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Abstract
The enhancement of computational power and the ability to facilitate sophisticated real-world applications has given rise
to the demand for the efficient execution of such simulations. They are inherently complex and involve multiple physical
phenomena, that have to be taken into account. In recent years, there have been advances in numerical methods to allow
for more efficient computation. Nevertheless, the available software packages are highly complex, necessitating special
training for their usage. The configuration of such a complex simulation is not straightforward. Furthermore, scientists
are required to invest time and have in-depth knowledge of the code to understand its functionalities. Consequently, this
approach requires a significant investment of time and resources.
Currently, Large Language Models (LLMs) are being appreciated for its recent advancement in software development such
as code generation, function-level performance evaluation etc. Despite such remarkable achievements, LLMs still struggle
to analyze and understand the infrastructure of an operational software stack. This step is crucial for Artificial Intelligence
(Al) driven automated development of a private or customized industrial research workflow. In this work we introduce a LLM
based multi-agent framework which is able to collaborate between individual modules of a complex software architecture
and compile the whole simulation from a single user prompt in real time. Code repository level agents are specialized
in navigating the code base and retrieving the file to be compiled for specific simulation scenario by comparing the user
instruction against the code base which is stored in the agent's memory. Furthermore, the integration of coupling level
agents provide a baseline for combining multiple libraries or modules which is an essential process in task-agnostic Software
Engineering (SE) workflows.
We investigate the potential of LLMs in assisting users with information they need to get familiar when working with unex-
plored software packages. For this purpose the source code of the solver, a highly parallel computational fluid dynamic
solver, is provided to the LLM for demonstration. In first studies the utilised LLM algorithm provided accurate responses to
questions asked by the user to understand the capabilities of the solver. Extensive experiments on the role of multi stage
agents reveals the compatibility of LLMs in efficient aerodynamic simulation tasks.
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1. INTRODUCTION ation, wherein natural language inputs are translated into
executable source code. Models such as ChatGPT have
significantly advanced this domain, enabling automation
in tasks such as code completion, language translation,
and code repair. Despite these advances, current LLMs
rely heavily on large-scale training datasets and exhibit
optimal performance primarily in zero-shot or few-shot
contexts. A persistent challenge lies in their propensity
to produce hallucinated outputs—responses that, while
syntactically and semantically coherent, may deviate from
factual accuracy, intended meaning, or contextual rele-
vance [9]. This limitation poses a significant barrier to their
reliable deployment in domains that require deterministic
and reproducible outcomes, particularly in engineering
and safety-critical applications. Addressing this challenge
remains an essential step toward broader, dependable
adoption of LLMs in such contexts. Recent progress in
long-context language models (LCLMs) shows strong po-
tential to reshape how we approach Retrieval-Augmented
Generation (RAG) systems [10]. Thanks to their extended
context windows, LCLMs can handle much larger amounts
of information at once, which reduces the need for complex
retrieval pipelines that were previously necessary due to
context length constraints. This makes it easier to update

As aerodynamic systems continue to evolve and become
more complex by integrating high-fidelity simulations,
multidisciplinary models, and real-time data streams, the
underlying software architecture must also be made easily
accessible and effortless for users to meet these demands.
The increasing software complexity arises from the need
to coordinate heterogeneous tools, data formats, com-
putational platforms, and domain-specific solvers within
a unified framework. A loosely coupled architectural ap-
proach is therefore essential, promoting modularity and
maintainability while enabling parallel development across
disciplines such as fluid dynamics, structural mechanics,
control systems, and embedded software. The proposed
approach addresses these challenges by supporting
component-based integration, streamlining large-scale
aerodynamic workflows, promising a flexible foundation for
deployment within complex industrial applications.

