debugging frameworks [13] enable agents to execute generated
code and iteratively repair errors using compiler feedback. Similarly,
LDB [14] refines programs through runtime execution information,
incorporating dynamic information into the repair process. More gener-
ally, Self-Refine [15] improves LLM outputs via iterative self-feedback
and refinement, demonstrating that performance gains can emerge
from structured feedback loops without additional training. This in-
creasing degree of agent autonomy has enabled repository-level systems
such as SWE-agent [16] and RepairAgent [17], which autonomously
navigate and patch complex codebases, laying the groundwork for scal-
able multi-agent orchestrations required for larger and more complex
software engineering tasks such as code translation.

2.2. Multi-agent orchestration

Multi-agent orchestration has seen a surge in interest with the
emergence of LLMs and their potential for automated task comple-
tion, with a large shift from single-model to multi-agent paradigms to
overcome inherent limitations and hallucination risks. He et al. [18]
highlight how collaborative multi-agent systems significantly improve
problem-solving capabilities, cross-validation robustness, and scalabil-
ity across the complete software development lifecycle. By establish-
ing foundational multi-agent interactions, CAMEL [19] demonstrated
autonomous cooperation between agents, introducing a novel “role-
playing” framework in which an “Al user” agent and an “Al assistant”
agent collaborate to solve complex tasks without human intervention.
Addressing more complex problem-solving through human-like group
cooperation, frameworks such as AgentVerse [20] orchestrate a col-
laborative group of expert agents via a four-stage process, featuring a
dynamic “Expert Recruitment” mechanism to autonomously adjust the
group’s composition based on evolving task needs.

Building on this team-based simulation, several agentic orches-
tration frameworks simulate entire software development lifecycles
and teams: ChatDev [21] utilises a sequential chat chain among spe-
cialised roles, MetaGPT [22] enforces structured communication by
encoding human-like Standardised Operating Procedures (SOP) into
prompt sequences of specialised agents, and AgileCoder [23] integrates
agile methodologies with a team of different role agents and dynamic
dependency tracking to continuously refine complex generation tasks.

More specialised systems for code generation, translation, and Au-
tomatic Program Repair (APR) have also been introduced with the aim
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of ensuring both syntactic and functional correctness and equivalence.
Specialised systems such as TRANSAGENT [24] and UniTrans [25] in-
troduce collaborative agentic LLMs tailored for translation, debugging,
and test-driven development. Explicitly addressing incorrect code gen-
eration and self-optimisation, AgentCoder [26] decouples the testing
process through a programmer, test designer, and test executor agent,
while the Self-Organised Agents (SoA) [27] framework utilises the
dynamic production of “Mother” and “Child” agents to scale codebase
generation without exceeding context limits. The trend of collaborative
agents in code translation is particularly evident in Automatic Program
Repair (APR), with a spectrum of approaches, such as FixAgent [28],
which uses a team of debugging agents, and LANTERN [29], which uses
cross-language multi-agent orchestration. As they move towards indus-
trial applications, open-source programming ecosystems have emerged
to facilitate the engineering-driven pipelines required for large-scale
tasks. These include frameworks such as LangChain [30], Agno [31],
AutoGen [32], and CrewAl [33] for the rapid construction and devel-
opment of different agentic paradigms, and communication protocols
such as Google’s Agent2Agent (A2A) protocol [34,35] for structured
agent-to-agent communication.

2.3. Automatic code translation

Historically, automatic code translation has relied on transpilers,
requiring extensive manual work on creating abstract syntax tree
transformations, an approach that becomes exponentially more dif-
ficult when moving away from one-to-one translations. A significant
paradigm shift is occurring with the surge in LLMs. These models have
gained substantial interest due to their capacity for generalisation and
complex problem-solving, driven by continuous scaling that enables
them to handle increasingly sophisticated tasks. Using LLMs not only
eliminates the massive manual effort required to develop transpilers
but also unlocks capabilities that static transpilers simply do not offer,
such as simultaneous code refactoring, bug fixing, and the generation
of accompanying tests and documentation.

The foundation for this shift towards language models was estab-
lished by approaches such as TransCoder [36], which demonstrated the
viability of unsupervised cross-language translation. Subsequent work
moves beyond treating the code as plain text by incorporating struc-
tural [37] and compiler-level knowledge [38]. Even as LLMs grow more
powerful for code synthesis, they still hallucinate; even though they
might output syntactically sound code, the code can still be incorrect
on a functional level [39]. This limitation has driven the development
of execution-aware frameworks that incorporate dynamic analysis [40]
and iterative self-correction [41] to ensure functional equivalence and
correctness. Furthermore, to perform automatic code translation at an
enterprise level, approaches must scale from isolated, smaller-scale
functionalities towards complete repository-scale orchestration such
as AlphaTrans [42] and K3Trans [43]. Building on the necessity of
repository-scale execution and rigorous validation, this work introduces
a collaborative multi-agent pipeline that autonomously orchestrates,
translates, and verifies complex codebases.

2.4. Extensions from preliminary work

This article is an extended version of our short paper presented at
the MLOps workshop [44]. To provide a more comprehensive blueprint,
this extended paper introduces several key additions. We begin with a
significantly expanded background and related work section, contex-
tualising our approach within agentic orchestration and code transla-
tion. This is followed by a more granular formalisation of the AST-
driven chunking and reassembly strategies. Next, we present a more
in-depth breakdown of individual agent mechanics, including tools,
RAG, and delegate agents. Finally, this extended work adds the sequen-
tial pipeline architecture alongside the dynamic pipeline, demonstrated
through a newly added application within the industrial project.
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3. Translation process

The general translation process for a source to target language
codebase consists of three main steps, as illustrated in the diagram in
Fig. 1:

1. Code Chunking: The source codebase is divided into smaller
and LLM-processable chunks, according to the chunking strat-
egy. This strategy is applied to each file in the source project.

2. Agentic LLM Translation Pipeline: The pipeline of LLM agents
translates each code chunk from the source language to the
target language.

