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ABSTRACT

We introduce CFDAgent, a zero-shot, language-guided multi-agent framework that enables fully autonomous computational fluid dynamics
(CFD) simulations from natural language prompts. CFDAgent integrates three specialized large language model driven agents: (i) the
Preprocessing Agent generates Lagrangian surface meshes from inputs including natural language descriptions, two-dimensional images, or
three-dimensional geometry; (ii) the Solver Agent configures and executes an immersed boundary flow solver; and (iii) the Postprocessing
Agent analyzes and visualizes the results, including quantitative plots, flow field visualizations, and photorealistic renderings. These agents
operate through an interactive, dialogue-based process guided by a generative pretrained transformer (GPT-4o), enabling intuitive user inter-
action. We validate CFDAgent against canonical benchmark cases—flow past spheres, cubes, and cylinders—at various Reynolds numbers,
demonstrating excellent agreement with established literature data. The framework successfully simulates flows around complex real-world
geometries, all through simple text prompts. This zero-shot capability represents a fundamental shift from traditional CFD workflows, elimi-
nating the need for extensive preprocessing expertise, mesh generation skills, and case-specific setup. By bridging generative artificial intelli-
gence with CFD simulations, CFDAgent significantly lowers technical barriers to expert-level CFD, unlocking broad opportunities in
education, scientific research, and engineering applications while making advanced flow simulations accessible to nonspecialists.

VC 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC BY-NC-ND) license (https://creativecommons.org/licenses/by-nc-nd/4.0/). https://doi.org/10.1063/5.0294696

I. INTRODUCTION

Large Language Models (LLMs), particularly OpenAI’s GPT
series,1–4 have significantly expanded the capabilities of artificial intelli-
gence (AI), driving transformative advances in natural language proc-
essing, reasoning, and zero-shot learning. Rooted fundamentally in the
Transformer architecture,5 these models have revolutionized diverse
fields by enhancing tasks related to text generation, knowledge extrac-
tion, and generative functionalities.3,4 Beyond natural language appli-
cations, GPT models also exhibit strong capabilities in code generation
and computational physics, achieving promising results in various
programming-related benchmarks.4,6

Despite their impressive capabilities, current standalone LLMs
remain limited in tasks requiring extensive, precise, and systematic

content generation—particularly in computational physics7 due to
persistent challenges such as hallucination.8 As elucidated by
Wolfram,9 fundamental constraints inherent in these models restrict
their ability to autonomously “solve science.” In particular, although
LLMs can effectively assist in accelerating the development of
numerical solvers in fluid dynamics or other physical problems,6

they remain insufficient as replacements for simulations, especially
in tasks involving complex geometry handling, rigorous physical
modeling, and sophisticated numerical methods such as
Computational Fluid Dynamics (CFD). Despite significant research
integrating AI into CFD workflows,10–15 current AI technologies—
including LLMs—remain unable to function as direct solvers for the
underlying governing equations.9
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To mitigate these limitations, integrating LLM capabilities into
simulation frameworks has emerged as an increasingly promising
direction.16 Recent studies16–20 have proposed hybrid approaches
leveraging LLM-driven techniques for enhancing simulations and
engineering design optimization. Notably, these approaches com-
monly involve prompt-based interactions, automatic equation formu-
lation, and assisted simulation frameworks. Specifically, the
combination of LLMs and CFD has garnered substantial research
attention and demonstrated initial success. For example, Dong et al.20

complement this by fine-tuning a 7B-parameter Qwen model on 28k-
NL2FOAM pairs and orchestrating a multi-agent pipeline that trans-
lates natural language descriptions into executable OpenFOAM cases
with 88.7% accuracy and markedly fewer correction iterations than
much larger general-purpose LLMs. Wang et al.16 systematically
benchmark reasoning-augmented and vanilla LLMs on tasks ranging
from canonical lid-driven cavity flow to ill-conditioned Hilbert sys-
tems, showing that tailored prompts let reasoning models excel even
without fine-tuning. Zhang et al.21 propose LLM-PSO, an evolutionary
strategy-based framework that leverages large language models for
parametric shape optimization through in-context learning, demon-
strating competitive performance against traditional genetic algorithms
across multiple fluid dynamics applications including airfoil design,
axisymmetric body optimization, and heat exchanger fin configura-
tion, while achieving rapid convergence and computational efficiency
without requiring model retraining, thus opening new avenues for AI-
assisted engineering optimization. Pandey et al.22 introduce
OpenFOAMGPT, a retrieval-augmented LLM agent that automates
CFD workflows in OpenFOAM through natural language interactions,
refining code, minimizing syntax errors, and providing a logical frame-
work for high-fidelity simulations with domain-specific guidance,
thereby substantially lowering technical barriers for nonspecialists.
Wang et al.23 further optimize the OpenFOAMGPT framework by
benchmarking different LLMs, significantly reducing token costs by up
to two orders of magnitude while maintaining performance. These
examples collectively highlight the potential of fine-tuned, zero-shot,
and agentic LLM approaches. Consequently, the integration of
advanced LLM agent-based frameworks with CFD tools represents a
promising direction to bridge the gap between natural language under-
standing and computational simulation, specifically pointing toward the
feasibility of zero-shot, language-guided execution of complex flow sim-
ulations without extensive manual intervention. Motivated by these
advancements and challenges, in this work, we propose an LLM-driven
multi-agent framework that coordinates preprocessing, solver execu-
tion, and post analysis entirely through natural language interaction to
achieve fully automated, end-to-end simulations in CFD workflows.

In this work, we refer to this multi-agent framework as
CFDAgent, which enables fully language-guided, zero-shot, end-to-
end simulations of complex flows. Through natural language interac-
tion, the framework is designed to manage three core stages that con-
stitute the workflow of a typical complex flow simulation: (1)
preprocessing, which includes geometry and mesh generation; (2) flow
solving, which involves numerically solving the governing fluid
dynamics equations under specified initial and boundary conditions;
and (3) postprocessing, which encompasses the analysis and visualiza-
tion of simulation results. Correspondingly, CFDAgent leverages
LLM-driven agents to overcome the substantial demands on human
and computational resources typically required in these stages.