LLMs have demonstrated substantial capabilities across a
broad spectrum of natural language processing tasks [1-6].
Recent studies further suggest that these models may be
beginning to exhibit characteristics aligned with aspects
of artificial general intelligence [7, 8]. Among the most
impactful applications of LLMs is automated code gener-
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FIG 1. Augmentation of existing software architecture with
LLMs

or modify the knowledge being used, since relevant context
can simply be inserted directly. In fact, many LCLMs are
now capable of holding entire knowledge bases within
a single input window, effectively acting as a temporary
working memory for handling new queries. Additionally, by
integrating LCLMs into RAG-based frameworks, it becomes
possible to stabilize the model’s responses—reducing vari-
ability and lowering the chances of generating hallucinated
or misleading content. Despite the strong performance
of RAG, its practical adoption is often constrained by the
complexity of its multi-stage processing pipelines. Building
on this foundation, recent developments have introduced
more flexible and intelligent frameworks—such as multi-
agent LLM systems—which leverage advanced capabilities
including context-sensitive memory [11], multi-step plan-
ning [12], and seamless integration with external tools [13].
Drawing parallels with the development of human intelli-
gence, ongoing research has highlighted the potential of
enhancing LLMs through tool augmentation, significantly
boosting their effectiveness in complex problem-solving
scenarios [13—16]. A typical agentic setup [17, 18] involves
decomposing a task into a series of manageable subtasks,
each handled through collaboration between an instructor
agent and one or more assistant agents, each equipped with
its own specialized tools. The instructor issues task-specific
commands, and the assistant agents respond with partial
solutions.  Through iterative, multi-turn communication,
these agents work together to generate comprehensive
outputs—ranging from software artifacts and mathemat-
ical results to scientific conclusions. This collaborative,
language-based coordination among agents enables the
system to address a wide spectrum of challenging tasks,
including but not limited to mathematical reasoning [12,19],
software development [17,20], game-playing [21—-24], social
simulations [25—-28], and scientific research [29, 30]. The
incorporation of agentic systems into aerodynamic workflow
streamlines the resolution of software-related challenges,
reducing the complexity typically encountered before run-
ning meaningful simulations. It is also worth noting that
standard benchmarks often do not effectively capture these
specialized capabilities. To overcome this limitation, we
utilize a novel, customized benchmark designed to evaluate
LCLMs under more practical and realistic conditions. Using
this benchmark, we investigate improvements in LCLMs
in-context retrieval and reasoning skills, observing a steady
enhancement in access to detailed information alongside
the advancement of chatbot technologies.

In our work we show a multi-agent based simulation
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approach which has the capability to interact with cus-
tom workflows and code repositories having predefined
containers which ensures consistent environment setting
desired by the software package. Furthermore, we present
a RAG based communication system through which user
can interact with our aerodynamic simulation framework
(Ateles) [31] to attain useful information. Additionally, a
chatbot with prolonged memory which can be utilized to
retrieve granular level information about specific files or
libraries will be presented. Lastly, we evaluate the men-
tioned approaches and compare the capabilities of LLM
(llama, gwen and mistral) with varying ranges of parameters
(1 billion to 13 billion) and conclude our work with a short
summary and outlook.

2. METHODOLOGY

2.1. Problem overview

Computer simulation is the process of mathematical mod-
elling, performed on a computer, which is designed to
predict the behaviour of or the outcome of a real-world
or physical system. From the perspective of traditional
aerodynamic simulation scheme, the region surrounding an
object—such as an aircraft or a vehicle—is broken down
into a mesh which is composed of numerous small cells.
Each cell contains essential flow variables like velocity,
pressure, and temperature, which evolve over time and
space according to multi-disciplinary numerical methods
such as Navier-Stokes equations, Euler equations, Maxwell
equations etc. Generally, the simulation begins with spec-
ified initial and boundary conditions, typically derived from
experimental data or real-world measurements, and ad-
vances by iteratively solving the governing equations to
update the flow field. The accuracy of the simulation is
dependent on mesh resolution, the quality of input data,
and the numerical algorithms employed. Higher-fidelity pre-
dictions of aerodynamic performance—such as lift, drag,
and flow separation—are achieved through finer meshes,
more accurate physical models and well-defined boundary
conditions across various operating scenarios.

