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Abstract
Minerals play a critical role in the advanced energy technolo-
gies necessary for decarbonization, but characterizing mineral
deposits hidden underground remains costly and challenging.
Inspired by recent progress in generative modeling, we de-
velop a learning method which infers the locations of minerals
by masking and infilling geospatial maps of resource avail-
ability. We demonstrate this technique using mineral data for
the conterminous United States, and train performant models,
with the best achieving Dice coefficients of 0.31± 0.01 and
recalls of 0.22 ± 0.02 on test data at 1⇥1 mi2 spatial reso-
lution. One major advantage of our approach is that it can
easily incorporate auxiliary data sources for prediction which
may be more abundant than mineral data. We highlight the
capabilities of our model by adding input layers derived from
geophysical sources, along with a nation-wide ground survey
of soils originally intended for agronomic purposes. We find
that employing such auxiliary features can improve inference
performance, while also enabling model evaluation in regions
with no recorded minerals.

1 Introduction
Addressing climate change by transitioning the global econ-
omy away from its dependence on fossil energy sources is an-
ticipated to require the mining of unprecedented quantities of
raw material (Daehn, Allanore, and Olivetti 2024; The White
House 2021; Franks, Keenan, and Hailu 2023). Many of these
deposits of metals have only recently been characterized,
with notable discoveries having even occurred within devel-
oped countries where thorough searches (also known as min-
eral prospecting) have already been performed (Wang et al.
2024b). The McDermitt Caldera on the border of Nevada
and Oregon is a salient case: evidence suggests it may be the
largest deposit of lithium-bearing rock in the world, but its
potential magnitude was detailed in 2023 (Benson, Coble,
and Dilles 2023). Motivated by this picture and the present
need to identify and characterize mineral deposits around the
globe, we seek to discover scalable approaches for mineral
prospecting and subsurface mapping which are robust to the
reality that existing records can be incomplete.

Meanwhile, powerful data-driven techniques to infill miss-
ing information have recently been developed and applied
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successfully in other fields. These include the use of masked
autoencoders (MAE) for restoring patches of otherwise com-
plete images (He et al. 2021), and applications of bidirec-
tional encoder representations from transformers (BERT)
to natural language generation (Devlin 2018). Motivated
by these developments in generative modeling, we explore
whether a similar paradigm can enable more powerful infer-
ence for mineral prospecting over large survey areas.
In this work, we train such models and find that infilling

techniques can indeed recover missing or ablated mineral
data. Notably, we observe that incumbent transformer-based
architectures for infilling tasks (e.g. ViT) behave poorly out
of the box in the subsurface infilling domain due to the highly
sparse and spatially clustered nature of mineral deposits. To
mitigate this, we propose a ResNet U-Net-based approach,
which makes use of the strong spatial bias in mineral co-
occurrence and achieves signficiantly higher performance
than both ViT and classical geostatistical baselines.
As a bonus, the structure of our proposed model makes it

easy to include auxiliary data. In fact, there are many datasets
potentially worth applying to mineral inference which are
far less sparse than mineralogical data. Over the past two
decades, sizable aerial and ground-based efforts have de-
veloped substantial open-source datasets of terrestrial fea-
tures (NRCS 2023; Orgiazzi et al. 2018; Kokaly et al. 2017;
Qian 2021; Hajaj et al. 2024). Due to their different intended
applications, these datasets can have drastically different spa-
tial and depth coverages than those applied to traditional
mineral prospecting. An example is hyperspectral imaging of
field samples: geologists have recently used these advanced
cameras to perform field-scale prospecting (Wan, Fan, and
Jin 2021). However continent-scale datasets of these same
measurements have already been collected over the US and
Europe to model soil and ecological health (NRCS 2023;
Orgiazzi et al. 2018). The growing number of individual such
large-scale measurement campaigns presents an opportunity
to fuse these diverse data sources and exploit variations in
their coverage to accelerate the development, refinement,
and testing of hypotheses regarding the subsurface resources
accessible on Earth (Qian 2021).
In this work, we present 4 contributions. (1) We intro-

duceMaskedMineralModeling (M3), a novel method and
practical baseline for continent-scale mineral prospecting via
geospatial infilling. (2)We perform a series of experiments
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on the proposed model, illustrating improved performance
over both learning-based and classical prior work, and fa-
vorable scaling properties. (3)We explore conditioning the
model on auxiliary data, finding significant performance im-
provements and extension of model capabilities, and lastly
(4)We analyze the capabilites of the learned model and the
implicitly learned relationships between different minerals.1

