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ML ≠ AI ≠ LLM



(A)Intelligence
intelligence is not well defined or measured
 

• intelligence as an ability: perceive, memorize, 
adapt, etc.

• choice (agency) is a critical human ability



This talk:
Focus on AI & Agency

stream of consciousness 
rather than comprehensive assessment 
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Agentic AI for Discovery
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Idea Generation

 

quantifying idea generation
• literature retrieval
• proposal formulation (idea) 
• hypothesis generation
• ranking and downselect
• refine and combine



Idea Generation
some conclusions (redacted)

• AI lacks diversity in idea generation
• AI ideas are not well-motivated and vague on feasibility details
• AI experts cannot evaluate/rank ideas reliably

• missing or inappropriate baselines
• making unrealistic assumptions
• not adequately following existing best practices

• aren’t these all traits of “early career” researchers? 

quantitative comparisons
• human ideas
• AI ideas



Synthesis

• comprehensive analysis of extensive amount of data
• identify and interpret patterns
• filter novel contributions
• extract meaningful insights
• draw conclusions 

quantify results synthesis



Synthesis
some conclusions (redacted)

AI agents excel at breadth but struggle with depth

muscle vs. brain: isn’t this typical of “early career” researchers? 

• parameter sweeps
• literature harvesting
• principled data reductions
• figure generation

• framing sharper hypotheses 
• flagging result that are too context-specific
• admitting when the evidence is insufficient
• quantifying uncertainty



Agentic AI for Discovery

• idea-generation
• synthesis

inquiry + insight = intelligence

inquiry
insight



The Scientific Process
inquiry

…
…
…
…

insight

c c

by deduction: 
from general to particular
from theory to data

by induction: 
from examples to general
from data to theory



Outline

from well defined to open-ended inquiries

• forecast
• design
• discovery
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Weather Forecast

induction: graphcast (2022)

combined: numerical 
weather models, HPC and 
satellite data assimilation 
(~2000)induction: observations and 

map matching (1854)

deduction: modeling 
based on physics of the 
atmosphere (1922)

from inquiry to insight: Hadley Circulation, Coriolis Effect, Rossby Waves, […]

inquiry: can we reduce 
sailing times with accurate 
wind charts? 



Forecast & Computers + AI
Google GraphCast (& now WeatherNext)

• purely inductive, data driven
• not based on physics principles or 

constrained by numerical considerations
• preserves invariance & symmetries
• use simulations as training data
• more accurate than high-resolution models



Weather for Engineers?
Forecast
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Forecast inquiry: prediction of aerodynamic drag for road vehicle
insight: drag crisis, c-pillar vortices 
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ML Predictions with 
quantified uncertainties and 
high-quality datasets 

+ uncertainty

M Benjamin, G Iaccarino, A systematic dataset generation 
technique applied to data-driven automotive 
aerodynamics, APL Machine Learning, Vol 3 (1), 2025



Forecast inquiry: reliability map of laser-induced ignition in high-speed jet

ignition success ignition failure
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Zahtila et al, Generative Prediction of Laser-
Induced Rocket Ignition with Dynamic Latent 
Space Representations, 2025

time

ML predictions based on AutoEncoder+NODE 
trained on high-resolution simulations

insight: spark “propulsion”, flame stabilization



Outline

from well defined to open-ended inquiries

• forecast
• design
• discovery

physics + simulations + ML (AI)
• well defined inquiry, extensive data, 

supercomputers, and time to fail and develop 
physics understanding (insights)



Outline
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Aerodynamic Design

Image Credit: NACA

inquiry: shape with low-drag, high-lift, etc. 

• experiments
• theory
• computational Tools (CFD)



An example of Multi-physics high-fidelity 
CFD, providing
experimental-like insights
much earlier in the
design cycle



AI & Computational Fluid Dynamics

Ongoing research (and some objective successes)
• rewrite code/kernels: optimize performance, enable portability, etc.
• identify best input: (best practices): mesh resolution, convergence parameters, etc.



Remark: gemini did not generate a 
new mesh, just a good target visual!



AI & Computational Fluid Dynamics

Ongoing research (and some objective successes)
• rewrite code/kernels: optimize performance, enable portability, etc.
• identify best input: (best practices): mesh resolution, convergence parameters, etc.
• aid with model parameters: inference of material properties, turbulence models constants, etc.
• embed a physics replacement: data-driven turbulence model, multiphysics effects, etc.