The Preprocessing Agent integrates a hybrid text-to-three-dimen-
sional (3D) diffusion model, Point-E, to autonomously generate point
cloud and transforms it into the mesh. Point-E generates 3D point
clouds from natural language prompts by first synthesizing images via
GLIDE24 and then reconstructing geometry, achieving 10 to 100 times
faster sampling than earlier text-to-3D approaches.25–32 In the second
stage, the Solver Agent enables the LLM to guide users in configuring
simulation parameters and launching the flow solver. Complementing
this, our Immersed Boundary (IB) method, rooted in Peskin’s founda-
tional work33–35 and leveraging direct-forcing methods,36–44 imposes
boundary conditions on complex geometries without body-fitted
meshes by solving small, localized linear systems.45 Enhanced through
parallel domain decomposition, our implementation delivers both
high accuracy and computational efficiency, as validated by extensive
benchmarks.45–49 Finally, the Postprocessing Agent provides the LLM
with scripts for analyzing physical quantities, visualizing flow fields,
and using simulation results to generate realistic imagery of physical
objects.

II. METHODS
A. Zero-shot multi-agent system

Implemented as an interactive web application using Streamlit,50

the framework incorporates an OpenAI GPT-based assistant4 to
enable user-agent dialogue and task coordination. The proposed three-
agent framework, whose workflow is presented in Algorithm 1 in
Appendix C and visualized in Fig. 1, enables the end-to-end transfor-
mation from high-level natural language specifications to fully config-
ured simulations. Algorithm 1 presents a simplified finite-state
implementation where a single variable agent2 1; 2; 3f g coordinates
the sequential progression through the three agents. While certain
implementation details are omitted for clarity and brevity, the algo-
rithm captures the essential conversation-driven mechanism.

The Preprocessing Agent initiates dialogue and determines if the
user intends to run a fluid dynamics simulation. In the first stage, the
user engages with a GPT-driven conversational interface. If the user
expresses interest in a fluid simulation, GPT starts to assist in the simu-
lation. Through a dialogue, the user is asked to specify the object of
interest either by name or description (e.g., “dog” or “sphere”), by
uploading a reference image of the object or by providing a preexisting
3D mesh file. The user also specifies the flow conditions, notably the
desired Reynolds number for the simulation—a dimensionless quan-
tity that characterizes the nature of the flow. If the object is provided
only as a text description or an image, the framework generates a cor-
responding 3D model along with its surface mesh. This is accom-
plished using OpenAI’s Point-E, which can produce a three-
dimensional point cloud representation of an object from either a tex-
tual description or a single image. Once a sufficient point cloud is
obtained, a signed distance function (SDF) regression model is applied
to convert the point cloud into a continuous volumetric representation,
and a Marching Cubes algorithm extracts a surface mesh from this
field. The resulting surface mesh, also referred to as the Lagrangian
mesh, approximates the target object’s geometry. If the user instead
uploads an existing 3D mesh, the generative modeling step is skipped,
and the provided mesh is used directly. Through an agent-provided
interface, the user defines the incoming flow direction with respect to
the object, ensuring correct geometric orientation within the simula-
tion. To accomplish this, the agent initially assumes the role of a
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preprocessing expert by invoking system prompt. Following this ini-
tialization, the agent analyzes the response to identify one of three des-
ignated output tags:

• ###OUT1###: Generate a point cloud from textual geometry
descriptions and construct the corresponding surface mesh;

• ###OUT2###: Generate a point cloud from uploaded images
and construct the corresponding surface mesh;

• ###OUT3###: Import a user-provided surface mesh directly.

Within the Solver Agent, the simulation parameters are first con-
figured, followed by the launching of the simulation. Upon initial
entry, the agent is reconfigured through system prompt to function as
a CFD solver assistant. The user is prompted to provide essential CFD
settings: the total simulation duration (end time), the Courant–
Friedrichs–Lewy (CFL) number for numerical stability, the time step,
boundary conditions, and the output frequency for saving simulation
data. The GPT-based assistant suggests default or recommended val-
ues for these inputs. Utilizing GPT, users are able to ask questions
regarding any unfamiliar or unclear physical parameters at any stage.
The Eulerian grid has a default configuration, but a new grid can also
be specified by setting the grid size and computational domain. With
the geometry and simulation parameters specified, the framework
automatically generates the necessary configuration files for the CFD
solver. In particular, it writes out a Para.txt file containing the solver
settings and global parameters, and a Bc_Ic.txt file specifying the
boundary and initial conditions as well as the Eulerian grid file. Once
all the necessary files are properly prepared, the solver proceeds to sim-
ulate the flow around the object using the IB method with the given
mesh and parameters. A detailed description of the IB method is

provided in Sec. III. From an implementation perspective, the agent
maintains dialogue with the user until it generates the tag
###OUTT###, signaling that all necessary information has been col-
lected. Upon detecting this tag, the program parses the solver parame-
ters, launches the CFD solver, and transitions to the Postprocessing
Agent.

The Postprocessing Agent is used to visualize the simulation
results and extract quantitative metrics for analysis. Initially, the agent
is configured via SYSTEM PROMPT 3 to act as a postprocessing analyst.
Postprocessing is executed through a collaborative workflow where the
agent interprets user requests to configure and run specialized scripts.
The user can ask for various visualizations or statistics, and each
request is mapped to a specific command tag generated by the model.
This framework supports a range of automated analyses, including:

• ###POST1###: Time-series Plots. Extracts and plots time-
dependent values from specified spatial points to monitor tran-
sient behavior at key locations.

• ###POST2###: Two-dimensional (2D) Contour Plots. Renders
scalar or vector fields on 2D planar slices extracted from the 3D
domain (e.g., x–y or y–z planes) to visualize spatial variations.

• ###POST3###: 3D Iso-surfaces. Generates volumetric render-
ings of a scalar field’s iso-surfaces, allowing for the visualization
of coherent flow structures in three dimensions.

• ###POST4###: Max or Average Coefficients. Computes integral
quantities on selected surfaces and reports key metrics, such as time-
averaged or peak coefficients (Cl;Cd), based on the user’s query.