2 Related Work
Subsurface mapping. The geospatial infilling procedure
studied in this work is a form of prospectivity map-
ping (Yousefi et al. 2021), also known as mineral abundance
inversion (Chen et al. 2024), or as fossicking when done
by hobbyists (Franks, Keenan, and Hailu 2023). This is
a task of interest within the fields of geology, lithology,
and mineralogy. It falls within the broader category of
subsurface mapping and characterization, the modeling of
below-ground resources based on sparse subsurface data
combined with surface-accessible features (Misra, Li, and
He 2019; Vohra et al. 2024). Remote sensing and data
fusion have been applied with varying degrees of success
to such challenges, for mineral resource analysis but also
other climate-relevant applications, including geological
CO2 reservoir modeling (Liu and Grana 2020; Narayan
et al. 2024; Wang et al. 2024a) and drilling viability for the
extraction of geothermal energy (Wang et al. 2025). Many
metrics are used to compare the performance of feature
reconstruction, depending on the structure of the outputs.
For supervised multi-class classification of lithological
phenotypes, accuracy (overall and per-class) and Cohen’s
 are common, e.g. (Dong et al. 2024). For regression of
elemental content, metrics are standard to spectroscopy:
mean squared error (MSE), bias, ratio of performance to
deviation (RPD), and the R2 of a linear fit between expected
and predicted abundances, e.g. (Jiang et al. 2024). Focusing
on ML-based mineral resource estimation, most studies
prior to 2022 used MLPs or SVMs (60%), analyzed one
mineral (84%), and relied on field-level data collection
(88%) (Dumakor-Dupey and Arya 2021).

Data fusion for improving geospatial inference. Many
geospatial features are frequently analyzed together in sub-
surface mapping, including ground-based magnetometry,
ground-penetrating radar, and seismometry data, as well
as satellite-based aeromagnetic and imaging spectroscopy
data (Vohra et al. 2024). Due to its growing availability, appli-
cations of hyperspectral remote sensing and ground surveys
to subsurface and mineral resource mapping have drawn re-
cent interest within the literature (Hajaj et al. 2024; Wan,
Fan, and Jin 2021). Hyperspectral satellites such as AVIRIS-
NG provide more granular color information than traditional
(multispectral) satellites like Landsat, measuring ⇠100⇥
more spectral bands (⇠1000 colors instead of⇠10) with spec-
tral resolutions ⇠10⇥ finer (Qian 2021). While using such
data requires processing a large number of input channels,
it can support more performant models. Most recently, us-
ing feature reduction techniques and fusion of hyperspectral
and multispectral remote sensing data, the authors of (Dong

1Appendices at github:sujaynr/M3 and arXiv:2511.09722.

et al. 2024) showed that continent-scale lithological mapping
(roughly, a precursor of the data we use as ground truth for
M3) could be achieved remotely across the Tibetan plain
with 97% accuracy and only 1% of the available training
data, using ViT with dynamic graph convolutional layers.
Masked geospatial infilling of satellite imagery. There

has been some recent interest within the literature regard-
ing geospatial applications of MAE. Techniques and foun-
dation models such as SatMAE and ScaleMAE have been
developed which can perform spatial, spectral, and tempo-
ral infilling of satellite imagery (Cong et al. 2022), impute
continuous surface-accessible features such as land use/land
cover (LULC), and extend geospatial correlations across dis-
tance scales (Reed et al. 2023; Tang et al. 2023). Due to the
continuous nature of remotely sensed imagery, infilling tasks
on satellite data fall well-within the domain of vanilla MAE
designed for RGB images, and the performance of ViT ar-
chitectures is strong in these settings. However, in this work
we focus on sparse subsurface mineral readings, rather than
surface observations and satellite imagery, and find empir-
ically that ViT-based approaches struggle over our ResNet
U-Net approach, as it leverages a spatial inductive bias which
is well-suited to the spatial clusters characteristic of mineral
prospecting data.
This work: contributions and differences.Multiple as-