3. Code Reassembly: The translated chunks are reassembled to
form the target language codebase, according to the reassembly
strategy. This strategy reconstructs the chunks into a file with a
structure similar to the original source file.

3.1. Chunking

3.1.1. Context windows

LLMs have finite context windows, meaning they are limited to
predefined maximum token sizes per pass. The context windows vary
for different models, e.g., GPT-40 supports up to 128K tokens [45],
Gemini 1.5 Pro up to 2 million tokens [46], and LLama 4 Scout up
to 10 million tokens [47]. Additionally, models may impose further
constraints, such as maximum output token limits, as in GPT-40’s 16K
limit [45]. To process large amounts of information that exceed these
finite context window limits, chunking is applied. Chunking refers to
the process of splitting LLM inputs into smaller, manageable pieces that
fit within the model’s context windows, allowing them to be processed
without exceeding the maximum token limit. Inputs can be divided into
chunks, passed through an LLM pipeline individually, and reassembled
afterward. The same holds for LLM code translation, where entire
codebases cannot be translated in a single model pass. Code transla-
tion requires thoughtful chunking to ensure it is correctly translated
from source to target. In this context, chunking involves dividing the
codebase into smaller, coherent units that represent semantically or
syntactically meaningful blocks, e.g., methods, classes, and objects.

While recent models support increasingly large context windows,
e.g, GPT-5.2 supports up to 400K tokens [48] compared to GPT-
4o [45], it is not always beneficial to maximise the context window.
Processing large inputs as a single chunk can lead to context dilution,
in which the relevance of specific information diminishes within the
broader context. The dilution effect of context prioritisation over long
context lengths has been demonstrated in recent studies [49]. This
occurs because LLMs distribute attention across the entire input, where
important details, even small ones, may be overshadowed by unrelated
or less relevant content. This can have a particularly large effect on
automatic code translation, potentially leading to side effects, incorrect
behaviour, or missing functionality in the translated code. Moreover,
when both context window and output token limits apply, it is critical
to account for the token expansion factor: the difference in token
counts between source and target languages. For instance, if translated
code typically doubles in token count, chunk sizes must be adjusted
accordingly to avoid truncated outputs upon model inference.

3.1.2. Chunking strategy

A Delphi language parser was written from scratch at the start of
the industrial project. The parser extracts the abstract syntax tree (AST)
and code elements from the source. This parsed representation allows
the system to differentiate between high-level architectural structures
and low-level declarations. The AST, therefore, allows for two distinct
chunking strategies:
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Fig. 1. Diagram of the translation process of a code project from source to target language, consisting of the chunking, code translation, and reassembly strategies.

(a) Structural Unit Isolation: For larger and high-level architec-
tural structures such as classes, procedures, and functions, the
chunking strategy uses a depth-first traversal of the AST to
identify complete syntactic units. By following the tree struc-
ture through its leaf nodes and different levels, this approach
ensures that nested logic remains encapsulated within its parent
structure during the isolation process. Each identified structural
unit is extracted as a standalone chunk, which serves as input to
the agentic translation pipeline. The isolation is intentional, as it
provides the LLM with a clear, focused scope, reducing the risk of
overcomplexity and context dilution that might otherwise cause
the model to lose track of specific logic amidst a large volume
of unrelated code.

Heuristic Grouping of Atomic Elements: For smaller code
elements such as variable declarations, type definitions, and con-
stants, a heuristic grouping strategy is applied. Rather than plac-
ing small atomic elements into separate chunks, which would
be computationally inefficient and suboptimal given their low
complexity, the approach here aggregates them into compos-
ite chunks. This grouping continues until the maximum token
threshold is reached.

)

=

The combined chunking strategy allows each chunk to be processed
independently. Furthermore, assuming no syntax-tree-level or branch
dependencies, they can be processed concurrently, as different parts of
the codebase that have no relation to each other can be translated in
parallel.

3.2. Agentic LLM translation

Once the Delphi source code has been partitioned, the resulting
chunks are systematically fed into the agentic LLM translation phase.
Rather than relying on a single model pass, this phase utilises a flexible
design that supports both simple agentic pipelines and the complex,
dynamic orchestration of LLM agents tailored to specific subtasks,
such as translation, testing, and debugging. As chunks progress, they
undergo rigorous validation to ensure the highest possible translation
accuracy, verifying both syntactic validity and functional equivalence.
The detailed design of this agentic translation phase, including the
specific pipelines and agent stages, is presented in Section 4.

3.3. Code reassembly

As the translation process operates on a chunk-by-chunk basis, a
robust reassembly mechanism is required to reconstruct all the trans-
lated outputs into a cohesive codebase in the target language. While
chunks are actively being translated by the agentic pipeline, a structural
skeleton of all source files is generated and maintained.

Established using the AST during the chunking phase, this skeleton
preserves the codebase’s overarching architecture. It retains all high-
level elements with their exact signatures but omits internal logic,

replacing it with temporary placeholders. As each chunk is translated
by the pipeline, its corresponding placeholder in the skeleton signature
is replaced with the generated target-language code. In practice, these
placeholders act as syntactically valid stand-ins in the target language.
For example, a function might be represented in C# as a stub that raises
a NotImplementedException.

By systematically mapping translated chunks back to their origi-
nal AST-derived coordinates, the strategy enables seamless reassembly
of the translated code that closely and reliably mirrors the origi-
nal source structure. In the context of the applied industrial project,
the primary objective is a direct, one-to-one mapping, making this
skeleton-based reassembly an ideal fit. Modernisations that simulta-
neously require architectural redesign, thereby deviating from a strict
one-to-one translation, would require significantly more complex logic
than the structural skeleton alone. However, such complexities can be
mitigated by adopting a two-phase translation approach. Initially, a
strict translation from the source to the target language is performed
using the structural skeletons. Subsequently, a second phase dedicated
entirely to architectural refactoring can be executed natively within
the target language. Decoupling language translation from architectural
redesign simplifies the requirements for LLM agents and significantly
increases traceability throughout the modernisation lifecycle.