The strict tag grammar enables deterministic machine parsing
while keeping human dialogue natural and uncluttered. All agent

FIG. 1. Workflow diagram of CFDAgent. The system employs three specialized agents—Preprocessing, Solver, and Postprocessing—each configured with tailored system
prompts to handle specific stages of the CFD simulation pipeline. Users interact with the system through natural language, with LLM responses containing tagged instructions
(e.g., OUT1 and POST1) that trigger corresponding operations. The preprocessing agent handles geometry import and mesh generation. The solver agent configures simula-
tion parameters and executes the IB simulation. The postprocessing agent generates comprehensive visualizations and quantitative analyses.
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prompts use a hierarchical, slot-filling design with three elements: a
system prompt that states the fluid dynamics objective defines a single
trigger condition, enumerates required slots, and forbids redundant
loops; command blocks that provide validated tags showing correct
extraction and confirmation patterns; and a self-check that verifies slot
completeness and input plausibility before emitting any block, other-
wise asking exactly one concise follow-up question. This structured
approach minimizes errors while enabling intuitive interactions.
Consequently, CFDAgent lowers the entry barrier for nonexpert users
while preserving the flexibility demanded by seasoned CFD
practitioners.

B. Relevant technologies

1. Large language models

LLMs such as GPT-4 series4 have demonstrated strong zero-shot
reasoning and multimodal understanding capabilities. In the context
of CFD workflows, these strengths translate into (i) robust intent rec-
ognition from noisy user queries, (ii) automatic extraction and valida-
tion of simulation parameters, and (iii) context-aware tutoring for
novice users. Unlike traditional rule-based chatbots, LLMs can general-
ize to unforeseen phrasing while enforcing domain-specific constraints
through carefully designed prompts.

To ensure reliable parsing, strictly formatted command blocks
can be used in a slot-filling structure for the system message and self-
check, with automatic prompts for any missing slots. After bench-
marking several candidates on manually curated conversational test
cases, we selected GPT-4o and retained GPT-4o-mini as a fallback.
GPT-4o-mini is more cost-effective than GPT-4o, maintaining a
pass@1 accuracy of � 91% on our task-oriented test suite. Switching
the GPT model only requires editing a single line in the Streamlit ser-
vice, minimizing deployment friction. A detailed analysis of our bench-
mark results is provided in Appendix B.

2. 3D geometry generation based on Point-E

Within the CFDAgent framework, the preprocessing agent lever-
ages Point-E32 as its core mechanism for autonomously generating 3D
geometries from either natural language prompts or 2D reference
images. This capability is pivotal for enabling an end-to-end, language-
guided simulation workflow, as it allows users to define complex
objects without requiring preexisting CAD models or specialized 3D
modeling skills. Point-E is not a monolithic model but a sophisticated,
multi-stage generative pipeline that decomposes the challenging task
of text/image-to-3D generation into two sequential, diffusion-based

processes. This design prioritizes computational efficiency and practi-
cal deployability, enabling the generation of a 3D point cloud in
approximately 1–2min on a single GPU. The complete Point-E pipe-
line, as illustrated in Fig. 2, proceeds in three stages.

Before delving into the stages of Point-E, it is essential to under-
stand the foundational generative framework upon which it is built: the
Denoising Diffusion Probabilistic Model (DDPM).51 DDPMs are a class
of latent variable models inspired by non-equilibrium thermodynamics.
They define a generative process by learning to reverse a gradual,
Markovian noising process that transforms data into pure noise. Given
a clean data sample x0 (e.g., an image or point cloud) drawn from the
true data distribution qðx0Þ, the forward process adds Gaussian noise
over T discrete timesteps. This is defined as a fixed Markov chain

qðxt jxt�1Þ ¼ N xt ;
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� bt

p
xt�1; btI

� �
; (1)

where bt 2 ð0; 1Þ is a small, predefined variance schedule that controls
the amount of noise added at each step t. The schedule is typically cho-
sen such that by the final step T, xT is nearly an isotropic Gaussian,
i.e., qðxT jx0Þ � N ð0; IÞ. A key property of this process is that any
noisy sample xt can be sampled directly from x0 without running the
entire chain,

xt ¼
ffiffiffiffiffi
�at
p

x0 þ
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� �at
p

�; where � � Nð0; IÞ: (2)

Here, at ¼ 1� bt and �at ¼
Qt

s¼1 as.
The first stage generates a synthetic 2D image that serves as an

intermediate representation. This is achieved using a variant of the
GLIDE model,52 which is a powerful text-conditional diffusion prob-
abilistic model built upon the DDPM framework described earlier.
Crucially, GLIDE extends the standard DDPM to become a condi-
tional diffusion model. It generates an image I conditioned on a text
prompt by modifying the reverse process ph to be dependent on the
text embedding. A key innovation in GLIDE is the use of classifier-
free guidance to dramatically improve the alignment between the
generated image and the text prompt. During training, the text con-
ditioning is randomly dropped 10% of the time, replacing it with an
unconditional token ;. This allows the model to learn both a condi-
tional distribution �hðxt jtextÞ and an unconditional distribution
�hðxt j;Þ. During inference, the model’s noise prediction is guided by
extrapolating away from the unconditional prediction toward the
conditional prediction,

�̂hðxt jtextÞ ¼ �hðxt j;Þ þ s �hðxt jtextÞ � �hðxt j;Þ
� �

; (3)

where s � 1 is the guidance scale. A higher s increases the influence of
the text prompt, leading to outputs that more closely match text but

FIG. 2. Text-to-3D mesh generation pipeline. A natural language prompt is processed by a fine-tuned GLIDE model to generate a synthetic image, which is then converted into
a 3D point cloud using point cloud diffusion with CLIP and a transformer. The resulting point cloud is transformed into a 3D mesh using SDF estimation and marching cubes.
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potentially at the cost of sample diversity. For the Point-E’s GLIDE
stage, a guidance scale of s ¼ 3:0 is typically used for optimal results.32

The mean of the reverse process is then parameterized using this
guided noise prediction,

lhðxt ; t; textÞ ¼
1ffiffiffiffi
at
p xt � btffiffiffiffiffiffiffiffiffiffiffiffiffi

1� �at
p �̂hðxt ; t; textÞ

� �
: (4)

The GLIDE model employs a U-Net architecture, which is specifi-
cally designed for processing grid-structured data like images. This
is a critical distinction from the subsequent stage. For its use in
Point-E, the GLIDE model is fine-tuned on a dataset of 3D object
renderings. This fine-tuning biases the model to generate images
that are plausible, single-view projections of 3D objects, rather
than arbitrary 2D compositions. This ensures that the synthetic
views it produces are suitable for the subsequent 3D reconstruction
stage. During inference, a special token is appended to the user’s
text prompt to signal to GLIDE that it should generate a 3D-style
render. If the user provides a 2D image instead of text, this first
stage is bypassed, and the provided image is used directly as the
conditioning input for the next stage.