pects of the present study are unaddressed by existing liter-
ature. The application of subsurface mapping techniques to
mineral availability on the scale of the conterminous United
States (which makes up roughly 33% of the North Ameri-
can continent’s surface) represents a significant increase in
effective survey area, and an initial step away from site-level
analysis toward Earth-scale prediction. We employ a hyper-
spectral ground survey dataset which was developed by the
US Department of Agriculture for agronomic purposes, and
which has not been used for any subsurface mapping tasks.
Our problem specification is also distinct, since we perform
multiple binary classifications instead of a single multi-class
classification, to flag the locations of mineralogical resources
over a masked region. This infilling technique is a generative
approach similar to MAE, which has not been studied in
this context (He et al. 2021). In addition, relative to previous
works which infer lithological labels from geospatial features,
the ground truth data we infill is more indicative of mining
viability, i.e. it flags the locations of ore of some measurable
grade (concentration) which could in principle be separated
from waste rock and refined by a metallurgical process.2 This
change in interpretation has consequences for the choice of
performance metrics appropriate to the method. For example,
because the classes of interest are not mutually exclusive (two
resource types can coexist), the  score is not appropriate
for model comparison. Overall accuracy is also problematic,
as the mineralogical data we employ as ground-truth are an
incomplete collection of true positives (Schweitzer 2019). In-
stead, we consider metrics appropriate to image segmentation
and object detection which de-emphasize true negative detec-
tion. We use recall to track reproduction of true positives, and

2In this initial work, we do not differentiate resources by the
economics of separation, although resource grades are logged.
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Figure 1: General model architecture and data pipeline. For a location (xj , yk) in the ith (50 mi)⇥(50 mi) context window, the
availability of resource ` is marked with a per-pixel binary flag z(i)

jk`
2 {0, 1}. The mineral data layers are masked, stacked with

geophysical and agronomic inputs, and jointly passed through either a ResNet of depthH (shown) or a ViT. Masked minerals are
infilled by the network, and the output is a per-pixel probability p(z(i)

jk`
) of the presence of resource `. We train to maximize Dice

coefficients computed over the masked region. Due to their combination of spatial sparsity and feature richness, the agronomic
data for a given pixel pass through a feature reduction network f which maps them to vectors of lengthK at that location.

Dice coefficients to indicate rates of new resource prediction.
Both metrics fall between 0 and 1. Larger values indicate
greater agreement between predictions and ground-truth.

3 Data
We aggregate multiple geospatial data layers spanning the
conterminous United States, grouped into three categories:
mineral, geophysical, and agronomic.
Mineral layers. Mineral presence layers were collected

from the United States Geological Survey (USGS) Mineral
Resource Data System (MRDS) (McFaul et al. 2000). We
extracted resource geolocations for the 10 most data-rich
metallic ores; these metals are listed in Figure 2. We ex-
cluded all records labeled as processing plants (as opposed
to occurrences, prospects, or producers), due to inconsistent
documentation on the geographic origin of processed ore.
Geophysical layers. For this initial study, we included

a minimal suite of 6 geophysical layers from a mix of
USGS-based sources. Elevation data was pulled from the
USGS National Map Elevation Point Query Service (Arun-
del et al. 2018). We used fault presence and slip rate maps
from the USGS Quaternary Fault and Fold Database (USGS
et al. 2025). Rock types and geological age ranges were
derived from the USGS Geologic Map of North America
(GMNA) (Garrity et al. 2009). The rock type classifications
considered in the GMNA are derived from the mode of forma-
tion: sedimentary, metamorphic, igneous volcanic, igneous

plutonic, and ice. We purposefully excluded the lithological
classification layers of the GMNA to prevent indirectly pass-
ing mineral labels to the model and to maintain the simplicity
of the geophysical inputs in our analysis, as these data are
highly stratified but cannot be arranged along a single axis
by a unique physical observable (e.g. geological age).
Agronomic layers. We use soil survey data from the