From a software engineering standpoint, the integration of
these components necessitates a thorough understanding
of the underlying mathematical principles, as well as a
detailed analysis of the supporting software infrastructure.
Addressing the inherent complexity of multi-scale and multi-
physics problems requires the deployment of advanced,
specialized, and scalable computational tools. Ensuring
seamless interoperability between heterogeneous modules
depends on the adoption of standardized interfaces and
clearly defined communication protocols—both of which
are essential for facilitating effective cross-disciplinary
collaboration. In an era of rapid technological advance-
ment, the ability to efficiently incorporate novel algorithms,
data sources, and simulation environments is increasingly
critical. In light of these demands, this study explores the
applicability of LLMs, alongside the emerging paradigm of
agentic Al systems, as a means to establish a flexible, ex-
tensible, and robust framework for aerodynamic simulation
test cases.

2.2. Retrieval Augmented Generation (RAG)

LLMs have made impressive strides in fields like natural
language processing [1, 32], text generation [7], and even
programming tasks [33,34]. However, despite their capabili-
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FIG 2. Retrieval Augmented Generation [36]

ties, LLMs still struggle with certain limitations; most notably,
their tendency to produce content that appears convincing
but is actually incorrect or fabricated [33, 35]. This issue
becomes especially problematic when applying LLMs to
more complex, task-driven scenarios that go beyond simple
conversations [7].
To produce accurate, domain-specific outputs, LLMs must
be adapted to the knowledge context in which they op-
erate. RAG achieves this adaptation by augmenting the
model’s parametric knowledge with external, structured
information sources. Rather than relying exclusively on
internally stored representations, a RAG system retrieves
relevant documents from a designated knowledge base and
conditions the model’s generative process on both the user
query and the retrieved evidence [17]. A canonical RAG
pipeline consists of three core stages: indexing, retrieval,
and generation.

« Indexing: Data is preprocessed, transformed into vector
embeddings, and stored in a searchable index to enable
efficient access.

« Retrieval: This stage is often subdivided into (i) pre-
retrieval, where search parameters and filtering criteria
are defined; (ii) retrieval, in which the most semantically
relevant items are identified; and (iii) post-retrieval, where
results are refined, ranked, and filtered for contextual
alignment.

« Generation: The retrieved context is incorporated with the
query to produce factually grounded and contextually co-
herent responses.

Figure 2 shows such system where documents are being re-
trieved from vector databases to generate LLM responses.
Document retrieval is powered by embedding models for ex-
ample, BERT or OpenAl’s text-embedding-ada-002 which
encode text into high-dimensional vector representations
suitable for similarity search. The underlying knowledge
base may comprise corporate guidelines, technical specifi-
cations, or domain-specific problem—solution records. For
vector storage, popular backends include FAISS, Chroma,
and LanceDB. In this work, LanceDB is employed as the
primary embedding store.

2.3. Instruction Tuning of LLMs and Tool Calling

LLMs can be prompted to perform a diverse range of natural
language processing (NLP) tasks by providing task-specific
examples within the input. However, a common limitation
is hallucination, which arises because the standard training
objective for most modern LLMs—predicting the next token
from large-scale internet text—differs from the intended
goal of “following user instructions in a helpful and safe
manner” [1, 37-40]. Instruction-tuned LLMs address this
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gap by incorporating a Reward Model (RM) trained on
human-labeled datasets, enabling them to align predictions
with user intent. InstructGPT represents a pioneering
example of this paradigm, demonstrating the ability to follow
instructions for tasks such as code summarization, answer-
ing code-related queries, and, in some cases, adhering
to instructions in multiple languages—even when such
instructions are underrepresented in its fine-tuning data
distribution. Empirical evidence shows that instruction fine-
tuning scales effectively with both the number of training
tasks and model size [41]. Leveraging these capabilities, we
design our pipeline to facilitate precise and context-aware
interaction with our custom codebase. LLMs have shown
impressive zero-shot and few-shot capabilities across a
wide range of natural language processing tasks [1, 2].
However, these models still face fundamental limitations
that scaling alone cannot fully resolve. Notable challenges
include their inability to access up-to-date information [9],
a tendency to generate fabricated facts [42], reduced ef-
fectiveness with low-resource languages [43], insufficient
accuracy in complex mathematical computations [44], and
a lack of awareness regarding temporal context [45].