4. LLM pipeline design

In this section, we first introduce the concept of agent inference
in Section 4.1, followed by an agent stage in Section 4.2, and finally
multi-agent pipelines to communicate between these agent stages in
Section 4.3.

4.1. Agent inference

Agent inference involves directly invoking the LLM model within a
structured environment, as illustrated in Fig. 2. As the diagram shows,
an input can be optionally augmented by delegate agents before reach-
ing the core agent, which is governed by a specific role specification
and model configuration. During inference, the agent can also leverage
RAG and external tools to produce its final output. This agent can be
any model instructed for the specific task, such as code translation, test
generation, or other forms of structured output. While the pipeline is
primarily designed for text generation tasks, agent inference is not lim-
ited to generative models. Other types of models, such as text classifiers
or controller agents, can also be integrated, but would require minor
changes and more complex validation logic. For example, a controller
agent could dynamically select the next best-suited agent (stage) for the
task, leveraging the orchestration mechanism. This flexibility allows the
pipeline to support complex, adaptive workflows beyond text or code
generation, as in this project.



T. Bruneel et al.

Future Generation Computer Systems 184 (2026) 108599

[

wo [ s |

Delegate Agent

¢ ¢

: oo ( Role ] [
Input ) (e it ity Specification

Model

Agent
LLM ]
—> Output ‘
4

Configuration

Fig. 2. Diagram illustrating the components and data flow of an agent during inference. It highlights the optional integration of delegate agents for context
augmentation prior to the input arriving at the main agent, the internal configuration through the role specification and model configuration of the LLM, and

the agent’s capacity to utilise external RAG and tool interfaces during inference.

4.1.1. Role specification

The effectiveness of an agent depends strongly on the role as-
signment of the underlying LLM, which helps define its knowledge,
expertise, and goal-directed behaviour. The framework, therefore, em-
ploys expert models tuned using persona-based instructions. While
model fine-tuning via parameter retraining is a possible approach,
the capabilities of modern LLMs often make this unnecessary, as they
can generalise effectively and achieve strong performance through
prompt-based role specification. The implementation of these roles
relies primarily on behavioural framing, in which the agents’ roles
are established through structured prompting patterns and system-level
instructions. This approach allows the models to easily adopt different
personas, guiding sub-goal-directed behaviour under clearly defined
constraints. Additionally, internal reasoning such as CoT [5,6] can
enable the agent to be more effective by encouraging further problem
decomposition and more strategic problem-solving before generating
model output.

The division of agents and their respective roles is largely deter-
mined by the decomposition and complexity of the target problem.
Problem decomposition can be defined deterministically by engineers
designing the agent system and the tasks it must address. In code
generation settings, for example, the overall problem can be separated
into specialised subtasks such as translation, test generation, and docu-
mentation generation. The level of complexity, on the other hand, may
vary widely across models, with some able to handle larger or more
complex tasks in a single pass, while others benefit from finer-grained
scopes and can leverage more specialised agents. Finally, by assigning
specific roles and optimally decomposing the problem, the framework
minimises the risk of context dilution.

4.1.2. RAG and tools

To overcome the limitations of static pre-trained weights and con-
text constraints, the framework is designed to equip agents with
Retrieval-Augmented Generation (RAG) and tool usage.

While traditional RAG often relies on unstructured semantic search,
which can be fragile in large-scale codebases, our framework instead
proposes a structure-aware context retrieval approach based on the
abstract syntax tree obtained during the chunking phase. By using
this parsed representation, the system can identify precise out-of-scope
relational definitions that an isolated chunk depends on, such as global
variables, external methods, and imported functionality.

Translating chunks without access to the broader context can lead to
hallucinations and the introduction of unexpected code. For example, if
a required class is defined outside the current chunk, the model might
attempt to regenerate the entire class locally to resolve the missing
dependency, which would subsequently cause a compilation error. The
RAG mechanism is designed to inject the necessary cross-chunk and
file-level dependencies directly into the prompt, ensuring the agent
has complete relational information within its current context window.
Depending on the scale of the dependency, this context may range

from the full source code for smaller fragments to strictly essential
signatures and type definitions for larger architectural units, thereby
mitigating the risk of context overload or dilution. This approach helps
manage circular coupling, as the injection of stable signatures provides
a consistent reference point regardless of the translation status of the
dependent chunk. The granularity of details injected as part of the
prompt augmentation can be tuned upon experimental validation as
well.

In conjunction, tools represent external functions and interfaces
that the agent can autonomously invoke to perform tasks beyond
text generation. This capability is a key component of the ReAct [9]
framework, interleaving reasoning and acting to solve complex prob-
lems. In the context of code translation, tools can provide the model
with “execution-aware” capabilities during inference, enabling further
validation even during LLM generation. Examples of tools for code
translation include compilers, linters, and static analysers.

4.1.3. Delegates

Furthermore, the framework allows delegates to be called upon
before agent inference. Delegates are agents themselves that assist
in generating a more complete context for the main agent. Within
the context of code translation, delegate examples include a planning
agent, a software architecture design agent, a pseudocode generation
agent, or a solution strategy agent. These delegates generate additional
context, which is inserted into the agent’s input prompt to improve
generation quality by enabling even deeper problem decomposition at
the agent level. This modularity allows the primary agent to focus on
its specific subtask while benefiting from the strategic output of its
delegates. The use of delegates is entirely optional and can be omitted
depending on the complexity of the agent requirements.

4.2. Agent stage

An agent stage can be viewed as a structured wrapper built around
a specific agent model. Each agent and its corresponding stage are
tailored to a distinct subtask, given specific knowledge and expertise.
In addition to the agent itself, the agent stage encapsulates a sequence
of processing and validation functions. It takes text as input and returns
text as output, as a generative LLM would. Agent stages are executed se-
quentially with the given input through pre-processing, pre-validation,
agent inference, post-processing, and finally post-validation.

