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a b s t r a c t 

We evaluated the performance of OpenFOAMGPT (GPT for generative pretrained transformers), which includes 

rating multiple large-language models. Some of the present models efficiently manage different computational 

fluid dynamics (CFD) tasks, such as adjusting boundary conditions, turbulence models, and solver configurations, 

although their token cost and stability vary. Locally deployed smaller models such as the QwQ-32B (Q4 KM 

quantized model) struggled with generating valid solver files for complex processes. Zero-shot prompts commonly 

fail in simulations with intricate settings, even for large models. Challenges with boundary conditions and solver 

keywords stress the need for expert supervision, indicating that further development is needed to fully automate 

specialized CFD simulations. 
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. Introduction 

In recent years, the fluid mechanics community has rapidly em-

raced data-driven strategies, propelled by the proliferation of high-

delity simulation data and the remarkable progress in machine learn-

ng techniques [ 1–6 ]. These methods have shown promise in turbulence

odeling, both with and without governing equations [ 7–12 ], as well

s in solving intricate heat transfer problems [ 13 , 14 ]. Machine learn-

ng has also enhanced various experimental fluid mechanics tasks [ 15 ]

nd facilitated scientific discovery, for example, by leveraging causal

nference techniques to interpret fluid flow phenomena [ 16–18 ]. 

Simultaneously, large language models (LLMs), such as ChatGPT

 19 ] (GPT for generative pretrained transformers), DeepSeek [ 20 ], and

wen [ 21 ], have surged to the forefront of scientific and engineering

esearch, offering unparalleled capabilities in natural language process-

ng [ 22 ], automated reasoning [ 23 ], and high-level decision-making.

heir potential to streamline research pipelines is reflected in diverse

pplications, from problem-solving and optimization [ 24–26 ] to faster

cientific breakthroughs [ 27 , 28 ]. Notably, these models can serve as in-

elligent assistants that both amplify traditional methodologies and in-

roduce novel strategies for data analysis, design, and simulation. These

dvancements are further complemented by work in multimodal vision-
∗ Corresponding author. 

E-mail address: x.chu@exeter.ac.uk (X. Chu). 
1 These authors contributed equally to this work 

ttps://doi.org/10.1016/j.taml.2025.100623 

eceived 26 May 2025; Received in revised form 18 September 2025; Accepted 19 S

vailable online 20 September 2025 

095-0349/© 2025 The Authors. Published by Elsevier Ltd on behalf of The Chinese

nder the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
anguage models, exemplified by Cephalo [ 29 ], which merges visual and

inguistic data to support complex material design tasks. 

Within fluid mechanics, LLMs have proven useful for equation dis-

overy [ 30 ] and for streamlining shape optimization [ 31 ], demonstrat-

ng efficiency in tasks such as identifying governing equations and refin-

ng geometric profiles (e.g., airfoils). Recent research has extended LLM-

riven insights to microfluidics [ 32 ], where LLMs facilitate decision-

aking for robotic motion planning, as well as unsteady flow prediction

 33 ], combining pretrained transformers and graph neural networks for

mproved spatial-temporal accuracy. In related engineering fields, Kim

t al. [ 34 ] explored ChatGPT for automated MATLAB code generation,

roving its utility in providing structured starter codes and logic in the

xpert direction. Similarly, Chen et al. [ 35 ] proposed a multiagent LLM

ystem for orchestrating CFD workflows via natural language, making

hese techniques more accessible through retrieval-augmented genera-

ion (RAG). Recently, Chen et al. [ 36 ] developed MetaOpenFOAM 2.0,

hich leverages chain of thought (COT) decomposition and iterative

erification to perform complex CFD tasks via natural language, achiev-

ng higher executability and cost efficiency. Dong et al. [ 37 ] used a

omain-adapted LLM that translates natural language into executable

FD configurations via a multiagent system, achieving 88.7% solution

ccuracy and outperforming larger general-purpose models. 
eptember 2025 
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o  
Building on this momentum, our recent work introduced Open-

OAMGPT [ 38 ], an LLM-based agent for OpenFOAM-centric CFD simu-

ations that integrates GPT-4o and a chain-of-thought-enabled o1 model.