One effective approach to overcome these issues is to aug-
ment LLMs with external tool integration, such as search
engines, calculators, or scheduling systems. Our research
harnesses the tool-calling capabilities of LLMs to facilitate
the smooth discovery and integration of such APIs. The
tool-calling process comprises three fundamental phases:
(i) Sampling API Calls — For each API, specialized prompts
are developed to instruct the language model to annotate
sample inputs with the appropriate API calls. (ii) Executing
API Calls — These annotated API calls are then executed
to obtain results, with the execution method tailored to the
specific type of API, such as running external scripts, invok-
ing auxiliary neural networks, or querying retrieval systems.
(iii) Filtering API Calls — The utility of each API call is as-
sessed by comparing the model’s performance under three
scenarios: excluding the call, including the call without its
output, and including the call with its output. An API call is
deemed advantageous if providing both the input and output
enhances the model’s next-token prediction accuracy com-
pared to the other scenarios.

2.4. Agentic orchestration

In addressing complex reasoning tasks, such as predicting
outcomes in aerodynamic experiments, scientists typi-
cally decompose problems into a sequence of manageable
steps. For instance: “A paper airplane glides 2 meters when
thrown lightly; when thrown with greater force, it glides 5
meters; therefore, increasing the throwing force increases
the glide distance.” Our workflow mirrors this approach by
generating structured chains of reasoning or thought which
are ordered intermediate conclusions that systematically
lead to the final answer. We show that sufficiently large
language models can produce such chains of thought when
few-shot prompting provides examples of step-by-step
reasoning. This methodology enables the systematic and
interpretable resolution of specific tasks, enhancing both
clarity and reliability in model-driven analyses.

When fine-tuned with zero-shot instruction, equipped with
domain-specific tools, and applied to specialized tasks,
LLMs evolve into agents capable of complex problem-
solving. Leveraging linguistic interaction and chain-of-
thought (CoT) reasoning [12], these agents can tackle
diverse challenges. Agentic orchestration can be cate-
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gorized into three variants. Standalone Large Language
Models (LLMs) are powerful systems that can perform
tasks and generate text on their own, without needing
other agents or external tools. They are highly versatile,
capable of handling everything from answering questions
to summarizing content or creating new text. Yet, despite
their independence, they have limitations, such as lacking
access to real-time information, struggling with complex
reasoning, and having limited memory for long-term con-
text. Single Agent Systems (SAS) take this idea further
by focusing on a single autonomous agent optimized for a
particular task. These systems are simpler to design and
maintain and can perform efficiently, but they often lack
flexibility and struggle in dynamic, unpredictable environ-
ments [13]. In contrast, Multi Agent Systems (MAS) bring
multiple autonomous agents together, allowing them to
collaborate, share knowledge, and coordinate actions. This
collaboration makes them more adaptable, scalable, and
capable of tackling complex, large-scale challenges that a
single agent could not handle alone [11].

3. RESULTS AND VALIDATION

In this section we perform a detailed investigation of our
proposition. To prepare a simulation framework we have
to confirm that with optimized architecture, the agents are
able to understand the methodology of accomplishing a
simulation process. Furthermore, for user intent wise use
cases, the system should be able to navigate through the
codebases and understand the documentation of respec-
tive code. The adopted methods for testing the current
frameworks are discussed below.

