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Abstract

Agentic systems powered by large language models (LLMs) are increasingly1

reshaping scientific workflows by automating tasks that traditionally required2

expert intervention. In Computational Fluid Dynamics (CFD), the steep learning3

curve of simulation software and the complexity of multistage workflows present4

major barriers to accessibility and productivity. Hence, we introduce Foam-Agent,5

a multi-agent framework that automates the end-to-end OpenFOAM workflow from6

a single natural language prompt. Foam-Agent offers key innovations targeting7

realistic deployment scenarios through End-to-end workflow automation that spans8

1) external mesh file import and text-to-mesh generation via the Gmsh library; 2)9

automatic HPC job submission and execution; and 3) post-simulation visualization,10

all implemented within a decomposable service architecture built on the Model11

Context Protocol (MCP) and high-fidelity generation through hierarchical retrieval12

across case metadata and dependency-aware file ordering, ensuring core files are13

produced first and supporting files follow in the correct sequence. On a benchmark14

of 110 CFD cases across 11 physics scenarios, Foam-Agent achieves an 88.2%15

execution success rate, surpassing existing frameworks by a large margin. By16

substantially lowering the expertise barrier for CFD, Foam-Agent demonstrates17

how specialized multi-agent systems can democratize complex scientific computing.18

The code is open-sourced at https://github.com/csml-rpi/Foam-Agent.19

1 Introduction20

Agents based on large language models (LLM) are rapidly transforming scientific workflows by21

automating complex, multistep tasks that traditionally required significant human expertise [15, 14].22

In fields from biology [9, 18] to chemistry [4], agents are now indispensable collaborators, capable23

of planning experiments, invoking tools, and analyzing results [17]. This agentic paradigm is24

particularly promising for applied engineering, where sophisticated simulation software is critical but25

often challenging for users due to steep learning curves. In Computational Fluid Dynamics (CFD),26
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practitioners must manually define geometry, generate a high-quality mesh, specify complex physical27

models, initial and boundary conditions, and finetune dozens of solver parameters, a tedious and28

error-prone process where even minor mistakes can lead to simulation failure.29

Recent work has begun to automate CFD with LLM-based systems [5, 11]. However, these approaches30

have been demonstrated on toy cases and face significant limitations in realistic deployments, e.g.,31

a lack of robust geometry editing and meshing capabilities, manually designed rigid workflows,32

and a lack of demonstration coupling with high-performance computing (HPC) environments. To33

overcome these challenges, we introduce Foam-Agent, a multi-agent framework that automates the34

entire OpenFOAM [8] workflow from a single natural language prompt. Compared to existing work,35

our key contributions are rooted in the challenges of realistic deployments: (1) Comprehensive36

Workflow Automation: Foam-Agent is the first system to manage the full simulation pipeline,37

including advanced pre-processing with a versatile Meshing Agent capable of handling external mesh38

files and providing text-to-mesh capability via the Gmsh library to generate novel geometries and the39

associated mesh, automatic generation of HPC submission scripts, and post-simulation visualization.40

(2) Decomposable Service Architecture: Going beyond a monolithic agent, the framework uses41

Model Context Protocol (MCP) to expose its core functions as discrete, callable tools. This allows42

for flexible integration and use by other agentic systems, such as Claude-code, for more exploratory43

workflows. (3) High-Fidelity Generation: We employ a RAG based on a hierarchical index of44

case metadata (e.g., case name, domain, category, solver) to retrieve precise context. Generation is45

performed in a dependency-aware order, creating basic files first and then producing the dependent46

ones to ensure consistency.47

Figure 1: Foam-Agent system architecture illustrating the complete end-to-end workflow from natural
language input to post-processing visualization of simulation.