hile the o1 model has a higher token cost —approximately six times

reater than that of GPT-4o —it consistently outperforms the other meth-

ds in tasks ranging from zero-shot case setup and boundary condi-

ion refinements to turbulence model adjustments and code transla-

ion. Through iterative correction loops and a RAG for domain-specific

nowledge, the framework adeptly handles a range of flow configura-

ions (including single- and multiphase flow) in just a few iterations, al-

hough human oversight remains vital for accuracy and flexibility. This

apability not only broadens the applicability of CFD methods to non-

pecialists, but also signals promising opportunities for adopting LLM-

ased CFD agents in other solver environments. However, the OpenAI

1 model incurs a relatively high token cost —$15 per million input to-

ens and $60 per million output tokens —which can become substantial

hen complex setups requiring iterative corrections are generated. Con-

equently, identifying a more cost-effective solution with comparable

erformance is highly beneficial. 

In this work, we adapt OpenFOAMGPT to a wider range of LLMs

o achieve a more economical agent framework for computational

uid dynamics simulations that leverages two new foundation mod-

ls —DeepSeek V3 and Qwen 2.5-Max —to achieve cost reductions of up

o O (102 ). Our updated approach seeks to further streamline complex

FD workflows without the help of the RAG and scale seamlessly across

iverse engineering applications. This approach evaluates the pure zero-

hot performance of the OpenFOAMGPT. 

. Methodology 

.1. OpenFOAMGPT 

Open-source field operation and manipulation (OpenFOAM) is a

idely utilized, open-source CFD solver package [ 39–41 ]. Unlike com-

ercial alternatives, OpenFOAM’s open architecture enables users to

odify existing solvers and develop new physical models that are very

onvenient to combine with LLM. Its C ++ object-oriented design ensures

aintainability, extensibility, and parallel efficiency, making it valuable

or both academic research and industrial applications. These character-

stics position OpenFOAM as an effective platform for integration with

LM-based agents that can guide users through simulation workflows.

his study employs the OpenFOAM-v2406 release. 

Figure 1 illustrates the hierarchical architecture of our agent Open-

OAMGPT. The workflow begins when a system prompt combines with

 user query at the top level. The Builder module then interprets these

nstructions, consulting the RAG database for domain-specific knowl-

dge when needed, and converts them into a structured execution plan.

he executor subsequently manages the workflow by either directing

ueries to the LLM model for additional reasoning or delegating tasks

o the interpreter that translates the output to files needed for simula-

ion operations. The OpenFOAM runner then executes the simulation

ith the setup files, and the system output and error logs are contin-

ously monitored during simulation; upon failure detection, the error

ata are appended to the original query and the process cycles again.

therwise, the workflow terminates successfully. Unlike in our previous

tudy, the RAG function is disabled for the present research to test the

ure zero-shot capability. 

The following 5 LLMs are currently considered and evaluated. 

• ChatGPT-4o is a general-purpose multimodal LLM developed by

OpenAI. Trained on a diverse range of internet text, it maintains ad-

vanced language understanding and generation capabilities across

domains. 
• OpenAI o1 is the first reasoning model leveraging a chain-of-thought

(CoT) mechanism, enabling superior performance over GPT-4o in

complex reasoning, scientific analyses, and programming tasks. 
2 
• DeepSeek V3 (671B) is the third-generation LLM from DeepSeek AI

and is offered as an open-source alternative to high-end proprietary

models. Deepseek V3 is under active update, and the version we

tested is V3–0324. 
• Qwen2.5-Max is Alibaba’s latest LLM, designed as a general-purpose

MoE AI system with great performance on various standard tests for

LLM. 
• Gemini 2.5 Pro is Google DeepMind’s latest and most advanced AI

model. It excels in multimodal reasoning, supporting text, image,

audio, and video inputs. 

The comparison of token pricing across LLMs reveals substantial

conomic differentials between U.S. and Chinese providers ( Table 1 ).

he OpenAI o1 model represents the highest-cost option at $15.0 and

60.0 per million tokens for input and output processing, respectively.

n contrast, DeepSeek-V3 671B demonstrates remarkable cost efficiency

t $0.035 and $0.55 per million tokens —approximately 102 less expen-

ive than o1 for equivalent token processing. GPT-4o and Gemini 2.5 pro

resent an intermediate pricing tier among US-based models ($2.5/1.25

er million input tokens, $10.0 per million output tokens). Gemini 2.5

ro offers a massive 1 million token context window. The Qwen 2.5-

ax model maintains competitive pricing at $0.80 and $1.2 per million

okens despite its more limited 32k context capacity. These pricing dif-

erentials substantiate our framework’s approach of leveraging Chinese

odels to achieve the O (102 ) cost reduction claimed in our computa-

ional fluid dynamics agent implementation while maintaining accept-

ble performance characteristics. 