3.1. Validation Case - CFD Solver

To validate our algorithm we consider Ateles [31], a fluid
dynamic solver, that is based on a high-order modal dis-
continuous Galerkin method. Yielding high convergence
rates for smooth solutions and thus very precise simulation
results (ref). Several fluid dynamic equations are imple-
mented in Ateles [31] allowing for the simulation of different
numerical problems such as one directional fluid-structure
acoustics interactions or aeroacoustics. It provides different
time-stepping schemes such as Runge-Kutta 4th step or the
Implicit-mixed-explicit Runge-Kutta time stepping scheme
(IMEX). Geometries are modeled as immersed boundaries,
which can move over time using the Brinkman penalization
method. Different boundary conditions are implemented,
fulfilling the requirements of users for different problems.
The solver is written in modern Fortan including 1660
subroutines and 340 functions. In total the solver consists
of over 200.000 lines of code. Ateles is a component of
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the APES simulation framework [31], which includes pre-
and post-processing tools. It is also designed for hybrid
parallelization and is therefore well suited for large scale
simulations on supercomputing systems. The solver pro-
vides a user manual with various small examples to test the
different implementations of the solver.

3.2. Experiment setup

We first evaluate the impact of prompt engineering on
our simulation test cases. Separate investigations were
conducted for standalone LLMs, single-agent systems, and
multi-agent systems, each requiring tailored datasets to suit
their respective methodologies.

3.2.1. Framework functionality testing

As an initial step, we examined the framework’s basic
functionality by tracking LLM responses under different
configurations. Few-shot prompt injections produced varied
outputs, highlighting the importance of prompt design.
When interacting with structured data, LLMs must interpret
the underlying data grammar. To test this capability, we
represented custom code repositories in structured formats
such as tree hierarchies or JSON. We then constructed a
series of prompts incorporating structured examples from
the Ateles [31] codebase to evaluate whether standalone
LLMs could effectively process and utilize such data. These
experiments yielded valuable insights that informed the iter-
ative refinement of our framework. Subsequent integration
of tool usage and multi-agent systems produced a functional
Al-driven simulation workflow. Figure 3 shows the sequence
of agentic architecture. Two specialized agent were de-
ployed into the framework. The repository-level agent
interacts directly with custom code repositories. In its initial
stage, it parses user input to determine intent, extracting key
terms and identifying the corresponding configuration files
required to execute the desired simulation. As Ateles [31]
supports CFD simulations, selecting the correct equations
is essential for scientific accuracy; the repository-level
agent facilitates this navigation process. Given that the
workflow is designed to autonomously execute simulations,
there is an inherent risk of uncontrolled interaction with the
operating system, which could compromise the working en-
vironment or introduce security vulnerabilities. To mitigate
this, we employ a sandbox agent, capable of connecting
securely to remote workstations and high-performance
computing clusters. In our implementation, this connection
is facilitated via SSH. On the remote workstation, a dedi-
cated podman container—pre-configured with all necessary
libraries and dependencies—remains active. This setup
creates a clear separation between the local environment
and the virtual simulation environment, thereby enhancing
security and reducing dependency management complexity
for researchers. With this architecture, a single user com-
mand can initiate a complete CFD simulation in the remote
containerized environment, eliminating the need for CFD
specialists to manage software installation or architecture
intricacies, and streamlining the overall research workflow.

3.2.2. Custom Dataset

The comprehension capability of LLMs was evaluated using
a manually curated dataset, enabling us to assess their
applicability to our specific use case. In version 0.1 of the
dataset, 7 simple question answer pair were formulated.
Furthermore, we prepared 30 distinct test question-answer
pairs as dataset version 0.2. Of these, 18 required concise
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responses, 10 focused on in-depth methodological topics,
and 2 posed significant challenges as they involved custom
repository-level coding sKills.

3.2.3. Evaluation metric

Two approaches have been tested to check the applicability
of agentic framework. For testing the workflow, off course a
human evaluator is better for observation. We check manu-
ally the success of the pipeline.