USDA Rapid Carbon Assessment Project (RaCA) (NRCS
2023), a campaign which covered the conterminous United
States and collected single-pixel hyperspectral images (scans)
of over 120K soil samples using an ASD LabSpec spec-
trophotometer at 1 nm resolution within the Visible-Near
Infrared (Vis-NIR) spectral window of 350-2500 nm. Prior
to scanning, each sample was air-dried, ground, and sieved
to particle sizes below 2 mm. A representative fraction of the
samples was sent to a laboratory for elemental analysis (via
dry combustion). We identified 23,591 spectra with complete
records. We removed one outlier with 48% water content by
mass, as well as 40 spectra having unlogged reflectances for
one or more wavelengths. We removed wavelengths below
365 nm from consideration, due to their higher incidence of
pixel failures. After applying all selection cuts, we obtain
23,550 soil spectra within a spectral window of 365-2500 nm,
alongside corresponding geolocation data.
Context window datasets. To produce training and vali-

dation data for our analysis, we selected 100K square context
windows of side length 50 mi at random from the conter-
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Figure 2: Example input features and model outputs. The displayed predictions are generated by the model trained in
Experiment 5.3 with N = 10K, H = 152, andK = 64. The left panel shows all possible forms of input data for this context
window. The first 10 layers consist of the availability of 10 minerals [Gold, Silver, Zinc, Lead, Copper, Nickel, Iron, Uranium,
Tungsten, Manganese] on (50 mi)⇥(50 mi) regions. The next 6 layers consist of geophysical inputs [Rock type, Fault presence,
Fault slip rate, Geological age (upper/lower limit), Elevation]. Finally, the agronomic data is embedded and included. The panel
on the right shows the two possible masking strategies, mineral and spatial, and example predictions. Mineral masking removes
an entire mineral layer, while spatial masking removes a random rectangular region. The blue points are ground truth outside of
the masked region, the green points are ground truth within the masked region, and the red is prediction.

minous US, and all data appropriate to that region were
aggregated. Test data were prepared similarly under both
in-distribution (ID) and out-of-distribution (OOD) configura-
tions. In the in-distribution case, we pulled a single fixed set
of 5K windows at random from the US. In the OOD case, we
pulled 447 windows from a 300 mi square region centered
on the McDermitt Caldera, and used as a validation set 417
windows from within the 50 mi square annulus surrounding
it. To allow for the development of a sensible model baseline
which used only mineral layers as inputs, it was required
that at least one resource be present in each sampled context
window. The scale of the spatial context in pixels is chosen
as 2⇥ the optimal value determined in (Dong et al. 2024),
so that the reduction of features due to masking still leaves
sufficient information for inference. The spatial resolution
was 1 mi, set by the minimum viable resolution of our choice
of digital elevation model (Arundel et al. 2018). We created
a separate dataset for visualization, which included context
windows spanning the conterminous US scanning in 50 mi
increments along lines of constant latitude and longitude.

4 Method
The models trained in this work all use the full set of mineral
layers M as a subset of their inputs, and perform an infill-
ing task over these layers. For a given longitude and latitude
(xj , yk) in the ith context window (Xi,Yi), the availability
of resource ` is marked with a per-pixel, per-mineral binary
class z(i)

jk`
2 {0, 1}. The model output is a (50 mi)⇥(50 mi)

per-pixel probability estimate p(z(i)
jk`

) of the presence or ab-

sence of a given mineral resource. Before prediction, mineral
layers are masked in both mineral space and location. Masked
values of z are represented as �1 in the inputs. The mask
for mineral ` at location (xj , yk) in the ith context window
is denoted by M

(i)
jk`

2 {0, 1}, with 1 indicating removal
from the inputs. The mask emulates two behaviors that might
realistically cause a mineral record to be missing: incom-
plete recordkeeping due to lack of interest in specific mineral
species, and regional inaccessibility due to geographic obsta-
cles. To account for these possibilities, we apply 2 kinds of
masking with equal probability: mineral-only (i.e. mask is 1
for all ` in a subset of M) and spatial-only (mask is 1 across
all ` for all (xj , yk) in a rectangle). An aggressiveness hyper-
parameterA determines the maximum fraction of the mineral
layers which can be masked (see Appendix F for its impact
on performance). We sought a high, fixed A < 1 of 0.8 for
all main results to induce a nontrivial inference task while
avoiding training scenarios which represent hallucination in
mineral-only inference, as doing so is expected to exaggerate
the impacts of auxiliary features.
In our experiments, the geophysical and agronomic lay-

ers represent two optional sets of inputs. If selected, geo-
physical input layers are simply stacked with the masked
mineral layers. The agronomic layers require a more sophis-
ticated approach, as multiple hyperspectral scans can be as-
sociated to a single pixel in the context window (up to ⇠30
vectors of length 2,135), and only up to 15 such pixels in
a given 2500-pixel window have associated ground survey
data. To avoid memory constraints, we apply a feature reduc-
tion f : each scan R