.2. A test on locally deployed QwQ-32B on a personal desktop 

The local deployment of large language models (LLMs) currently re-

ies on three mainstream frameworks: SGLang [ 42 ], vLLM [ 43 ], and

llama [ 44 ]. While SGLang and vLLM emphasize multi-GPU paral-

elization for industrial-scale inference, Ollama’s lightweight architec-

ure (v0.4.7) demonstrates superior suitability for single-GPU consumer

ardware. We deployed the QwQ-32B Q4 KM quantized model (4-bit

recision with medium granularity) on an NVIDIA RTX 4090 GPU (24

B VRAM), achieving stable operation with 20.3 GB VRAM utiliza-

ion. Integration into the OpenFOAMGPT workflow was implemented

hrough local API calls (port 11434), enabling direct interaction with

FD simulation templates. 

Testing encompassed two benchmark cases: the lid-driven cavity

ow (laminar regime) and PitzDaily combustor flow (turbulent reac-

ive case). Both scenarios were evaluated under zero-shot prompting

nd retrieval-augmented generation (RAG) conditions, with OpenFOAM

2406 documentation used as a supplementary context. Despite 20 max-

mum inference iterations per trial, neither configuration successfully

enerated valid solver files adhering to OpenFOAM syntax require-

ents. Notably, identical failure patterns emerged when the official non-

uantized QwQ-32B was queried via the API, eliminating quantization

rtifacts as the primary cause of failure. 

These results align with recent theoretical analyses of domain adap-

ation thresholds [ 45 ], where sub100B parameter general-purpose mod-

ls exhibit critical knowledge gaps in specialized engineering domains.

rror analysis revealed systematic failures in boundary condition speci-

cation and turbulence model parameterization [ 46 ]. These limitations

uggest that effective deployment in computational mechanics work-

ows requires either scaling to foundation models or domain-specific

ne-tuning of smaller architectures. 

. Evaluations 

.1. Zero-shot performance evaluation of different online models 

Zero-shot prompting attempts to generate the desired output based

n up to limited instructions without any example. As LLMs are trained
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Fig. 1. Design of the agent structure. 

Table 1 

Comparison of the large language models used. 

Model 

Input price 

($ per million tokens) 

Output price 

($ per million tokens) Context length Country 

GPT-4o 2.5 10 128k USA 

OpenAI o1 15 60 200k USA 

DeepSeek-V3∗∗∗ 0.035 0.55 64k China 

Qwen 2.5-Max 0.8 1.2 32k China 

Gemini 2.5 pro 1.25 10 1M USA 

∗ Prices are approximate and based on public API rates (2025 Q2). 
∗ Context window sizes may vary by implementation. 
∗ ∗ Discount price (UTC 16:30–00:30) 

Table 2 

Promotion template used in the present work. 

System Prompt : You are an expert in OpenFOAM, a computational fluid dynamics (CFD) software, with a focus on version v2406. Your task is to 

assist users in setting up and running OpenFOAM simulations by providing responses in the following strict format: 

1. Under the heading ∗ ∗ Directory Structure∗ ∗ , the complete directory structure required for the simulation is provided. [Detailed description of the 

directory structure] 

2. Under the heading ∗ ∗ File Contents∗ ∗ , provide ∗ ∗ detailed, complete content∗ ∗ for each file within the directory structure. [Detailed instruction 

on the file contents] 

User Input : Simulates incompressible, turbulent flow through the...[Discription of the flow setup] 

In the last attempt, I encountered the following error. Please correct this error and provide the complete files again ...[Error log of the OpenFOAM 

runner] 

This is your response from last conversation, use as a reference...[Answer generated from last step] 

o  

u  

d  

m

 

i  

t  

s  

t  

o  

t  

p  
n vast datasets, they often result in the desired outputs. However, if the

nderlying problem is difficult, then the model might not provide the

esired output. In this subsection, we analyze the performance of LLM

odels with zero-shot prompts. 