The second stage takes the synthetic (or user-provided) 2D image

I and generates a corresponding 3D point cloud P ¼ ðpi; ciÞ
	 
N

i¼1,
where pi 2 R3 represents the 3D coordinates of a point and ci
2 ½0; 1�3 represents its RGB color. This stage employs a Transformer-
based conditional diffusion model. Unlike GLIDE (Stage 1), which
uses a U-Net, Point-E’s point cloud model leverages a permutation-
invariant Transformer. This choice is deliberate: since a point cloud is
an unordered set of points, a Transformer that treats its input as a set
of tokens without inherent positional meaning is a more natural and
inductive-bias-aligned architecture than a U-Net, which is designed
for grid-structured data. The conditioning image I is processed by a
frozen, pretrained CLIP model. Crucially, Point-E uses the spatial fea-
ture grid from CLIP, which is projected into a sequence of tokens and
prepended to the Transformer’s input context alongside the tokens for
the noised point cloud xt and the time step t. This rich, spatial condi-
tioning allows the model to understand the structure and semantics of
the image far better than using a single global CLIP embedding. To
ensure the generated point cloud P is semantically aligned with the
conditioning image I, Point-E’s point cloud diffusion model employs
classifier-free guidance, following the same mathematical principle
introduced in GLIDE [Eq. (3)]. During training, the image condition-
ing is randomly dropped 10% of the time. During inference, the model
uses the same guidance formula, replacing text with I, to sharpen the
alignment between the point cloud and the image. The model is
trained to predict both the mean lh and the variance Rh of the
reverse diffusion process phðxt�1jxt; IÞ ¼ N ðlhðxt ; t; IÞ;Rhðxt ; t; IÞÞ.
Following the improvements detailed in Ref. 24, the variance Rh is not
fixed but is learned by the model. It is parameterized as an interpola-
tion between the upper and lower bounds bt and ~bt ,

Rhðxt ; tÞ ¼ exp v logbt þ ð1� vÞ log ~bt

� �
; (5)

where v is a vector output by the model for each dimension. This
parameterization stabilizes training and improves sample quality.

For use in CFD simulations, the generated point cloud P must be
converted into a watertight surface mesh. Point-E achieves this

through an implicit surface representation. A separate neural network
/w : R3 ! R is trained to regress a Signed Distance Function (SDF)
from the point cloud. For any query point x in 3D space, /wðxÞ pre-
dicts its signed distance to the object’s surface (negative outside, posi-
tive inside). The object’s surface is defined as the zero-level set

S ¼ x 2 R3j/wðxÞ ¼ 0
n o

. A standard Marching Cubes algorithm53

is then applied to this implicit field to extract a triangular surface
mesh. Finally, Laplacian smoothing is applied to the extracted mesh to
reduce any voxelization artifacts and produce a smoother surface suit-
able for numerical simulation.

3. Immersed boundary method for incompressible flows

The IB method offers an efficient framework for simulating incom-
pressible flows around bodies with complex geometries on non-conformal,
typically Cartesian, grids. This is achieved by introducing a forcing into the
Navier–Stokes equations to enforce the boundary conditions at the fluid–
body interface. In this formulation, the fluid domain is discretized on a
fixed Eulerian grid, while the immersed boundaries are represented by
Lagrangian markers that are either stationary or inmotion.

For the momentum, the Navier–Stokes equations with IB forcing
take the form:

@u
@t
þ u � ru ¼ �rpþ 1

Re
r2uþ f ; (6)

r � u ¼ 0; (7)

where uðx; tÞ is the Eulerian velocity field, pðx; tÞ is the pressure, and
Re is the Reynolds number. The term f represents the body force
exerted on the fluid by the immersed surface. Within the IB frame-
work, one defines a Lagrangian force FðX; tÞ on the fluid-body inter-
face S (with Lagrangian coordinate X). This force is spread to the
Eulerian grid via a convolution with a regularized delta function dh,

fðx; tÞ ¼
ð
X2S

FðX; tÞ dhðx � XÞ dX: (8)

Here, dh ensures a smooth transfer of force from the Lagrangian
markers to the Eulerian grid. The delta function dh used for force
interpolation is a piecewise function ensuring smoothness. In 3D cases,
it is defined as

dhðx � XÞ ¼ 1
h3

/
x � X
h

� �
/

y � Y
h

� �
/

z � Z
h

� �
; (9)

where /ðrÞ is the kernel function

/ðrÞ ¼

1
8

3� 2jrj þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 4jrj � 4r2

p� �
; jrj � 1;

1
8

5� 2jrj �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�7þ 12jrj � 4r2

p� �
; 1 � jrj � 2;

0; jrj � 2:

8>>>>>><
>>>>>>:

(10)

This kernel function ensures second-order accuracy in force
interpolation and velocity reconstruction.

Conversely, the fluid velocity at the Lagrangian markers is
obtained by interpolating the Eulerian field,
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U	ðX; tÞ ¼
ð
x2X

uðx; tÞdhðx � XÞdx: (11)

The Lagrangian force F is then chosen so as to enforce the no-slip
and no-penetration conditions. In practice, one computes FðX; tÞ to
drive the interpolated velocity U	ðX; tÞ toward the prescribed bound-
ary velocity UbðX; tÞ (for example, via a penalty or direct-forcing for-
mulation), thereby closing the coupling between fluid and body.

The spatial discretization is performed using a second-order finite
volume scheme, and temporal integration is carried out with a three-
step, second-order, low-storage Runge–Kutta method. To address
large-scale three-dimensional simulations efficiently, the solver
employs parallelization based on domain decomposition and MPI pro-
tocols. Flow variables are distributed across worker processors, whereas
the IB equations are assembled and solved centrally on the root proces-
sor using a gather-scatter communication strategy, thus demonstrating
excellent scalability. More numerical details and validations can be
found in our previous publications.45

III. RESULTS AND DISCUSSION
A. CFDAgent flow simulation around canonical
geometries: Sphere, cube, and cylinder

By leveraging the capabilities of the proposed LLM-driven CFD
framework, we conducted three-dimensional numerical simulations of
unsteady flow around three canonical geometries—a sphere, a cube,
and a cylinder—at representative Reynolds numbers to validate the
framework’s performance and accuracy.