Each processing or validation step may include multiple such func-
tions, or may be omitted entirely depending on the stage requirements,
especially the processing functions may be omitted. Each agent stage
is uniquely identified by an agent stage card (similar to model cards),
which contains metadata (e.g., description and versioning) and a unique
ID used for communication between stages during pipeline orches-
tration. The sequential flow of an agent stage is illustrated in Fig.
3.
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Fig. 3. Diagram of a single agent stage visualising the sequential execution of pre-processing, pre-validation, agent inference, post-processing, and post-validation.
Additionally, the core agent may interact with optional delegate agents for context augmentation, alongside the capability for RAG and tools.

4.2.1. Processing and validation functions

To both transform and verify model inputs and outputs, the agent
stage incorporates processing and validation functions before and after
LLM inference. These functions are entirely optional and can be chained
sequentially in any number.

Processing functions handle transformations on model inputs or
outputs. The functions receive text as input and return modified text
as output. They are applied before or after inference, depending on
whether they serve as pre- or post-processing functions. Their pri-
mary objective is to prepare an input for a specific model, format a
model’s output for the subsequent agent stage, or finalise the pipeline’s
output. Examples of processing functions within code translation in-
clude prompt restructuring, code formatting, or deterministic code
modifications. Examples of processing functions outside of the code
translation context can include data redaction, data normalisation, text
restructuring, or context truncation. Validation functions, on the other
hand, are responsible for verifying the correctness or suitability of
model input and output. These functions take text as input and return
a validation result, typically a boolean outcome with accompanying
textual feedback. Executed immediately after any processing steps,
these functions act as strict guardrails to prevent the propagation of
unverified or erroneous information through the pipeline. Examples of
validation functions include compilation output, linting, or test runners.
In the broader non-code translation context, these validation functions
could include checks for dangerous and illegal actions and content.

4.3. Pipelines

With the agent stage established as the fundamental agentic unit
of execution, the pipelines orchestrate the structured communication
and flow between the individual agent stages. These pipelines can
be categorised into two primary architectural patterns: sequential and
dynamic.

4.3.1. Sequential pipeline

The sequential pipeline represents a linear orchestration of agent
stages, where data flows through the pipeline in a fixed, pre-defined
sequence, as illustrated in Fig. 4. The pipeline input is first provided
as input to the first agent stage. Following the sequential pattern, the
output of each agent stage becomes the input for the subsequent stage
until the final agent stage processes the data. The pipeline output is
therefore the output produced by this final stage. The data flow in this
architecture is deterministic, as the pipeline order is defined during the
design phase. This orchestration resembles a waterfall-style process.

If any pre- or post-validation function fails, the pipeline terminates
with the validation result (including feedback). Upon all validation
functions succeeding in all agent stages, the pipeline successfully com-
pletes execution. Throughout the pipeline, the input context is pro-
gressively propagated and refined across agent stages, ensuring that
the final output represents a composite artifact produced through the
sequential contributions of multiple agents.

4.3.2. Dynamic pipeline

In contrast, a dynamic pipeline introduces non-linear workflows
in which the execution path is determined at runtime based on the
outcomes of previous stages or validation results, i.e., the agent’s perfor-
mance in completing a task, thereby enabling more modular and adap-
tive workflows. This pipeline architecture introduces two mechanisms
for dynamic communication between stages:

(a) Stage Completion Routing: Each stage can receive an onCom-
pletionNextStage ID. When a stage completes its task, the output
is sent as input to the next agent stage identified by this ID. If no
identifier is set and execution completes, the pipeline assumes it
was the final stage and finishes.

Validation Failure Routing: Each validation function in both
pre- and post-validation steps can optionally receive an onVa-
lidationFailureStage ID. If a validation function fails and this
identifier is set, the pipeline immediately redirects the output
to that specific stage instead, potentially for resolving the issue
flagged in validation. Afterward, it may either return to this
agent stage or follow an alternative route of stages. If no failure
stage identifier is defined and a validation function fails, the
pipeline may instead terminate. If the validation passes, the
process continues to the next validation check, the subsequent
step within the current stage, or the next stage in the pipeline.
Iterative Feedback Loops: The architecture also supports adap-
tive workflows where an agent stage may loop back to itself or to
a previous stage until a post-validation condition is satisfied. To
prevent excessive or unstable iteration, particularly due to the
stochastic nature of LLM outputs, a predefined iteration limit is
enforced.

(b)

(o)

A general architecture of a dynamic pipeline is illustrated in Fig. 5,
where each input chunk sequentially passes through the stages, with
conditional re-routing upon failure, and producing an output chunk in
the end, e.g., Stage 1 is connected to Stage 2 through completion, but
reroutes to Stage 3 on validation failure.

By leveraging these dynamic mechanisms, the framework can better
handle LLMs’ inherent stochasticity, flagging issues early and adapting
the processing path to ensure high-fidelity code translation. Compared
to sequential pipeline orchestration, the dynamic pipeline resembles a
more agile-style process.

5. Translation pipelines

Having detailed the translation strategy in Section 3 and the LLM
pipeline design in Section 4, this section presents two initial pipelines
for Delphi-to-C# translation: one sequential and one dynamic. These
represent preliminary agent orchestrations that will systematically
evolve through modifications and extensions as the project matures.
Following MLOps and LLMOps practices, we iteratively refine the
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Fig. 4. Diagram of a sequential agent pipeline illustrating the linear and deterministic flow of data from the initial input, through n consecutive agent stages, to

the final pipeline output.
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Fig. 5. Diagram of a dynamic agent pipeline illustrating non-linear workflows. The architecture demonstrates conditional re-routing, where an input chunk
progresses through stage completion (e.g., Stage 1 to Stage 2) or is redirected upon validation failure (e.g., Stage 1 to Stage 3) to enable adaptive problem-

solving.

pipeline by benchmarking with complete translation runs against a
large set of metrics (e.g., compilation success rate, number of unique
errors/warnings, token usage). This benchmarking is performed on a
representative subset of the five MLoC codebase. However, because
subtle LLM hallucinations or logical deviations are often not captured
by automated metrics, this quantitative benchmarking is paired with
qualitative expert review to accurately assess the agent and pipeline’s
performance. Based on these combined iterative findings, we can
introduce specialised agents and fine-tune existing configurations to
mitigate the specific translation challenges inherent to this language
pair.