(i) within a given longitude and latitude
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(xj , yk) is passed through a 1D CNN with average pooling,
ReLU activations, and a fully connected layer mapping it
into f(R(i)(xj , yk)), a vector of length K (see Appendix B).
All outputs for a given site are averaged, and injected into a
50⇥50⇥K block at the associated geolocation (xj , yk). That
block is then stacked with the other input data layers.

The combined input channels are passed through a ResNet
architecture with varying depthH , passed through a sigmoid,
and output as an array with the same shape as the mineral
layers. Predictions ẑ(i)

jk`
are set to p(z(i)

jk`
) > 0.5. We use the

per-pixel, per-mineral binary cross-entropy as the loss. As
an evaluation metric, we consider the Dice coefficient for all
masked pixels having positive flags, i.e. {ẑ(i)

jk`
M

(i)
jk`

= 1}
and {z(i)

jk`
M

(i)
jk`

= 1}, see Figure 1.

5 Experiments
In our experiments, we seek to understand how well M3 com-
pares to prior work and scalably leverages large data sources.
In Section 5.1, we evaluate the approach against learning-
based and classical prior work, trained only on mineral data.
Then, in Section 5.2 we study how inference performance
scales as a function of the dataset and model sizes. In Sec-
tion 5.3, we extract performance improvements by introduc-
ing auxiliary input layers. Lastly, in Section 5.4 we probe the
capabilities of M3, specifically its performance in scenarios
where mineral records are nonexistent, and the dependencies
of its predictions on the different mineral classes. We report
seed-level standard errors of measurement alongside results.

5.1 Comparisons to Prior Work
In the first experiment, we compare to baselines for mineral-
to-mineral inference and understand how model generaliza-
tion varies based on size and inductive bias. We train a ViT
architecture as a learning-based baseline (see Appendix C),
a Gaussian Process (GP) as a geostatistical baseline (also
known as kriging; Appendix D), and finally our proposed
M3 ResNet architecture in Figure 1. We perform an initial
grid sweep in model sizes and optimizer hyperparameters
for a training dataset of size N = 10K instances (details
in Appendix E). The models use masked mineral layers as
inputs. We train each ML model for 100K gradient steps, on
either a 90:10 train-validation split (for ID) or the OOD split
described in Section 3. We repeat on 3 fixed random seeds
in each configuration, and 7 seeds in the OOD ViT and M3
runs. We set masking aggressiveness to A = 0.8. We save
checkpoints every 10K steps, and evaluate performance when
the validation Dice coefficient asymptotes.
Figure 3 summarizes the performance statistics, demon-

strating equivalent or superior generalization performance of
the M3 architecture over both baselines. The GP outperforms
M3 in training set performance, but sharply drops during vali-
dation and testing. This behavior is expected as kriging is the
best linear unbiased predictor (BLUP) to interpolate features
in the training distribution without straying from ground-
truth, yet we explicitly added nonlinear effects through mask-
ing and geographic scale which violate kriging’s assump-
tions of homoskedasticity, stationarity, and isotropy (Kleijnen

2017). However, any superior generalization performance of
our approach over ViT is surprising, given that the attention
mechanisms in transformers lend themselves to extraction of
long-range correlations. Coarse-graining the inputs 10⇥ for
the best hyperparameter combinations and retraining destroys
this advantage. These findings suggest that in this setting the
mineralogical features are a unique combination of locally
clustered and sparsely sampled, so that the inductive bias
of convolutional downsampling is more enabling than the
versatility of geospatial attention. This argument is similarly
supported by the poor performance of the GP, because that
baseline hinges upon successful regression of a faithful model
of the correlations between sampled points as a function of
their relative distances. We propose that this phenomenon
might be more widespread within subsurface mapping, where
true positives for resources such as critical minerals, drilling
locations for geothermal energy harvesting, and safe CO2

injection sites may be rare or sparsely-sampled but locally-
clustered due to a larger-scale feature situated deep within
the Earth’s crust (e.g. magmatic veins, viable caprock).