1. Flow around a sphere

The entire simulation workflow is guided by CFDAgent through
an interactive, dialogue-based process. As shown in Table I, when the
user expresses interest in CFD, CFDAgent autonomously orchestrates
its core agents to initiate the procedure. The Preprocessing Agent
requests the geometry and Reynolds number, supporting three distinct
input modes: (1) direct generation from a natural language prompt
(e.g., sphere), (2) reconstruction from an input image of the object,
and (3) direct import of a pre-generated surface mesh. All three modes
ultimately produce a Lagrangian surface mesh representing the object.
Subsequently, the Solver Agent prompts the user for detailed numeri-
cal simulation settings and initiates the solver.

Unless otherwise specified, all simulations in this section utilize
the default configuration settings. For external flow cases studied in
this work, except the infinitely long cylinder, we employ a default and
consistent set of boundary conditions: uniform velocity u ¼ 1 with
freestream conditions at the inlet, zero-gradient pressure boundary
condition at the outlet, far-field conditions at the outer computational
domain boundaries, and no-slip wall condition on the object surface.
As illustrated in Fig. 3, the computational domain extends
½�4D; 8D� 
 ½�5D; 5D� 
 ½�5D; 5D� in the x, y, and z directions,
respectively, where D is the characteristic length, here is the sphere
diameter, with a core refinement region centered at the origin extend-
ing over a 2D area. The Eulerian grid is locally refined near the sphere
surface, with a minimum size of h ¼ D=40, selected to match the aver-
age Lagrangian mesh size. The total number of Eulerian grid cells is
approximately 3.6 
 106, and the surface consists of approximately
18 000 Lagrangian points. Grid convergence was rigorously validated
through multiple tests, confirming that variations in grid resolution

and domain size have negligible influence on the flow
characteristics.45,46,49,54 If the default Eulerian grid is not used, Agent
Solver automatically switches to an interactive Eulerian grid-
generation mode for user definition. It queries the user for each of the
Eulerian grid parameters described earlier, confirms the selections, and
then executes the Python script to build a new grid.

The Postprocessing Agent generates figures to visualize the simu-
lation results as specified by the user prompt. In the postprocessing
step, we compute the dimensionless drag and lift coefficients, Cd and
Cl , by normalizing the drag (D) and lift (L) forces by the dynamic pres-
sure, q ¼ 1

2 qU
2, and a reference area, S,

Cd ¼ D=ðqSÞ;Cl ¼ L=ðqSÞ: (12)

Here, q is the fluid density and U is the freestream velocity.
To ensure the reliability of our numerical results, a grid indepen-

dence study was conducted using three different grid resolutions.
Table II presents the drag coefficient Cd computed with varying grid
densities. The results demonstrate that the solution is grid-
independent, with the drag coefficient converging for the medium and
fine grids. The medium grid with 3.6 
 106 cells was therefore selected
for subsequent simulations as it provides an optimal balance between
computational accuracy and efficiency.

TABLE I. An example interaction between the user and CFDAgent during a simula-
tion. The detailed dialogue example can be found in Appendix A.

User Prompt CFDAgent

Compute the flow around
a sphere at Re¼ 300

We have the object as sphere and the
Reynolds number as “300.” Please con-

firm these before I initiate the
simulation.

Yes, I confirm Starting point cloud generation for
sphere. Please wait… Creating SDF and
generating mesh… Please select a wind

direction.
[Click a direction] What is the end time of the simulation?
200 should be enough Great! You’ve set the end time of the

simulation to 200.0. Now, what is the
CFL number? (The default is 0.8)

Use default. You’ve set the CFL number to 0.8.
Now, what is the maximum time step?

(The default is 0.1)
I prefer 0.2. You’ve set the maximum time step to

0.2. Finally, what is the output interval
time? (The default is 1.0)

10 You’ve set the output interval time to
10.0. Here’s a summary of all values. Do

you confirm these values?
Yes! Use the default Euler grid and boundary

conditions, or customize them?
Default. Parameters saved to Para.txt and

Bc_Ic.txt. The Euler grid is generated
with default settings. Simulation has

started!
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At Re ¼ 100, the flow around a sphere is steady and axisymmet-
ric, with a well-defined separation bubble forming downstream. The
lift coefficient Cl under this condition is nearly zero, consistent with
the axisymmetric nature of the flow. Table III provides a comparison
of the drag coefficient Cd from numerical simulations, employing dif-
ferent geometry-inputting approaches as well as previously reported
literature values. As shown in Fig. 4, the computed streamlines exhibit
reattachment on the symmetry axis, forming a closed separation bub-
ble and a toroidal vortex whose center lies within the bubble. The z-
component of vorticity, xz , exhibits the expected pair of vortices with
equal magnitude and opposite sign, as shown in Fig. 5. Peak magni-
tudes occur just downstream of separation along the sphere’s flanks,
with monotonic decay in the far wake, consistent with a steady, axi-
symmetric regime without vortex shedding. Both results are consistent
with the steady regime and match the features shown in Ref. 55.

The comparison indicates good agreement, thus validating the
accuracy and reliability of the current approaches.

At Re ¼ 300, the flow transitions to an unsteady state character-
ized by pronounced vortex shedding and associated fluctuations in Cd

and Cl . This represents a fundamental shift from the steady, axisym-
metric regime observed at Re ¼ 100 to a fully three-dimensional time-
dependent flow pattern. Figure 6 presents instantaneous streamlines

and vorticity in the x–z plane, revealing the complex wake structure at
this Reynolds number. The streamlines highlight the unsteady pertur-
bations that disrupt axisymmetry. At the higher Reynolds number, the
flow instability amplifies, leading to periodic shedding of vortices from
the sphere’s rear. A representative instantaneous vortical structure
under this condition is illustrated in Fig. 7, where vortices are visual-
ized and identified based on theQ-criterion. The resulting vortex shed-
ding induces the time-averaged Cd slightly above the steady-state value
while introducing Cl fluctuations, as corroborated by the literature.
The observed vortex shedding patterns are consistent with those previ-
ously documented by Wang and Zhang45 and Johnson and Patel.55

Table IV compares the computed time-averaged drag and lift coeffi-
cients against literature benchmarks. The results obtained from the
various input approaches for the CFDAgent, including both geometry-
descriptive (image and text) and mesh-based inputs, all show excellent
quantitative agreement with the reference values. This consistency
across different methods not only validates the accuracy of each
approach but also underscores the overall robustness and reliability of
the simulation methodology employed.

