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Masked Mineral Modeling: Continent-Scale 
Mineral Prospecting via Geospatial Infilling 

Sujay Nair1,2, Evan Austen Coleman1, Sherrie Wang1, Elsa Olivetti1

Motivation: Some of the world’s largest deposits of mineral resources have been 
overlooked in well-surveyed regions, possibly in previously mined locations.

Approach: Mask and infill mineral resource maps, analyze discrepancies for top 

10 most data-abundant resource classes in CONUS at 1 × 1 mi2 resolution.

Results: Performant even under aggressive masking, with further scale potential. 
Bolstered by geophysical inputs and large number of mineral species. ResNet-
backed reconstruction baselines were superior to ViT. 2 critical mineral resources 
flagged over existing sand, gravel, and clay mines not included in training data.

Next steps: Scale model, geographic coverage, and resource classes 
considered. Add remote sensing inputs. Back out masking profile end-to-end.

Sparse, incomplete mineral surveys can 
be treated as a masked generative 
problem, enabling scalable, data-fusion-
driven multispecies mineral prospecting 
across entire continents.

1 Massachusetts Institute of Technology
2 Georgia Institute of Technology

ABSTRACT

AUXILIARY FEATURES EXPAND MODEL COVERAGE

BACKGROUND METHOD OVERVIEW

FUTURE WORKMULTIPLE SCALABILITY LEVERS

Addition of geophysical and 

agronomic data enables 

model evaluation in regions 

with no logged resource 

presence.

We aggregate model predictions 

into a map by evaluating the 

best-performing model 

configuration 150× over entire 

CONUS [3 seeds × 50 evals].

4 clusters were identified (3 Zinc, 1 Iron) on the US mainland where no 

mineral records existed in training data. 3 match known surface mines for 

sand, gravel, clay, and silica. Zinc has Elevated criticality, above Lithium.

General improvement with model and dataset size.

This motivates time-intensive tests over global datasets.

Significant gains due to 

geophysical inputs.

Sparse hyperspectral 

survey data generally 

improved training stability.

Learned features broadly interdependent across species.

Mineral prospecting literature has only co-inferred ≤ 4 species at once.

Poor performance for Fe, U is possibly due to leakage of processing 

sites into mine sites and intentional scrambling for national security.

The missing or ablated nature 

of these records presents a 

generative problem stencil.

We consider the task of artificially 

discarding entire mineral layers or 

contiguous regions and 

recovering them by exploiting 

diverse datasets.

Mineral records are sparse 

and clustered, but incomplete 

global datasets are available.

Can we mine copresence 

correlations to uncover resources 

hidden by limited recordkeeping?

ResNet-backed UNet out-performs 

both ViT and kriging

Spatial inductive bias is superior, likely 

due to sparse clustering of resources. 

Coarse-graining by MaxPooling inputs 

destroys any ViT-ResNet gap.

M3 Architecture: ResNet-

backed UNet admitting 

auxiliary inputs

Trained to infill masked binary 

class labels indicating the 

confirmed presence of 10 mineral 

species. 

Dice and recall combined with 

BCE loss to handle missing true 

negatives in dataset.

Dedicated analysis of feature impacts from remote sensing data

Mining activity is easily detected by satellite. It is unclear to what extent such 

features might bias M3 with respect to already-extracted resources.

Harmonizing global geophysical datasets is nontrivial

Databases such as Mindat have global coverage of resource presence, but 

some work will be required to cross-reference it against fault line data, 

lithography, hydrography, and elevation data.

Relaxing rigid masking via end-to-end inference

Using 2 M3 instances enables us to back out the structure of the ablation 

impacting mineralogical recordkeeping. This is an extension of positive-

unlabeled (PU) learning with connections to diffusion.

Dice = 0.28 ± 0.02
Recall = 0.14 ± 0.01

(𝑁 = 10𝐾, 𝐴 = 0.8, 𝐻 = 152, 𝐾 = 64, 30𝐾 gradient steps)


	Slide 1