5.1. Sequential pipeline

The sequential pipeline is well-suited for straightforward agent
orchestrations and problem-solving tasks with a narrower scope. To
demonstrate the sequential architecture, we present a pipeline for
Delphi-to-C# translation for User Interface (UI) components, where,
as part of the pure translation, a modernisation step is applied to the
translated code. The early-stage design for this pipeline is illustrated in
Fig. 6. The sequential pipeline comprises the following agent stages to
be called in linear order:

+ Delphi-to-C# UI Translation Stage: Agent stage for translating
UI Delphi chunks to C# chunks.

» C# UI Modernisation Stage: Agent stage for modernising the
translated C# UI chunks.

The objective of this pipeline is to translate UI components from
Delphi to C#, and on top of this, modernise the UI logic. The trans-
lation from Delphi to C# happens in the first agent stage, while the
modernisation happens in the subsequent agent stage, which is fine-
tuned for modernising the UI logic. Since the UI translation in this
case is simpler and modernisation can only happen post-translation, a
sequential pipeline is optimal here. The validation functions can be run;
however, upon validation failure, the pipelines are terminated for rerun
or flagged for manual intervention.

5.2. Dynamic pipeline

The dynamic pipeline supports larger agent-stage orchestrations and
more complex problem decomposition. Here, we present a test-driven

code translation pipeline that focuses on translating Delphi code chunks
to C# while generating tests in both source and target languages to
validate functional correctness. Fig. 7 illustrates an early-stage design
for such a pipeline. The pipeline comprises the following agent stages:

Delphi-to-C# Translation Stage: Agent stage for translating Del-
phi chunks to C# chunks.

Delphi Test Generation Stage: Agent stage for generating tests
based on the Delphi chunk.

Delphi Debugger Stage: Agent stage for resolving errors/
warnings in Delphi code.

C# Test Generation Stage: Agent stage for generating tests based
on the translated C# chunk and the generated Delphi test code.
C# Debugger Stage: Agent stage for resolving errors/warnings in
C# code.

The objective of this pipeline is not only to translate Delphi code
into C#, but also to automatically generate test code in both languages.
Specifically, Delphi tests are generated for the original code chunks,
and C# tests are subsequently derived from both the generated C#
code and Delphi tests. The goal is to generate equivalent tests in both
languages, allowing them to be evaluated for the same cases; otherwise,
the chunks would end up with deviating test parameters. The generated
tests can be executed and checked when the chunk contains all required
context and does not depend on other chunks being translated, e.g.,
depending on global variables or out-of-scope functions. If the chunk
requires additional context from other chunks, the tests can be run
post-assembly to validate code.

Post-validation functions are applied after model inference to en-
sure correctness. These functions validate both the code and test gen-
erations. The validation functions can include tools such as linters,
compilers, and static analysis, further validating the correctness of the
generated code. The agents communicate dynamically through these
post-validation checks, enabling the pipeline to adapt its path based
on their outputs. When no errors are detected, only three of the five
stages are invoked. However, if the models struggle to translate more
complex code, the debugger stages might be used, with one stage
executed several times. For example, if the C# code coming from the
code translation stage does not compile, the pipeline sends the output
to the C# debugger stage to resolve the error. If the validation after this
succeeds, it continues to test generation. If not, the error can be handled
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Fig. 6. Diagram of a preliminary pipeline architecture for UI code translation with modernisation, visualising two agent stages communicating using a sequential

pipeline.
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Fig. 7. Diagram of an initial draft pipeline architecture for test-driven code translation, visualising several agent stages communicating dynamically based on

validation results on generated code and tests.

by the debugger stage again with more feedback. To avoid cyclic
dependencies with infinite loops between two or more agent stages in
the pipeline, cycles can be detected and either limited to a maximum
number of iterations via simple counters or avoided entirely. It is also
important to note that the post-validation focus is on measuring code
correctness, but not through immediate execution of code or tests, and
that certain errors are automatically corrected or can only be corrected
post-assembly.

In Appendix, we present a step-by-step example walking through
the dynamic pipeline.

5.3. Functional correctness and behavioural equivalence

As demonstrated in the architectural design and the preliminary
pipelines, our validation strategy relies heavily on syntactic and static
analysis, including compilation and linting. However, static analy-
sis cannot guarantee functional correctness or behavioural equiva-
lence between source and target programs. Proving that two Turing-
complete programs exhibit identical behaviour on all inputs is un-
decidable. In particular, program equivalence is undecidable by re-
duction from the Halting Problem and follows as a consequence of

Rice’s theorem [50]. This limitation is not specific to language-model-
generated code, but reflects a fundamental constraint that also applies
to traditional, deterministic compiler systems [51].

Therefore, rather than attempting to prove correctness or equiva-
lence during the code translation process, the framework is designed
to systematically maximise the confidence in translation accuracy while
mitigating the risks introduced by the stochastic nature of LLM-based
systems. To this end, we impose deterministic guardrails around the
models to reduce the likelihood of semantic divergence. Concretely,
these include (i) static code analysis including linting and compileabil-
ity checks, (ii) generating and running equivalent test suites in both
source and target languages and iterative multi-agent debugging loops
in case of test failure, and (iii) AST-driven structural reconstruction
guaranteeing structural equivalence onclass level. Following transla-
tion, all target-language code additionally (iv) undergoes comprehen-
sive human testing and review. It is important to note that while the
other guardrails are fully operational, the dual-language test generation
(ii) currently remains under active development, making the human
review (iv) an essential step for the time being.