The prompt template utilized in the present study is detailed

n Table 2 . This template encompasses several key components of
3 
he instructions. Specifically, the system promptly outlines the folder

tructure pertinent to the output and provides guidance on the con-

ents of the files. The user prompt comprises a detailed account

f the CFD configuration for the simulation. In instances where

he OpenFOAM runner encounters an error, the error log is ap-

ended to the user prompt, together with the historical case files
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Table 3 

Tasks of alternating initial and boundary conditions. The results are labeled
√

(successful), × (failed), and – (skipped). Tests for o1 were conducted 

only when GPT-4o failed. The numbers after
√

are the minimum number of iterative steps needed. 

Case Alternate condition 4o o1 Qwen DS Gemini 

Cavity flow Top wall velocity (m·s− 1 ) 1 → 2 
√

(2) - 
√

(2) 
√

(2) 
√

(2) 

Top wall velocity (m·s− 1 ) 1 → 5 sin 2 𝜋 t 

0 . 1 

×
√

(3) × × ×

Mesh resolution 20 ×20 ×1 →

15 ×15 ×1 

√
(2) - 

√
(2) ×

√
(2) 

endTime 3 → 5 
√

(2) - 
√

(2) 
√

(2) 
√

(2) 

Turbulence model RNGkepsilon 
√

(13) - × ×
√

(8) 

Turbulence model kOmegaSST 
√

(10) - 
√

(9) ×
√

(6) 

Turbulence model kkLOmega ×
√

(7) × ×
√

(6) 

Turbulence model LRR 
√

(7) - × ×
√

(6) 

PitzDaily Inlet velocity (m·s− 1 ) 10 → 20 
√

(3) - 
√

(4) × ×
Turbulence model kOmegaSST 

√
(2) - × × ×

Turbulence model Smagorinsky (LES) 
√

(5) - 
√

(6) × ×
Hotroom Hot wall temperature (K) 310 → 320 

√
(9) - 

√
(8) × ×

Dambreak Liquid inside the membrane water → oil 
√

(4) ×
√

(5) × ×
Turbulence model KEpsilon 

√
(8) - × × ×

Particle column Velocity of the 

fluid/particles (m·s− 1 ) 

1 → 2 
√

(3) - √
(11) 

√
(8) ×

Type of fluid Air → CO × √
(10) 

√
(11) 

√
(10) ×

Turbulence model KEpsilon × × × × ×
Mixed 

vessel 

Angular speed of rotation 

(rad·s− 1 ) 

20 → 15 
√

(5) - × × ×

Turbulence 

Model 

KEpsilon ×
√

(8) × × ×
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rom the preceding step, and the model is instructed to fix the

rror. 

The evaluation encompasses a range of typical CFD engineering

asks, including modifying initial and boundary conditions, adjusting

urbulence models, and updating thermophysical properties, as listed in

able 3 . For each task, we performed more than five repeated tests. Note

hat for all the tests, we set the temperature parameter, which controls

he randomness and creativity of the generated text, to 0. Therefore,

he test outputs are nearly deterministic and replicable, ensuring the

obustness and repeatability of the current results. 

• Cavity flow: Simulates laminar, isothermal, incompressible flow in

a square cavity via icoFoam. The top wall moves horizontally at 1

m·s− 1 ; the other walls are stationary. 
• PitzDaily: Models incompressible turbulent flow through a two-

dimensional sudden expansion channel via the k- 𝜖 turbulence model

and simpleFoam solver. 
• Hotroom: Simulates turbulent natural convection in a tall rectangu-

lar cavity via the k- 𝜖 model and buoyantBoussinesqSimpleFoam. The

bottom wall is heated, the top wall is cooled, and the side walls are

adiabatic. 
• Dambreak: Represents a simplified laminar dam break via the VOF-

based interFoam solver. A water column collapses into a square tank

containing a central rectangular obstacle, creating complex flow pat-

terns and trapped air pockets. 
• Particle column: MPPICFoam is used to simulate particle dynamics

and fluid flow in a vertical rectangular column. Fluid motion is de-

scribed by the Navier ‒Stokes equations, and particles are tracked

via the Lagrangian approach, which considers drag, collisions, and

gravity. 
• Mixed vessel: This vessel simulates fluid mixing in a rotary agitator

via pimpleFoam. The geometry features a cylindrical domain with

rotating inner walls, stationary outer walls, and rectangular barriers

to enhance mixing. 