FIG. 3. Computational domain and grid configuration showing the x–z plane view.
The domain extends from �4D to 8D in the x-direction and symmetrically spans
65D in both y and z directions. A sphere of diameter D is positioned at the origin
with local mesh refinement in the surrounding 2D
 2D region. Due to symmetry,
only a two-dimensional slice is presented for clarity.

TABLE II. Grid independence study for the sphere at Re ¼ 100 and Re ¼ 300.

Grids Number of cells Cd (Re¼ 100) Cd (Re¼ 300)

Coarse 0.45 
 106 1.09 0.65
Medium 3.6 
 106 1.12 0.68
Fine 28.8 
 106 1.12 0.68

TABLE III. Comparison of drag coefficients (Cd ) of the sphere at Re ¼ 100.

Case Cd

Prompt-based geometry (sphere) 1.11
Image-based geometry 1.11

Imported mesh geometry 1.12
Johnson and Patel55 1.10

Fadlun et al.37 1.08

FIG. 4. Streamlines for flow past a sphere at Re¼ 100.

FIG. 5. Contours of the z-component of vorticity xz for flow past a sphere at
Re¼ 100.
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2. Flow around a cube

Following the sphere benchmark, we examine the second test
case of flow around a cube. Based on our previous findings that differ-
ent geometry input methods (image, mesh, and prompt) yield modest
differences in results, we employ only the prompt-based input “cube”
for brevity in this section. All other computational settings remain
identical to those used in the sphere simulations.

To ensure the rigor of our numerical approach, we conducted a
grid independence study with three different grid resolutions at
Re¼ 50 and Re¼ 300. As shown in Table V, the results demonstrate
excellent grid convergence, with the drag coefficient remaining virtu-
ally unchanged between the medium and fine grids. The computed
values show strong agreement with the reference results of Saha,56 vali-
dating both the accuracy of our simulations and the adequacy of the
chosen grid resolution. Consequently, the medium grid configuration

with 3.6
 106 cells is adopted for all subsequent simulations involving
geometries of similar size and Reynolds number, as it provides an opti-
mal balance between computational efficiency and numerical
accuracy.

At Re¼ 300, the flow exhibits pronounced three-dimensional
characteristics with complex wake dynamics. Figure 8 illustrates
the instantaneous three-dimensional vortical structures, revealing
the intricate wake topology characterized by strong three-
dimensional vortex shedding patterns. The two-dimensional visu-
alization in Fig. 9 presents the z-component of vorticity xz in the
wake region, demonstrating the asymmetric vortex shedding with
alternating positive and negative vorticity regions. These flow fea-
tures, including the formation of counter-rotating vortex pairs and
the subsequent downstream evolution of the wake structure, are
consistent with the unsteady flow characteristics documented by
Saha.56 The observed flow patterns validate the capability of our
framework to accurately capture complex bluff body flows across
different geometries.

FIG. 6. Instantaneous streamlines and
vortex for flow past a sphere at Re¼ 300.

FIG. 7. Instantaneous vortical structure for flow past a sphere at Re¼ 300. The vor-
tical structures are visualized using iso-surfaces of the Q-criterion, highlighting
regions with a high ratio of vorticity to strain. The iso-surfaces are colored by the
streamwise velocity, ranging from �0:2 to 1, with colors transitioning from blue to
white, illustrating the variation of the flow speed around the vortex structures.

TABLE IV. Comparison of drag and lift coefficients (Cd and Cl ) of the sphere at
Re ¼ 300.

Case Cd Cl

Prompt-based geometry (sphere) 0.68 0.065
Image-based geometry 0.68 0.065
Imported mesh geometry 0.68 0.071
Johnson and Patel55 0.66 0.069
Kim et al.39 0.66 0.067

TABLE V. Grid independence study for the cube at Re ¼ 50 and Re ¼ 300.

Grids Number of cells Cd (Re¼ 50) Cd (Re¼ 300)

Coarse 0.45 
 106 1.71 0.76
Medium 3.6 
 106 1.80 0.81
Fine 28.8 
 106 1.80 0.81
Saha56 � � � 1.78 0.80
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3. Flow around an infinite circular cylinder

To further validate the framework’s accuracy, we apply it to a
canonical problem in fluid dynamics: flow around an infinite circu-
lar cylinder. This scenario is crucial for benchmarking numerical
methods due to its well-documented flow phenomena, such as vor-
tex shedding, which are highly sensitive to numerical parameters
and boundary conditions. The simulation is designed to represent a
cylinder that is infinite in the spanwise (z-direction). In the
z-direction, the grids are extruded with uniform refinement extend-
ing along the span. The other parts of the grids are consistent with
the strategies adopted for other benchmarks. The boundary condi-
tions consist of a uniform inlet velocity, a zero-pressure outlet, sym-
metry conditions on the lateral boundaries to approximate infinite
domain extent, and a no-slip condition on the cylinder surface.
Following the simulation, the computed flow field in the z ¼ 0 (xy-
plane) is extracted and analyzed. This reference plane allows for
direct comparison with extensive results from the literature. A grid
independence study was conducted; and the current results are con-
sistent with previous findings, as listed in Table VI.

At Re ¼ 40, the flow remains steady with a fully developed recir-
culation zone formed in the wake of the cylinder. This recirculation

region can be described by several characteristic parameters: the
streamwise extent l, the horizontal distance a from the cylinder’s trail-
ing edge to the vortex center, and the vertical spacing b between the
twin vortex centers, all of which are illustrated in the streamline pat-
tern shown in Fig. 10. Table VII presents the computed results from
this study alongside corresponding values reported in previous
literature.

At Re ¼ 200, the flow is characterized by alternating vortex shed-
ding from the cylinder. The instantaneous vorticity contours at
Re¼ 200 are shown in Fig. 11. The comparisons of the present results
(drag and lift coefficients and Strouhal number) with those from the
literature are summarized in Table VIII. The numerical results from
the present simulations are in good agreement with those from the
literature.

B. Zero-shot simulation of complex flows over
arbitrary real-world objects

The Preprocessing Agent of the proposed LLM-driven CFD
framework is capable of generating complex geometries based solely
on natural language prompts, without requiring any preexisting CAD
models or case-specific training. This capability allows for the simula-
tion of arbitrary objects, significantly enhancing the versatility and
applicability of the framework.

