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USGS Survey

Hyperspectral Data, NASA

Data Type Strength Weakness

Boreholes 
and Direct 
Sampling

True direct 
observations of 
geology.

Sparse, often 
incomplete picture, 
expensive to acquire

Potential 
Fields and 
Remote 
Sensing

Continuous 
coverage over 
large areas.

Ill-posed problem 
with many plausible 
solutions. Dimension 
reduction from 3D to 
2D.

Structural 
Mapping

Lithological 
pooling of 
observations, 
measurable 
geometries.

Heavily biased 
toward surface 
outcrops, 
ill-conditioned depth 
continuation.

GTK Finland from 
Nironen et al. (2016)

?

A Hidden Earth
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Data-Driven Geology

Geological Generative AI
• Find a way to encode abstract 

geological concepts 

• Simulate the 3D lithology

• Train a probabilistic model

• Condition on forward 
observables (measured data)
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GeoGen Overview

Fold

Fault

Shear

Example of tectonic geological events

Process-Based Simulation

- Modular framework
- Fast compute (point cloud)
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Our Research: Generation

Part 2: Training a Generative AI
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Flow Matching

(Lipman et. al, 2024)
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Incorporating Time and Conditional Data
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Results

(a) Ground truth; (b) and (c) borehole and surface data

(a)-(c) Three conditional realizations 

• Multiple reconstructions

• Ensemble analysis
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The Vision

Human-centered AI: A probabilistic system that informs geologists 
of plausible scenarios, integrating expert interpretation with 

automated pipelines to better understand the Earth's subsurface.
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Synthetic Geology for Deep Learning
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A probabilistic system that 
informs geologists of plausible 

scenarios, integrating expert 
interpretation with automated 
pipelines to better understand 

the Earth's subsurface.