While a 100% guarantee of functional correctness and behavioural
equivalence is unattainable in principle, these techniques following en-
gineering practices enable a highly controlled and empirically verifiable
level of confidence in the translation process.
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Table 1

Lines of Code (LoC) for the benchmarked Delphi units.
Unit LoC
1 4152
2 2144
3 953
4 5208
5 4287

6. Implementation status and preliminary observations

While the architectural blueprint outlined in this paper establishes
a comprehensive theoretical framework, its practical deployment in
the 5 MLoC Delphi-to-C# translation project is actively ongoing in
a phased manner. The core infrastructure is implemented and op-
erational, including the AST-driven chunking strategy with a Delphi
parser, a dynamic multi-agent LLM pipeline, and structural reassem-
bly mechanisms with the skeletons. Within the dynamic pipeline, the
translation and debugger agent stages are set up and in use. Conversely,
advanced capabilities such as dual-language test generation, delegates,
structural RAG, and external toolings integration remain under active
development and represent the project’s immediate next milestones.

To establish an initial set-up benchmark and explore the behaviour
of the agentic pipeline architecture, we conducted and share results
of preliminary experiments on five distinct Delphi units from the in-
dustrial codebase. These specific units were selected primarily because
they were among the initial set of components translated within the ac-
tive industrial project. Furthermore, establishing a sample of five units
provided a reasonable and manageable subset to run multiple indepen-
dent iterations across different models and pipeline configurations. The
varying sizes of these units, which range from 953 to 5208 Lines of
Code (LoC), are detailed in Table 1. In this initial benchmark, each unit
was translated using a single-agent and a multi-agent pipeline.

To ensure a fair baseline comparison, the single agent uses the exact
same prompt as the initial translator agent in the multi-agent pipeline.
The multi-agent architecture subsequently employs two distinct debug-
ger agents: one dedicated to addressing compiler errors and another for
resolving linter warnings. It is important to note that the prompts for
the translator and debugger agents were not iteratively fine-tuned for
this evaluation. Additionally, neither retrieval-augmented generation
(RAG) nor external tools were employed. These configurations were
evaluated using two models: GPT-40 and Claude Opus 4.6. To enhance
reliability and reduce stochastic variability, each parameter setting was
evaluated in three independent runs, with averaged results reported in
Tables 2 and 3.

6.1. Resource consumption and overhead

Table 2 details the resource consumption and generation efficiency.
As anticipated, the multi-agent pipeline incurs a higher computational
cost in both tokens and runtime due to its validation and dynamic
routing to additional agents. Across both models and units, runtime
and absolute token usage increase by a factor of approximately 2 to
2.5 for the three-agent pipeline compared to the single-agent base-
line. Specifically, input token volume ranges from 20 to 28 tokens
per line of code (LoC) for the single-agent baseline, scaling to 40-56
tokens per LoC for the multi-agent pipelines. Similarly, output to-
kens per LoC rise from 7-12 for the single-agent approach to 21-39
for the multi-agent pipeline. This empirically confirms that deploying
execution-aware debugger agents increases operational computational
costs by several factors. However, this can be an acceptable trade-off
in an industrial project, where fewer errors from the automatic code
translation can lead to a substantial reduction in manual developer
effort in post-translation.
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6.2. Validation resolution dynamics and agent routing

Table 3 details the number of unique errors and warnings found
post-assembly, alongside the rerouting rates to the debugger agents.
Across the benchmarked units, the need for a dynamic architecture
is clearly reflected in these routing percentages. Specifically, between
84% and 99% of the translated chunks triggered compiler errors, while
60% to 92% produced linter warnings, necessitating immediate redirec-
tion to the respective debugger agents. This high rerouting frequency
aligns with our expectations, given the strict isolation of chunk-level
processing and the complex syntactic differences between Delphi and
C#.

Post-assembly, the volume of unique errors and warnings remains
comparable between single-agent and multi-agent inference. This
plateau in error reduction likely stems from two primary factors. First,
many lingering compilation issues are out-of-scope structural depen-
dencies that inherently cannot be resolved at the chunk level, thus
requiring a broader architectural scope. Second, the debugger agents
currently lack the specialised tuning required to reliably patch certain
legacy patterns. Addressing this limitation is the precise motivation
behind the AST-driven structural RAG detailed in Section 4.1.2. In
future iterations, implementing this mechanism will allow the pipeline
to inject stable, cross-file signatures directly into the prompt, equip-
ping agents with necessary relational information without reintro-
ducing context overload or dilution. Additionally, future work will
require targeted prompt refinement, as current debugger agents lack
the specialised tuning required to reliably patch certain legacy patterns.

6.3. Translation velocity and effort reduction

The ultimate justification for the automatic translation effort and
the computational overhead introduced by the multi-agent pipeline is
the substantial reduction in overall manual engineering effort. Prior to
the project’s initiation, the company estimated that a purely manual
translation would roughly require up to 160 h per 1000 LoC. Currently,
by leveraging the automated pipeline, the engineering team achieves a
translation velocity of approximately 15 h per 1000 LoC. Importantly,
this operational metric is highly inclusive; it accounts for the entire soft-
ware development lifecycle, encompassing the automated translation
runs, subsequent post-translation manual fixes, testing, and necessary
team alignment meetings. This represents an acceleration of more
than 10x compared to the manual baseline, empirically validating that
the whole framework succeeds in making repository-scale translation
significantly more manageable and cost-effective.

Furthermore, even when comprehensively accounting for the time
invested in research & development (R&D) and initial tool development
(e.g., pipeline creation of LLM agents), the project establishes a solid 4x
overall speed-up. Moving forward, the foundational tool development
has been completed and transitioned into a low-effort maintenance
phase. Concurrently, Al-specific R&D, such as further benchmarking,
tool expansion, structural RAG integration, and dual-code test gen-
eration, continues to advance in parallel without bottlenecking the
active translation effort. Ultimately, these velocity metrics empirically
validate that the whole framework succeeds in making repository-scale
translation significantly more manageable and cost-effective compared
to manual developer effort.