Furthermore, for evaluating RAG approach along with its
generation capability, we utilize LLMs as a judge. The term
LLM-as-a-judge [46] describes the use of large language
models to evaluate, rank, or score outputs produced by
humans, other models, or multiple candidates from the
same system. Unlike conventional evaluation metrics such
as BLEU [47] or ROUGE [48], which depend on fixed sta-
tistical formulas, LLM judges leverage advanced semantic
understanding and reasoning to deliver context-aware,
fine-grained assessments. This approach has been ap-
plied in domains including natural language generation,
code review, and creative content analysis. Empirical
studies [49, 50] indicate that LLM judges can match or
even surpass traditional metrics in aligning with human
judgments.

Figure 4 shows how the responses are being measured
by LLM judges. Correctness denotes the degree of align-
ment between the generated output and the established
reference answer. Relevance evaluates the extent to which
the system’s response directly addresses the user’s query.
Retrieval relevance assesses whether the retrieved docu-
ments accurately correspond to the intended embedded
segments stored within the vector database. Grounded-
ness measures the extent to which the generated content
is substantiated by the retrieved documents.

3.3. Results and discussion

The chronological evaluaiton overview of our work is pre-
sented in this section. We had to test the feasibility of work-
ing with Al agents along with the capability of tool calling
decision making process of the system.

3.3.1. Simulation agents

Table 1 presents the manually measured success rate of
locating and executing simulation files across structured
and unstructured repository formats. The results highlight
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a clear limitation of smaller and medium-sized LLMs (e.g.,
LLaMA-3B, Alfred-40B): they consistently failed to navigate
tree or JSON-based repositories, particularly when dealing
with complex nested structures and parent—child relation-
ships. This failure was further amplified by vector database
chunking, which splits JSON structures into fragments and
causes retrieval systems to recombine them incorrectly,
often resulting in contextual mismatches.

Instruction fine-tuning with repository path examples slightly
improved navigation, but performance deteriorated as
repository size and complexity increased. In contrast, when
a dedicated file-search tool was introduced into the agentic
system, the success rate dramatically improved. By allow-
ing the system to explicitly call the tool for file discovery,
simulations could reliably identify and execute the correct
files, achieving a 100% success rate once the file location
was found. This confirms that tool integration is essential
for reliable repository-level interaction.

Providing diverse, well-crafted examples within the prompt
markedly improved results. These examples, containing
key domain-specific terms, enhanced chunk retrieval from
the vector store and preserved structural integrity. Larger
models, such as Alfred-40B, could then accurately recon-
struct the full structure and identify the exact location of the
required configuration file.

Figure 5 shows the integration of directory navigator
agent and sandbox agent to the workflow. To support
autonomous operation, a simple finder tool was integrated
into the pipeline, enabling the LLM to select and invoke
tools according to user instructions. When a file search is
required, the model extracts key terms from the query, calls
the finder tool, and retrieves the file’s location. In figure 5,
the prompt _to_string method extracts meaningful keywords
from the user intended simulation use case. Then, the
dir_navigator approach sends these keywords to our vector
database which is lancedb interact. From the vector store,
the location of the file along with contents are retrieved.
Eventually the file along with its location and content is
passed to the sandbox_agent, which operates in a remote
workstation with all necessary dependencies pre-installed in
a containerized environment. Moreover, to separate 1D, 2D
or 3D use cases, another tool is integrated into the system.
Based on user requirements, it has to be ensured that most
certain variables are present in the requested chunks. The
method dimension_adder assists in resolving such edge
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Repository format Prompt injection (Llama 3B) | Prompt injection (Llama 3B instruct) | Prompt injection (Alfred 40B instruct) | Mentioned LLMs with tool call
Tree structure 0% 0% 0% 100%
JSON 5% 5% 7% 100%
With example in prompt 20% 20% 40% 100%

TAB 1. Investigation on structured data understanding by LLMs and integration of tools to the workflow

cases. Coordinated tool calls between the sandbox agent
and the repository-level agent then execute the simulation
seamlessly.