Table 3 shows that the OpenAI models have a better success rate

han the other models do. However, Qwen2.5-Max delivers performance

omparable to that of OpenAI models while dramatically reducing token

osts. Owing to its high cost and strict token rate limit, GPT-o1 was

ested solely on instances where GPT-4o was unsuccessful, as it is not
4 
n ideal option for tasks demanding multistep, large-scale text input and

utput. 

Notably, the performance of DeepSeek V3 is largely affected by the

nstable official API connection from DeepSeek, which makes it diffi-

ult to complete the iteration loop. This is also the main reason why

eepseek-R1 is not included in the current comparison. The reasoning

odels such as Deepseek-R1 have a lengthy reasoning process before

roducing the case file text, thus requiring a more stable API. However,

he current official deepseek API faces frequent disconnection, leading

o failed attempts that require many iterative steps. 

Although third-party Deepseek APIs, such as those from the AI cloud

ervice of Alibaba, Bytedance, Tencent, etc., are available, the perfor-

ance of third-party models is evidently lower than that of official mod-

ls. One of the notable errors shared by all the third-party models is

hat they often have garbage characters appearing in the generated case

etup files, making it almost impossible to finish the tests. This likely

esults from the open-source model not being updated to match the ver-

ion used by the official API. Therefore, the current test results are only

ased on the unstable deepseek API, which may not represent the full

apability of deepseek models. 

Gemini 2.5 Pro is the latest released among all the tested models.

hile it has a high success rate for the simple cavity flow case, it fails in

he remaining cases, which involves more complicated physics. In many

ases, Gemini 2.5 Pro understands the error during the iterative steps

ery well but cannot correctly modify the files accordingly. 

.2. Extensive zero-shot evaluations with Qwen 2.5-Max 

We further evaluated the ability of Qwen 2.5-Max to generate and

ebug simulations, encompassing a series of classical single- and multi-

hase scenarios. 

• 2D rising bubble ( Fig. 2 (a)): The setup consists of a rectangular tank

filled with water, measuring 30 mm in width and 100 mm in height.

Initially, a bubble with a diameter of 10 mm is positioned centrally

at the bottom of the domain. Buoyancy-driven motion induces the

bubble to rise, deform, and interact dynamically with the surround-

ing fluid. 
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Fig. 2. Case simulation results. (a) 2D rising bubble. (b) 2D falling droplet. (c) AirFoil2D. (d) Cylinder. 

Table 4 

Evaluations with Qwen2.5-Max. 

Case File provided Iterations Result 

Total tokens 

(k token) 

Token 

cost 

Bubble blockMeshDict, 

setFieldsDict 

8 
√

71 $0.25 

Droplet blockMeshDict, 

setFieldsDict 

20 
√

195 $0.67 

AirFoil polyMesh 2 
√

15 $0.056 

MotorBike polyMesh 10 Patch type ‘patch’ not 

constraint type ‘empty’ 

66 $0.23 

Cylinder polyMesh 3 
√

15 $0.05 

Nozzle blockMeshDict 20 ‘Smoother’ not found in 

“fvSolution ”

127 $0.37 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

s  

n  

t  

d  

B  

s  

fi  

e  

a  

a  

t  

p  

i  

s  

a  

c  
• 2D falling droplet ( Fig. 2 (b)): This case examines the dynamics of a

single water droplet falling under gravity within a two-dimensional

rectangular tank filled with air, employing the volume of fluid (VoF)

method. Initially, at t = 0 s, the droplet is positioned centrally at the

tank’s upper boundary and subsequently descends. 
• 2D airfoil ( Fig. 2 (c)): This case investigates the aerodynamic per-

formance of a two-dimensional NACA 0012 airfoil positioned at a

5° angle of attack within a computational wind tunnel. The domain

dimensions are 2000 mm in length and 1000 mm in width. At the

beginning of the simulation ( t = 0 s), a uniform airflow at 20 m·s− 1 

enters the domain, initiating steady-state conditions driven by pres-

sure gradients and viscous forces interacting with the airfoil surface.
• 3D MotorBike: This case investigates the aerodynamic and turbu-

lent flow characteristics around a simplified motorBike geometry.