7. Conclusion and future work

In this paper, we present a systematic, modular multi-agent pipeline
framework for automating large-scale code translation. To address
finite context windows, context dilution, and the inherent stochasticity
of LLMs, we introduced an AST-driven chunking strategy, chunk-level
translation, and a structural reassembly strategy. By designing the
modular framework with initial Delphi-to-C# translation pipelines for
an ongoing 5 MLoC industrial modernisation project, we established the
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Table 2
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Resource consumption and generation efficiency of single-agent versus multi-agent pipelines, using GPT-40 and Opus 4.6. Metrics
include average runtime in minutes, absolute token usage, and token volume normalised per Line of Code (LoC). Standard
deviations are reported for runtime and output tokens per LoC to indicate system and output stability.

Unit Model Pipeline type Runtime (min) Tokens (In) Tokens (Out) In/LoC Out/LoC
1 GPT-40 Single-agent 11.87 + 0.42 89819 33029 21.63 7.95 + 0.03
Multi-agent 25.03 + 1.25 181430 98643 43.70 23.76 + 0.11
Opus 4.6 Single-agent 20.31 + 2.89 109 694 47 682 26.42 11.48 + 0.03
Multi-agent 47.36 + 6.73 213097 140722 51.32 33.89 + 0.31
2 GPT-40 Single-agent 7.31 + 0.88 49181 15587 22.94 7.27 + 0.16
Multi-agent 12.54 + 0.14 94414 45248 44.04 21.10 + 0.13
Opus 4.6 Single-agent 9.76 + 0.14 58861 20498 27.45 9.56 + 0.02
Multi-agent 23.04 + 0.03 110653 64645 51.61 30.15 + 0.36
3 GPT-40 Single-agent 2.72 + 0.05 20260 6728 21.26 7.06 + 1.67
Multi-agent 5.85 + 0.74 40201 21089 42.18 22.13 + 0.13
Opus 4.6 Single-agent 5.42 + 0.53 24387 8865 25.59 9.30 + 0.13
Multi-agent 10.29 + 0.53 49651 33189 52.10 34.83 + 2.25
4 GPT-40 Single-agent 13.99 + 0.12 105587 47 211 20.27 9.07 + 0.25
Multi-agent 31.64 + 5.96 236 360 147816 45.38 28.38 + 0.72
Opus 4.6 Single-agent 20.95 + 0.07 127797 56 250 24.54 10.80 + 0.02
Multi-agent 57.82 + 1.56 279543 198520 53.68 38.12 + 2.56
5 GPT-40 Single-agent 14.01 + 1.48 91274 35738 21.29 8.34 + 0.19
Multi-agent 24.29 + 0.72 194122 109 347 45.28 25.51 + 0.33
Opus 4.6 Single-agent 18.85 + 0.12 111214 47781 25.94 11.15 + 2.24
Multi-agent 49.05 + 1.50 236969 158828 55.28 37.05 + 0.00

Table 3

Error and warning metrics across single-agent and multi-agent architectures. The table reports the average number of unique errors
and warnings with standard deviations. For the multi-agent pipeline, the percentage of routing to error and warning debugger

agents is also provided.

Unit Model Pipeline type No. unique errors No. unique warnings % Error agent % Warning agent
1 GPT-40 Single-agent 28.33 + 1.53 11.67 + 0.58 - -
Multi-agent 28.67 + 1.53 10.33 + 0.58 87.94% 89.60%
Opus 4.6 Single-agent 21.33 + 1.53 10.67 + 1.15 - -
Multi-agent 27.67 + 2.08 8.67 + 1.15 84.87% 67.61%
2 GPT-40 Single-agent 21.33 + 4.04 9.00 + 0.00 - -
Multi-agent 25.33 + 3.06 9.33 + 1.15 95.98% 77.91%
Opus 4.6 Single-agent 17.00 + 1.00 4.67 + 0.58 - -
Multi-agent 25.67 + 9.29 8.33 + 0.58 91.57% 61.45%
3 GPT-40 Single-agent 13.00 + 1.00 5.33 + 1.53 - -
Multi-agent 14.33 + 6.11 6.67 + 1.53 93.75% 83.33%
Opus 4.6 Single-agent 7.33 + 0.58 2.67 + 0.58 - -
Multi-agent 13.00 + 1.73 5.67 + 0.58 90.63% 60.42%
4 GPT-40 Single-agent 33.00 + 3.61 7.67 + 1.15 - -
Multi-agent 22.00 + 8.66 8.33 + 2.08 98.16% 91.21%
Opus 4.6 Single-agent 23.33 + 1.15 5.00 + 0.00 - -
Multi-agent 21.33 + 0.58 9.00 + 1.00 96.11% 73.62%
5 GPT-40 Single-agent 22.00 + 1.73 6.67 + 0.58 - -
Multi-agent 21.67 + 1.15 9.00 + 1.00 98.87% 91.44%
Opus 4.6 Single-agent 15.33 + 0.58 12.33 + 0.58 - -
Multi-agent 18.33 + 3.21 8.67 + 1.53 97.30% 78.38%

architectural blueprint for safe partitioning, independent processing,
and rigorous validation of complex translations.

Our initial empirical evaluations demonstrate that while a dynamic
multi-agent pipeline introduces computational overhead compared to a
single-agent baseline, it provides the necessary operational guardrails
to flag syntactic and compiler issues automatically. By reducing the
translation and debugging effort from an estimated 160 h to approx-
imately 15 h per 1000 LoC, the framework achieves a 10x acceleration
over manual translation. This translates to a solid 4x overall project
speed-up when factoring in the initial AI tool development and R&D, ef-
fectively shifting the cost burden away from manual human translation
toward scalable, automated execution.

It is important to note that our initial benchmarking utilised non-
finetuned prompts, which yielded quantitatively similar error rates

10

between single-agent and multi-agent setups at the chunk level. How-
ever, our broader practical experience indicates that as the system is
iteratively fine-tuned, a collaborative suite of specialised agents offers
distinct qualitative advantages. Delegating work across distinct agent
stages provides granular control over the pipeline, enhancing explain-
ability and significantly improving code quality to seamlessly align with
strict industrial project standards. While iterative prompt engineering
and dual-language testing remain resource-intensive challenges, we
observe that this effort reliably diminishes over time as the pipelines
mature.