3.3.2. Retrieval methodology testing

We conducted a further investigation into content gener-
ation capabilities. Initial responses from Gemma 1B and
LLaMA 3B were systematically recorded and analyzed. In
agent based system, multiple LLMs communicate between
each other to resolve user requirements. It has been noted
that, small language models can be utilized to reduce time
and space complexity of the whole agentic system [51, 52].
Therefore, for our baseline framework we have chosen
the small language models which are locally runnable with
simple CPU architecture. Moreover as Gemma 1B was
not trained on instruction-based datasets, the LLaMA 3B
instruction-tuned model was employed as the evaluator to
ensure reliable assessment. For shorter queries, the token
consumption was found to be relatively balanced, indicating
efficient response generation for concise prompts. The
whole system was tested in 4 different phases.

Phase 1: Feasibility Study with Version-0.1 Dataset
The feasibility of the Retrieval-Augmented Generation
(RAG) approach was initially assessed using a version-0.1
dataset consisting of seven simple question—answer pairs.
These questions were derived directly from documentation,
such as whether Ateles is parallelizable with MPI or whether
mesh generation is supported. Results presented in Table
2 and Table 3 indicate that the RAG approach is effective in
navigating documentation and retrieving factually grounded
answers. Furthermore, the LLM which are not instruction
fine-tuned can not be used as LLM judge as they are not
pre-trained for such tasks.

Phase 2: Expanded Evaluation with Version-0.2 Dataset
A more comprehensive evaluation was conducted with a
version-0.2 dataset containing 30 question—answer pairs.
Retrieval and generation quality were assessed using large
language models (LLMs) as evaluators. The following LLMs
were benchmarked: a) InternLM2 (7B), b) Phi-4 (14B), c)
Alfred (40B), d) Mistral (7B), e) LLaMA-3 (3B), f) Gemma
(1B). The key findings of this phase are explained bellow.
Top-k retrieval:  Selecting the top 5 most relevant chunks
yielded optimal performance. Retrieving more documents
increased hallucination risk.

Model reliability:  Models with more than 7B parameters
performed consistently better in interpreting queries and
grounding responses in retrieved evidence.

Small model behavior: Smaller models handled di-
rect and straightforward questions but struggled with
reasoning-intensive or technical queries, such as simulation
methodologies or code dependency analysis.

Exceptions: Qwen (2.5B) occasionally performed beyond
expectation, suggesting that some smaller models may still
excel at targeted tasks.

Phase 3: Limitations of Small and Large Models
Small models:  Adequate for simple factual queries but

©2025

weak in handling logical reasoning, multi-step dependen-
cies, and technical detail.

Large models: More powerful, yet still prone to errors on
advanced simulation-related queries, such as identifying
code vulnerabilities or intricate dependencies.
Observation:  Performance declines as query complexity
increases, highlighting the importance of contextual guid-
ance during the retrieval-generation process.

Phase 4: Memory Integration into the Agentic System
To improve reliability, memory augmentation was incorpo-
rated into the agentic pipeline. This enabled multi-turn con-
versations where users could iteratively refine queries and
guide the system toward precise answers. For some sam-
ple question such as: "Can you provide the scheme, tracking
and mesh information for euler 1D equation?", the one shot
answer from all the LLM mentioned above generates results
having a precision of 0.163, recall of 0.167 and fmeasure of
0.164. Whereas, sequence of questions such as: a)” What
is the procedure for running one of the testcases?", b)" Okay,
let’s say, | am in the folder ateles/tutorial/testcase/euler. Now
what do i do? ", c) "In the lua files for 1D Euler equation,
what parameters should i be configuring?”, d) "Provide me
with a template for writing equation definitions?", €) "Pro-
vide a template for writing the equation definitions for the
Euler equation system in Lua.", f) "Why are you only provid-
ing global variables? Can you provide the scheme , tracking
and mesh information for euler 1D equation?" lead towards
the required detailed response from the codebase. This
is really exciting because, leveraging such high level code
navigation, the simulation can be run from simple prompts.
The multi-faceted advantages brought by such conversa-
tional systems are:

Guided exploration: Multi-step queries enabled the system
to progressively narrow down answers, such as identifying
exact simulation variables.