The transient airflow interaction is modeled for a motorcycle body

with overall dimensions of 2.1 m × 0.8 m × 1.2 m. The three-

dimensional computational domain extends 20 vehicle lengths up-

stream and downstream, placing the motorcycle 10 m downstream

from the inlet boundary. 
• 2D cylinder ( Fig. 2 (d)): This case examines aerodynamic and vortex-

induced phenomena around a two-dimensional circular cylinder.

The cylinder is centered at the origin within a rectangular compu-

tational domain featuring clearly defined boundaries: the inlet (left

side), outlet (right side), and walls (top and bottom). Initially, at

t = 0 s, a uniform freestream velocity of 1 m·s− 1 is imposed. 
5 
• 2D nozzleFlow2D: This case investigates axisymmetric high-speed

fuel injection. The computational domain includes a 3 mm diameter

inlet connected to a gradually expanding throat. At the initial time

t = 0 s, diesel fuel is injected at a velocity of 460 m·s− 1 into a low-

pressure gas environment maintained at atmospheric conditions. The

simulation employs the volume of fluid (VoF) method coupled with

a large eddy simulation (LES) turbulence model. 

Table 4 shows the results of the computational experiments. The re-

ults confirm that Qwen 2.5-Max can handle selected CFD cases without

eeding RAG support. When geometric models and mesh files are given,

he LLM can generate and debug simulations for rising bubble, falling

roplet, airfoil, and cylinder cases. More complex cases, such as motor-

ike and nozzleFlow, revealed additional challenges. In the motorBike

imulation, we supplied the full mesh and an explicit list of required

eld files, yet Qwen-2.5-Max wrote every face as a patch, producing the

rror “patch type ‘patch’ not constraint type ‘empty’ ”. Reprompting that

sked only to convert the six free-stream faces to empty faces triggered

 global string substitution that also altered the outlet boundaries, so

he same error resurfaced in every iteration. For nozzleFlow, the error

attern depended on what the prompt contained. If the prompt does not

nclude the pcorrFinal block, OpenFOAM is terminated with a “missing

moother keyword ” message. When pcorrFinal was added, the solver

dvanced past that point but then failed because the model still did not

reate the mandatory 0/p rgh field, even though the prompt explicitly
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sked for it. The failures related to geometry definition and physics con-

istency are also the main reasons for the failure of the other models in

able 3 , highlighting that the LLM still struggles with complex geometry

nd advanced physics models. 

. Conclusion, limitations and outlook 

We extended OpenFOAMGPT by integrating two significantly more

ffordable large language models, DeepSeek V3 and Qwen 2.5-Max,

chieving cost savings of up to two orders of magnitude compared

ith OpenAI o1. These models are capable of handling common CFD

asks —such as modifying boundary conditions, turbulence models, and

olver configurations —across a variety of test cases. We also explored

 locally deployed QwQ-32B model (Q4 KM quantized model) running

n a single desktop GPU, although it struggled to produce fully cor-

ect solver files for specialized engineering tasks, suggesting that smaller

odels may need domain-specific training or fine-tuning to handle com-

lex scenarios. 

Despite these encouraging results, certain challenges persist. In

ore intricate simulations —for instance, cases with complex geometry

etups —zero-shot prompting alone often fell short. Repeated boundary-

ondition errors and missing solver keywords highlight the need for hu-

an oversight or additional AI guidance, especially when dealing with

ess-documented features of OpenFOAM. Although the less expensive

odels successfully reduce token costs, they sometimes suffer from nar-

ower context windows and struggle with multistep error correction,

ndicating room for improvement in handling elaborate CFD workflows.

In the future, several avenues seem promising. First, smaller or

id-sized models could be fine-tuned via specialized CFD corpora to

ncrease accuracy while keeping inference costs low. Second, bridg-

ng textual instructions with geometry and mesh data remains a hur-

le —multimodal approaches and more sophisticated prompt engineer-

ng strategies could help LLMs interpret problem setups in a more intu-

tive way. Third, fully combining zero-shot techniques with retrieval-

ugmented generation may offer a practical blend of lower costs

nd more reliable outcomes. Finally, improving local deployment on

onsumer-grade GPUs —whether by scaling up model sizes or refin-

ng quantization —could reduce dependence on external APIs. By pur-

uing these directions, we can inch closer to creating robust, flexible,

nd truly cost-effective LLM-driven CFD solutions for both research and

ndustry. 
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