5.2 How Does Performance Scale with Data
Quantity and Model Size?

Next we seek to understand how the M3 model scales over
dataset and model sizes. In Figure 4 we sweep over ID train-
ing sets of size N 2 [1K, 10K, 100K] and model sizes from
ResNet50 backbone to ResNet152. We see clearly favorable
scaling properties and significant gains in test performance
as the training dataset size grows. We also see benefit from
increased model size, but interestingly only at the ResNet152
scale, where test performance is considerably higher than
both ResNet50 and 101. Overall, these results suggest that as
a method M3 has potential to continue improving in perfor-
mance as more comprehensive datasets are assimilated and
resources become available to train larger models.

5.3 Do Auxiliary Inputs Improve Performance?
To understand the potential benefits of including the geophys-
ical and agronomic layers, in this experiment we train models
ID from scratch for 30K gradient steps, progressively adding
the auxiliary feature sets as inputs alongside the mineral data.
Based on the results of Experiment 5.2 with N = 10K, we
choose H = 152 and K = 64, and repeat on 3 fixed ran-
dom seeds. Figure 5 quantifies the performance differences
between these 2 approaches and the corresponding mineral-
only baseline. We find significant training and generalization
improvements from including geophysical data. The agro-
nomic layers contribute a marginal boost in performance,
likely due to their spatial sparsity, but did generally lead to
better performance throughout the full training process.

5.4 Model Capabilities and Learned Features
In this section, we probe deeper into model capabilities. First,
we study how the model predicts with no mineral input, only
geophysical and agronomic data. Then we explore how min-
eral prediction depends on number and type of input minerals.
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Figure 3: Comparing M3 to prior work. Our proposed method, M3, generally outperforms prior work from both learning-based
approaches (ViT), and classical geostatistical approaches (Kriging). We observe that ViT struggles to fit the data as effectively
due to a lack of spatial inductive bias, and that a ResNet-based approach is better-suited to inference over sparse clustered mineral
deposits. Kriging fits well to training data due to its use of a Gaussian Process, but completely fails to generalize to unseen
samples. These conclusions hold especially for ID (left) generalization. For OOD generalization (right), ViT required 5⇥ as
many gradient steps to converge to equivalent validation and test performance, with significantly lower training performance. The
OOD region is a 90K mi2 square centered at the McDermitt Caldera, and the validation region is the surrounding 50-mi annulus.

Figure 4: Scaling properties of M3. We study how the M3 model performance scales as a function of architecture depth H

(Left) and dataset size N (Right). Dice coefficients (Top) over the masked regions, averaged over each mineral layer, and the
recall on test data (Bottom) over the masked regions in each considered scenario. We observe favorable scaling, with improving
performance with bigger models and more data.

Evaluation on empty mineral records A noteworthy con-
sequence of including auxiliary features is that they provide
more complete coverage. For models which only consider
mineral layers as inputs, inference over regions with zero
prospects is effectively hallucination, i.e. infilling a blank
image. However, with auxiliary features, we can evaluate the
model in regions not containing any minerals and transfer
learned copresence features to new localities using these ad-
ditional inputs. Figure 5 demonstrates this capability over the
conterminous US, and plots locations where any resources
are predicted when a model from Experiment 5.3 is evaluated
150 times on the visualization dataset (i.e. it infills 150 masks
per context window in the dataset). The model is conservative
in that it reproduces ground-truth without rampant hallucina-
tion in previously unseen regions. In 150 evaluations, it flags
only 3,775 mi2 of land in the 819,050 mi2 region having no
training data (0.46%). These sites include 1 iron and 3 zinc
clusters on the mainland, 3 matching locations to existing
sand, stone, and clay mines. (See Appendix H for details.)