We demonstrate the framework’s generalization capabilities by
examining simulations prompted by diverse textual inputs describing
various complex geometries. Specifically, eight different geometries—
an image, “cat,” “dog,” “motorcycle,” “pot,” “side mirror,” “tower,” and
“tree”—are autonomously generated and simulated at Re ¼ 300. The
Preprocessing Agent automatically generates the corresponding geo-
metric models and computational meshes using the integrated image/
text-to-3D model and mesh conversion methods. All simulations
employ consistent settings to ensure comparability across scenarios,
using the same computational parameters and boundary conditions as
those established in the benchmark sphere and cube flow cases pre-
sented earlier.

Figure 12 presents comprehensive postprocessing results for each
geometry, systematically visualizing velocity fields, streamlines, and
three-dimensional vortex structures through natural language prompts
to the Postprocessing Agent. The velocity distributions on the x–z
plane (y ¼ 0) reveal distinct flow characteristics for each geometry.
Sharp edges and corners, particularly evident in the pot and tower
cases, generate localized flow acceleration and separation regions. The
motorcycle geometry exhibits complex flow interactions between its
multiple components (wheels, body, handlebars), while organic shapes
like cat and dog show smoother velocity transitions around curved
surfaces.

FIG. 8. Instantaneous vortical structure for flow past a cube at Re¼ 300.

FIG. 9. Contours of the z-component of vorticity xz for flow past a cube at
Re¼ 300.

TABLE VI. Grid independence study for the cylinder at Re ¼ 40 and Re ¼ 200.

Grids Number of cells Cd (Re¼ 40) Cd (Re¼ 200)

Coarse 0.5 
 106 1.48 1.25
Medium 4.0 
 106 1.54 1.32
Fine 32.0 
 106 1.54 1.32
Taira and Colonius43 � � � 1.54 1.35
Linnick and Fasel57 � � � 1.54 1.34
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The streamline visualizations highlight markedly different
wake structures across geometries. The pot produces a highly
three-dimensional, dispersed wake with multiple recirculation
zones, reflecting flow separation from its cylindrical body and han-
dle. In contrast, the motorcycle generates a small wake despite its
geometric complexity, with distinct vortex shedding from the
wheels and body. The tree geometry creates an intricate wake pat-
tern due to flow interaction with its branching structure, showing
how the framework handles highly irregular shapes. These visual-
izations demonstrate the framework’s ability to capture complex
three-dimensional flow phenomena across drastically different
geometric configurations.

Beyond traditional CFD visualization, the framework leverages
GPT-4o’s multimodal synthesis capabilities to generate context-aware
artistic renderings. For instance, the cat and dog cases show wind
effects on fur, the motorcycle visualization captures aerodynamic flow
lines during motion, and the tree rendering depicts wind-driven leaf
dispersion—all inspired by the computed flow fields. These synthe-
sized images bridge the gap between technical CFD results and intui-
tive physical understanding. It should be noted that these synthesized
images are artistic interpretations based on the CFD results rather than
rigorous physical visualizations.

Collectively, these results underscore the robustness, versatil-
ity, and generalizability of the zero-shot CFDAgent framework in
autonomously simulating and visualizing complex flow fields
around arbitrary geometries defined solely by natural language
inputs.

IV. CONCLUSIONS

In this study, we introduce CFDAgent, a zero-shot, natural-lan-
guage-driven multi-agent framework that autonomously executes

complex CFD simulations without requiring domain-specific training
or manual preprocessing. By integrating advanced LLM capabilities, a
hybrid text-to-3D diffusion model, and an immersed boundary solver,
CFDAgent enables robust geometry generation and accurate flow sim-
ulation for arbitrary, user-defined objects.

The framework demonstrates remarkable versatility through its
multimodal input capabilities, accepting natural language descriptions,
2D images, and 3D geometry meshes while providing diverse outputs
including quantitative plots, flow visualizations, and synthesized pho-
torealistic images. Validation against canonical benchmark cases—
flow past spheres, cubes, and cylinders—shows excellent agreement
with established literature data. CFDAgent successfully simulates flows
around complex real-world geometries ranging from everyday
objects (pots and motorcycles) to organic shapes (animals and trees)
and engineering structures (towers and vehicles), all through simple
text prompts. This zero-shot capability represents a fundamental
shift from traditional CFD workflows, eliminating the need for
extensive preprocessing, mesh generation expertise, and case-specific
setup.

Despite these advances, current limitations include geometric
fidelity constraints from the Point-E model, computational costs at
high Reynolds numbers, and restrictions to static boundary conditions.
Future development should focus on enhancing geometry generation
quality through advanced diffusion models, implementing adaptive
grid refinement strategies, and extending capabilities to handle moving
boundaries and multiphase flows.

By substantially lowering the barriers to CFD analysis, CFDAgent
opens new possibilities for rapid design exploration, educational appli-
cations, and preliminary engineering assessments, marking a signifi-
cant step toward democratizing computational fluid dynamics through
artificial intelligence.

FIG. 10. Streamlines for flow past a cylinder at Re¼ 40.

TABLE VII. Characteristic dimensions of the recirculation zone for flow past a cylin-
der at Re ¼ 40.

Case l=D a=D b=D

Present 2.36 0.72 0.60
Linnick and Fasel57 2.28 0.72 0.60
Taira and Colonius43 2.33 0.72 0.60

FIG. 11. Vorticity for flow past a cylinder at Re¼ 200.

TABLE VIII. Comparison of numerical results for flow around a circular cylinder at
Re¼ 200.

Case Cd Cl St

Present 1.32 0.69 0.198
Linnick and Fasel57 1.34 0.69 0.197
Taira and Colonius43 1.35 0.68 0.196
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FIG. 12. CFDAgent postprocessing results demonstrating generalization for different prompts: Streamlines, velocity distributions, vortex structures (Q-criterion iso-surface), and
GPT-4o synthesized visualizations.
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The data that support the findings of this study are available from
the corresponding authors upon reasonable request.

APPENDIX A: DETAILED PROMPT OF CFDAGENT

This section provides a detailed exposition of the user-
CFDAgent interaction. As an illustrative case, we consider the simu-
lation of flow past a “human” body.

APPENDIX B: MODEL SELECTION AND COMPARISONS

As our experiments were conducted before the release of GPT-5
model families, all tests use GPT-4 series models; results are placed in
the appendix for reference. This section focuses solely on LLM perfor-
mance metrics, excluding Point-E success rates and CFD grid conver-
gence analysis. We compared three models: GPT-4o (proprietary and
high-fidelity reasoning), GPT-4o-mini (cost-efficient variant with
reduced parameters), and GPT-oss-20B (an open-source 20B-parame-
ter model, run on device with 16GB of RAM).