2 Foam-Agent Framework48

As displayed in Figure 1, Foam-Agent is a multi-agent system built on LangGraph [1], where49

each agent performs a specialized task within the CFD pipeline. The workflow allows for iterative50

refinement and error correction until a successful simulation is achieved. The core components are51

described below, with further details on the underlying architecture available in Appendix A.1.52

Multi-Index Hierarchical Retrieval The Foam-Agent workflow begins by identifying suitable53

reference cases, even for novel scenarios, through a hierarchical retrieval strategy. A high-level54

case description (e.g., name, domain, solver) retrieves a semantically similar directory structure55
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from a FAISS database, which then guides more detailed queries to other indices specifying file56

configurations and scripts. By prioritizing structural over literal similarity, this approach enables57

Foam-Agent to construct robust plans for unseen cases using analogous case architectures.58

Architect Agent This agent translates natural language descriptions into structured simulation59

plans by classifying requirements with domain-specific taxonomies, retrieving semantically similar60

reference cases from hierarchical indices, and decomposing tasks into files and directories with61

defined dependencies and priorities. The resulting plan P = fF1; F2; :::; Fng specifies each required62

file along with its dependencies (e.g., boundary condition files in folder 0 depend on the turbulence63

model prescribed in files within constant folder), content, and generation order.64

Meshing Agent This agent handles meshing in three modes: (1) OpenFOAM native via65

blockMesh/snappyHexMesh; (2) Gmsh-based mesh generation, where natural language descriptions66

generate Python scripts that utilize the Gmsh library to create geometries and associated meshes.67

This versatility overcomes the limitations of native meshing in OpenFOAM. (3) Other meshes, where68

user-provided pre-generated mesh files in third party software are converted to OpenFOAM format.69

Input Writer Agent with Dependency-Aware Contextual Generation This agent generates70

OpenFOAM input files by adhering to a dependency-aware sequence: system (e.g., controlDict,71

fvSolution)! constant (e.g., physicalProperties)! 0 (e.g., U, p)! auxiliary files. This72

generation order mirrors the workflow of expert users, reducing setup errors such as inconsistent73

parameters. Dependencies are modeled as a directed acyclic graph, and cross-file consistency is74

enforced by providing previously generated files as context. Pydantic validation [2] further ensures75

syntactic and semantic correctness, minimizing setup errors.76

Runner Agent This agent executes simulations locally or on High Performance Computing (HPC)77

systems. For HPC clusters, it generates and submits Slurm [16] scripts with inferred or user-78

provided parameters. It monitors jobs, cleans artifacts, and extracts structured error records from79

logs E : L! ei, where L is the execution error log and ei refers to the ith structured error record,80

enabling robust error detection.81

Reviewer Agent This agent iteratively analyzes the simulation log and corrects potential errors.82

It maintains a review trajectory H = (F j
i ; Ej), where F j

i denotes the state of the ith file at review83

iteration j and Ej is the corresponding structured error record (as defined in the Runner Agent) from84

that iteration. The agent then generates fixes �F consistent with user requirements C. This iterative85

refinement continues until success or a user-specified limit is reached.86

Visualization Agent This agent generates requested visualizations using the PyVista [13] or87

ParaView [3] Python libraries. It interprets prompt-specified quantities, executes scripts, and88

iteratively corrects errors until the required plots (e.g., velocity fields) are produced.89

Moving beyond a monolithic tool, Foam-Agent is built on the Model Context Protocol (MCP) [7],90

which decouples workflows into atomic functions orchestrated by higher-level agents. The design of91

these atomic functions is detailed in Appendix A.1. We realize this through a stateful LangGraph,92

with Pydantic ensuring structured I/O and LangSmith providing end-to-end traceability. These93

choices make Foam-Agent flexible, reliable, and fully observable.94

3 Experiments and Results95

We evaluated Foam-Agent on a comprehensive benchmark of 110 OpenFOAM cases covering 1196

different physics scenarios [12]. We compare against MetaOpenFOAM [5], using both Claude 3.597

Sonnet. The comparison metric is the execution success rate, defined as the percentage of simulation98

cases that ran to completion given the natural language prompt describing the case.99

Overall Performance As shown in Table 1, Foam-Agent significantly outperforms all baselines.100

With Claude 3.5 Sonnet, it achieves an 88.2% execution success rate, a substantial improvement101

over MetaOpenFOAM, which has 55.5%, with a visual comparison provided in Figure 2. The102

performance gap highlights the effectiveness of our advanced framework. Ablation studies, detailed103

in the Appendix A.2, confirm that the Reviewer Agent is the most critical component, contributing to104
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