Ultimately, this engineering-driven framework establishes a robust
foundation for integrating LLMs into enterprise-scale legacy modernisa-
tion. Rather than assuming flawless performance from a single model,
the approach acknowledges the inherent stochasticity of LLMs by
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embedding generative agents within strict validation guardrails and
dynamic orchestration mechanisms. As underlying models inevitably
evolve and improve, this structured pipeline ensures that their outputs
remain verifiable, controllable, and suitable for industrial deployment.

Moving forward, our primary focus will be on the rigorous empir-
ical evaluation of the proposed conceptual architectures. While initial
experiments yield promising results, further work is required to assess
the scalability, error handling, and adaptability of this multi-agent
approach. In the short term, we will concentrate on enhancing agent
coordination and establishing comprehensive performance metrics. Ul-
timately, by formally benchmarking the efficiency gains of this auto-
mated pipeline against the estimated manual developer effort, we aim
to validate this conceptual blueprint as a sustainable, enterprise-ready
solution for legacy code modernisation.

Beyond the immediate scope of the current industrial project, future
research will explore the broader generalisation of this framework. We
intend to evaluate the pipeline’s performance across various founda-
tional LLMs to ensure true model-agnosticism. Additionally, we aim
to expand the framework’s application to other programming language
pairs, encompassing both legacy and modern languages, and to adapt
the orchestration for industrial projects that require native architectural
refactoring rather than strict one-to-one translations.
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Appendix. Conceptual end-to-end translation example

To illustrate the operational details of the dynamic pipeline, includ-
ing chunking, routing logic, and reassembly behaviour, we present a
conceptual end-to-end trace of a single code chunk using the pipeline
architecture presented in Section 5.2 and Fig. 7. We use a standard
business logic function, CalculateFee, to demonstrate how the fully
realised framework will handle the translation from Delphi to C#,
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including test generation in both languages and a translation failure
with the C# debugger agent patching the issue.

The initial source codebase is parsed, and the following Delphi
function is isolated as a discrete chunk via the Abstract Syntax Tree
(AST):

function CalculateFee(Amount: Double;
IsUrgent: Boolean): Double;
begin
if IsUrgent then Result := Amount * 0.10
else Result := Amount * 0.05;
end;

While chunks are isolated for processing, a structural skeleton of
the full unit is maintained to provide placeholders for each chunk’s
coordinates during reassembly. The chunk then enters the test-driven
dynamic pipeline. Table 4 details the step-by-step routing and valida-
tion process, highlighting the recovery from a syntactically invalid C#
translation using the routing mechanism.

Following successful validation, the chunk is mapped back to the
structural skeleton. The final, reassembled C# target code seamlessly
integrates into the broader architecture:

public double CalculateFee(double amount,
bool isUrgent)

{
if (isUrgent)
{
return amount * 0.10;
}
return amount * 0.05;
}

Alongside the translated functional code, the pipeline successfully
generates the corresponding unit tests in both the source and target
languages to validate behavioural equivalence across the translation
steps.

The generated Delphi baseline test:

procedure TestCalculateFee;
begin
Assert(CalculateFee(100.0, True) = 10.0);
Assert(CalculateFee(100.0, False) = 5.0);
end;

The equivalent C# test derived from the pipeline:

[Fact]

public void TestCalculateFee()

{
Assert.Equal(10.0, CalculateFee(100.0, true));
Assert.Equal(5.0, CalculateFee(100.0, false));

Data availability

The data and source code that support the findings of this study
are not publicly available due to commercial confidentiality and pro-
prietary restrictions. Specifically, the legacy Delphi codebase and the
resulting C# translations are the commercial property of Danfoss Power
Solutions.



T. Bruneel et al.

Table 4
End-to-end operational execution trace for the CalculateFee function, demonstrating dynamic routing upon a significant translation failure and cross-language
test generation.
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Step Phase/Stage Input Operational logic Output
1 Chunking Raw Delphi .pas source Depth-first traversal of the AST identifies (1) Isolated Chunk: Delphi source code.
file. CalculateFee as a standalone structural (2) Skeleton: C# target file with
unit. NotImplementedException
placeholders.
2a Delphi Test Generation Isolated Delphi code Stage TEST_GEN_O1 generates baseline Delphi Test Code:
chunk. unit tests based on original logic in the Assert(CalculateFee (100, True) =
Delphi language. 10.0);.
2b Delphi to C# Translation Isolated Delphi code Stage TRANS_O1 performs inference using Failed C# Code:
chunk. persona-based instructions and model if (isUrgent) result := amount *
configurations. 0.10; (Error: Legacy Delphi assignment :=
and missing return).
3 Delphi to C# Translation Failed C# code snippet. Deterministic guardrail (compiler) in the Result: False
Post-Validation TRANS_O1 agent stage post-validation Feedback:
function verifies syntactic validity and flags “CS1525: Invalid term ’:=" "%
errors. “CS0103: ‘result’ does not exist”.
4 Dynamic Routing to C# Broken C# code and TRANS_O1 stage redirects the failed chunk Repaired C# Code:
Debugger Stage validation feedback. through the public double CalculateFee(...) {
onValidationFailureStageID to the if (isUrgent) return amount *
C# debugger DEBUG_C#_01 stage, which 0.10; . . .
repairs broken C# code.
5 C# Test Generation Repaired C# code from Stage TEST_GEN_02 generates baseline C# Test Code:
step 4 and Delphi tests unit tests from both target code and Assert.Equal(10.0,
from step 2a. source-language tests to ensure equivalent CalculateFee (100, true));.
test parameters.
6 Reassembly Validated C# chunk and Reassembly strategy replaces skeleton Final Target File: A cohesive, syntactically
skeleton. placeholders using original AST-derived valid C# codebase mirroring the source.
coordinates.
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