To assess model suitability for the multi-agent stages (preprocess-
ing, solver, and postprocessing), we employed three complementary
evaluation protocols: Monte Carlo test for robustness, ablation studies
for agents, and adversarial inputs for contradiction detection. These
tests used a fixed set of 100 diverse natural language prompts, measur-
ing end-to-end task completion (successful orchestration from prompt
to postprocessed output, excluding simulation execution).

In the Monte Carlo test, each model was queried 100 times
with varied prompt phrasings (e.g., paraphrased descriptions of
geometry and flow conditions). Success is defined as fully complet-
ing the pipeline: generating valid inputs for preprocessing, solver,
and postprocessing without fatal errors. As shown in Table IX,
GPT-4o achieved perfect success (100%), GPT-4o-mini demon-
strated strong performance (91%), while GPT-oss-20B showed lim-
ited capability (52%). The GPT-oss-20B model exhibited typical
failure patterns including excessive confirmation requests and a lack
of default parameter values.

When consolidating the three agents into a single one, perfor-
mance degraded significantly across all models. Only GPT-4o main-
tained partial functionality (32% success rate), while both GPT-4o-
mini and GPT-oss-20B failed completely. GPT-4o-mini struggled to
transition into the Agent Solver role after completing Agent
Preprocessing tasks. GPT-4o, despite some success, exhibited hallu-
cination behaviors during Agent Solver and Agent Postprocessing
phases, including requesting unnecessary parameters and generating
lengthy, irrelevant discussions about CFD simulation details. This
underscores the value of specialized agents in mitigating role-
switching challenges inherent to single-model approaches.

TABLE IX. Model performance comparison across different tests.

Test type GPT-4o GPT-4o-mini GPT-oss-20B

Monte Carlo test 100% 91% 52%
Ablation test 32% 0% 0%
Contradiction detection Pass Pass Fail
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Both GPT-4o and GPT-4o-mini successfully identified logical
contradictions when computational timesteps exceeded total simu-
lation time. GPT-oss-20B partially detected such contradictions but
failed to recover and complete the task loop after identification.

Based on these findings, we select GPT-4o as the primary
model for its exceptional robustness across all tests. For cost-
sensitive deployments, GPT-4o-mini serves as a viable alternative,
offering near-parity in simpler scenarios while reducing inference
costs. GPT-oss-20B, despite local runnability, is unsuitable for pro-
duction due to high failure rates in tasks.

With the language model selection process completed, we turn to
a broader comparison between CFDAgent’s overall architecture and
existing CFD automation methodologies. CFDAgent introduces an
end-to-end, zero-shot and language-guided multi-agent framework
that autonomously executes the full CFD pipeline. By integrating a
zero-shot multi-agent architecture that orchestrates preprocessing, solv-
ing, and postprocessing entirely through natural language, CFDAgent
enables simulations of complex, user-defined geometries without fine-
tuning or domain-specific training. This approach fundamentally dif-
fers from recent works like OpenFOAMGPT,22 which have made nota-
ble strides in automating CFD workflows through retrieval-augmented
LLM agents that refine existing OpenFOAM cases, minimize syntax
errors, and provide domain-specific guidance for high-fidelity simula-
tions. Since the two are based on fundamentally different principles,
with OpenFOAMGPT focusing on template optimization and guid-
ance, while CFDAgent emphasizes direct geometry import and compu-
tation, a detailed comparison is not feasible. Based on the preceding
tests and comparisons, several key challenges for CFDAgent were iden-
tified, as summarized in Table X.

For the Preprocess Agent, the system cannot specify complex
conditions including non-uniform flows and static boundaries, lim-
iting the simulation capability for realistic flow scenarios.
Additionally, the geometry generation depends on Point-E’s genera-
tive capabilities, introducing instability and limiting deterministic
control over features due to algorithmic randomness. For the Solver
Agent, several limitations affect simulation quality. High Reynolds
number computations are constrained by computational costs,
restricting simulation scale. Furthermore, the complexity of parame-
ter settings poses challenges where underperforming LLM agents
may repeatedly confirm parameters or miss critical settings. For the
Postprocess Agent, the visualization process heavily relies on prede-
fined templates, making it difficult to handle specialized visualiza-
tion instructions flexibly. Moreover, underperforming LLM agents
may incorrectly process outputs, compromising the quality of final
visualizations and analysis results.

APPENDIX C: ALGORITHM OF CFDAGENT

ALGORITHM 1. Workflow of CFDAgent.

1: procedure Main
2: agent: 1!Preprocessing, 2!Solver,

3!Postprocessing
3: end procedure
4: procedure Preprocessing
5: on first entry: start GPT dialogue with SYSTEM PROMPT 1
6: while agent ¼ 1 do
7: render UI! userInput! GPT reply
8: if reply contains ###OUT1### then
9: build point cloud from text! mesh
10: else if reply contains ###OUT2### then
11: build point cloud from uploaded image! mesh
12: else if reply contains ###OUT3### then
13: load user mesh
14: end if
15: visualize and select wind direction
16: if any mesh exists then
17: agent 2
18: else
19: save dialogue
20: end if
21: end while
22: end procedure
23: procedure Solver
24: on first entry: start GPT dialogue

with SYSTEM PROMPT 2
25: while agent ¼ 2 do
26: render UI! userInput! GPT reply
27: if reply contains ###OUTT### do
28: parse CFD parameters & BCs; generate grid
29: launch solver; agent 3
30: else
31: save dialogue
32: end if
33: end while
34: end procedure
35: procedure Postprocessing
36: on first entry: start GPT dialogue with SYSTEM PROMPT 3
37: while agent ¼ 3 do
38: render UI! userInput! GPT reply
39: select by tag in reply
40: Apply operation based on tag

2 {POST1, POST2, POST3, POST4}:
41: {time-series plot, slice contour,

3D iso-surface, lift/drag statistics}
42: save dialogue
43: end while
44: end procedure

TABLE X. Main challenges of three agents.

Agent Key challenges

Preprocess Complex inflow condition limitations
Point-E geometry generation instability

Static boundaries
Solver High Reynolds number computational costs

Parameter management complexity
Postprocess Strong template dependency

Output processing error risks
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