Machine Learning for Turbulence
Early Days
• Exciting opportunity to bring enthusiasm to the field of physics modeling
• Early work perhaps too “optimistic” 
• Challenges include physical constraints, generalization, data scarcity
• “Embedded” models introduce numerical difficulties

A developing field
• ML and data-driven techniques can be useful tools
• Symbolic regression strategies help with interpretability
• Datasets (size and characteristics) are critical to success
• Equivariant graph models provide mathematical guarantees useful for 

modeling purposes



AI & Computational Fluid Dynamics

Ongoing research (and some objective successes)
• rewrite code/kernels: optimize performance, enable portability, etc.
• identify best input: (best practices): mesh resolution, convergence parameters, etc.
• aid with model parameters: inference of material properties, turbulence models constants, etc.
• embed a physics replacement: data-driven turbulence model, multiphysics effects, etc.
• replace CFD simulations!
• autonomously orchestrate simulation campaign



Agentic Orchestration
design process
• understand design goals 
• retrieve relevant examples in the literature 
• define geometric parametrization 
• build computational meshes
• select solver models and define input parameters
• launch simulations on HPC/cloud nodes
• analyze optimal designs
• compare and learn from past experiences
• decide on further iterations

AI 
ag

en
ts

• complex software workflows
• multi-agent interactions
• information retrieval
• agency



Agentic Orchestration

Qi, Xu, Chu, FeaGPT: an End-to-End agentic-AI for Finite 
Element Analysis, 2025

• complex software workflows
• multi-agent interactions
• information retrieval
• agency

Yue et al. Foam-Agent 2.0: An End-to-End Composable Multi-Agent 
Framework for Automating CFD Simulation in OpenFOAM, 2025



Agentic Orchestration 

VECTRASIM

krissh@vectrasim.com



Agentic Orchestration 

cinnamon@godela.ai1

2 3



Model Context Protocol (MCP)

https://github.com/webworn/openfoam-mcp-server

MCP is an open-source library for general 
interaction & communication between agents 

MCP-based Agentic AI 
• atomicity: each agent perform one task
• state awareness: tracking multi-stage simulations 
• workflow decoupling: separating meshing, solving, and 

post-processing
• error checking
• interaction with LLMs and a vast ecosystem of applications



Outline

from well defined to open-ended inquiries
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• discovery

agentic AI + simulations
not quite graphcast but exciting progress
open questions



Solver Failures & Benchmarking

~100 questions 
• core concepts in fluids
• linear algebra, 

numerical methods, 

24 CFD coding tests
• require Python coding
• selection of numerical 

method/parameters
• linear/non-linear PDEs
• 1D and 2D domains

~120 OpenFoam cases
• require full workflow
• includes grid generation
• selection of models and inputs 

parameters
• basic/advanced problems



Weak Baselines
focus on ML-for-fluids (PDEs)
• reviewed ~100 papers
• reproduced results for 1D/2D linear/non-linear 

equations (including NS)

“Of articles that use ML to solve a fluid-related PDE and claim to outperform a standard numerical 
method, we determine that 79% (60/76) compare to a weak baseline”



Design Exploration 
NACA

PARSED

BEZIER

FFD

[…]

shape optimization requires flexible geometry parametrization
• different formulations (from human-centric to abstract)
• include O(10) parameters, i.e. large sampling space
• how do Agentic AI systems “learn” parametrizations?

Tyagi, A Novel Framework for Optimizing Gurney Flaps using RBF 
Neural Network, 2023

aha-moment: Gurney flaps
• out-of-distribution shapes?
• why does it work? insights?



we need “Special Agents”  
focused on critical and significant investigation
verification agent
• autonomously perform grid resolution studies, boundary location and conditions, 

order-of-accuracy assessments, etc.
validation agent
• find and retrieve relevant experimental data, establish the quality of the simulations, 

study limitations of models, perform inference/calibration 
uncertainty quantification agent
• retrieve information on parameter variability, plan multi-fidelity campaigns, build 

ensemble-based predictions 



A Validation Agent
laser-induced ignition in high-speed co-axial jet
construct latent space for comparisons for 100s of 4D cases (AE, Fan et. al 2024)

Experimental Schlieren

training

time

Computational Schlieren

pre-trained latent 
representation

time



Outline

from well defined to open-ended inquiries
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agentic AI + simulations
not quite graphcast but exciting progress
open questions
• accuracy, repeatability, trust
• “special agents” for V&V/UQ/certification
• explain/synthetize insights
• identifying the design space
• weak baselines
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AI Discovery
is there substantive evidence of AI-based discovery in fluids?
• equations are not the target – generalization (theory) is!
• insight is a discovery; (re)discovery is not discovery

is it simply too early? data-driven discovery is possible…



Human Discovery
the Reynolds number was introduced 
to synthetize experimental data on 
laminar and turbulent flows

the energy cascade & 2/3 laws 
were derived from statistical theory 
and then verified experimentally

induction driven discovery

deduction driven discovery
A. N. KolmogorovO. Reynolds



Outline

from well defined to open-ended inquiries

• forecast
• design
• discovery AI

AI 
agents

data

science or slop?



Outline

from well defined to open-ended inquiries

• forecast
• design
• discovery Humans + AI

AI 
agents

curated 
data domain 

knowledge

useful science?

safeguards



Closing Thoughts

AI & Agentic AI 

• forecast
• design
• discovery ?

Thank You

Gianluca Iaccarino
jops@stanford.edu
Stanford University