Configuration file handling: The agent could locate and
modify configuration files by inserting, deleting, or adjusting
parameters according to user-defined conditions (e.g.,
environment variables or multi-physics setups).

Improved contextual understanding: ~ Continuous conver-
sation allowed the agent to build awareness of simulation
pipelines, enhancing its ability to provide grounded and
actionable responses.

4. CONCLUSION

In this work, we analyzed the applicability of LLM based
agentic orchestration system to augment legacy codes
of Aerodynamic simulation system with currently emerg-
ing natural language technologies. These systems are
promised to be an important factor for future digital twin
concepts. Our inquiry into such systems shows unfolds the
potential of agent based simulation frameworks. Further-
more, the addition of memory significantly improved the
agent’s ability to interact with both documentation and code-
bases. This enhancement is especially important for tasks
requiring detailed reasoning, such as preparing simulation
pipelines from natural language prompts. When integrated
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Inputs Reference Outputs Correctness | Groundness | Relevance | Retrieval relevance | Tokens
Central comp. TreEIm TreEIm true true true true 915
Script format Lua Lua true true true true 1134
Suite APES University of Siegen false true false false 461
Fortran env variable FC FC true true true false 1210
APES relevant components | Aotus, TreELM | Euler, Gaussian, Planar false true true true 731
MPI parallelization Yes Yes true false true true 997
Mesh generation Yes Yes true true true false 1001
TAB 2. RAG evaluation: Answer generated through 1B gemma model evaluated through 3B llama model
Inputs Reference Outputs Correctness | Groundness | Relevance | Retrieval relevance | Tokens
Central comp. TreElm TreElm true true true true 897
Script format Lua Lua true true true true 940
Suite APES Do not know false false false false 396
Fortran env variable FC FC, export FC = mpif90 true true true true 1153
APES relevant components | Aotus, TreELM Lua, source term false false true true 807
MPI parallelization Yes Yes true false true true 881
Mesh generation Yes No built-in, TreELM false true true true 906
TAB 3. RAG evaluation: Answer generated through 3B llama model evaluated through 3B llama model
Models Retrieval relevance Relevance Groundness Correctness
Gemma 1b 66.6% 70% 60% 40%
Qwen 2.5b 83.3% 60% 53.3% 56.7%
Llama 3b 73.3% 33.3% 50% 26.7%
Mistral 7b 73.3% 73.3% 70% 36.7%
Internim 7b 76.7% 73.3% 60% 53.3%
Phi 14b 80% 73.3% 66.7% 43.3%
Alfred 40b 73.3% 76.6% 60% 53.3%

TAB 4. RAG evaluation: Perfomance of RAG on different models on Dataset version 02

into existing systems, memory-augmented conversational
agents are expected to: (i) increase the accuracy of sim-
ulation setup, (ii) reduce reliance on parametric memory,
(iii) enhance user trust by grounding answers in retrieved
documents, (iv) enable dynamic code modifications tailored
to simulation needs.

The integration of additional tools has the potential to create
a more advanced research environment. We are actively
exploring the feasibility of such systems, and our future
research directions include, but are not limited to:

a) Testing more advanced LLMs with more parameters on
the framework.

b) Extension of test dataset.

c) Extension of the framework to other use cases beside
Ateles [31].

d) Integrate High Performance Computing (HPC) systems
into the environment agents.

e) Transform the existing engineering workflows to more
simple and faster frameworks.

We plan to collaborate with advanced HPC labs and in-
dustry experts to develop the framework into an Al based
multi-physics simulation framework.

Contact address:

safayet.rifat@dlr.de
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