Evaluation on systematically-removed mineral records
In this experiment, we compute Dice coefficients one mineral
population at a time, to understand whether minerals with
more prospecting records have outsized impact on perfor-
mance metrics. Using the best model in Experiment 5.1, and
for each mineral layer, we evaluate on test data after masking
all but 1 mineral layer (1:1 prediction). We then compute eval-
uation metrics for positive predictions of only that mineral
layer, and repeat with 1 extra mineral unmasked. We continue
this process, unmasking 1 layer at a time until 9 of the 10

mineral layers are implemented. Finally, we unmask the pre-
dicted layer, and evaluate one last time. With the exception
of the predicted layer, which is always unmasked last, the
unmasking sequence is in ascending order of the minerals’
commonality in the training dataset, so that an increasing
quantity of mineral data is added in with each unmasking
step. Figure 6 shows the performance results on test data for
all 10 runs. The vertical axis is ordered by the abundance of
mineral data, with the top (gold) being the most common and
the bottom (nickel) being the first unmasked layer.
We observe a general trend of increasing performance

as we progressively unmask, with some minerals requiring
fewer unmaskings to predict effectively. Interestingly, iron
and uranium exhibited lower performance despite being the
4th and 6th most abundant layers. Though relative inference
power suffers for these minerals, their addition as an input
feature can seemingly boost inference for other species. An
example is iron for silver: iron ties for second-to-last in scale-
up, with a Dice coefficient of 0.22 after unblinding all other
minerals, yet after unblinding it in the silver test it leads to a
Dice coefficient boost of 0.10, taking third only to gold (0.11)
and tungsten (0.13). In addition, the substantial inference
power obtained after 9 of 10 layers are unmasked is surprising
in the context of the literature, because machine learning-
based prospectivity mapping has tended to analyze data from
only one or two minerals at a time (48/51 or 94% before 2022,
maximum of 4) (Dumakor-Dupey and Arya 2021; Leite and
de Souza Filho 2009). Our result demonstrates that scaling
the number of mineral inputs in M3 bolsters inference, and
can be pivotal to achieving predictive power for minerals
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Figure 5:Adding auxiliary data toM3 (Left). Dice coefficients on training and test data as a function of input layer combinations
(N = 10K, A = 0.8, H = 152, K = 64, 30K gradient steps). The inclusion of auxiliary data leads to faster training and
significant generalization improvements, driven by geophysical data. Visualizing M3 predictions over the continental US
(Center). An M3-generated map of resources in the conterminous United States (EPSG:5070). The model including agronomic
and geophysical input layers in Experiment 5.3 was evaluated 150 times over a visualization dataset whose (50 mi)⇥(50 mi) tiles
covered the United States. Model outputs from the masked regions (red) were summed over mineral layers, with ground truth
overlaid in blue. The model predicts 4 mainland clusters (Right) of iron and zinc resources where no prospecting records on
the top 10 minerals exist; 3 match existing sand, silica, stone, and clay mines. (See Appendix H for more detailed maps.)

c

9

.

1
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Zinc

Mang.

Figure 6: Performance as a function of number of masked input minerals.Matrix of single-mineral Dice coefficients and
recalls. In each of 10 trials, we start from 1:1 mineral-only inference. We predict the mineral on the vertical axis from only
one unmasked mineral layer, excluding the output layer’s data until the final step. Unmasking occurs in order of increasing
statistics, depicted as the vertical axis labels read from bottom to top. The model was trained on only mineral layers as inputs,
with H = 152, N = 100K, and A = 0.8. We observe a general trend of increasing performance as we unmask, with some
minerals requiring fewer unmasked minerals to predict effectively.

that have fewer prospecting records, as is the case for many
minerals critical to addressing climate change (e.g. lithium
and the platinum group metals). (See Appendix A for details.)

6 Future Work
We introduced Masked Mineral Modeling (M3), a method
to infer locations of mineral resources by infilling masked
geospatial maps of prospecting records. Using presence data
for the 10 most abundant minerals in the conterminous US,
we trained ResNet-backed infilling models, benchmarked
their performance against both ML and geostatistical base-
lines, and demonstrated their superiority in this setting. Many
avenues for investigation remain. Further scaling of both the

number of input features and parameters is likely a straightfor-
ward way to improve generalization. It is also worth evaluat-
ing whether graph-based architectures extract more predictive
power from sparse hyperspectral data in the agronomic lay-
ers. Applying satellite imagery and pretrained models such
as SatMAE (Cong et al. 2022) to this problem are tantalizing
possibilies. However, as mining activity is easily identified
by satellite (Fonseca, Marshall, and Salama 2024), some ef-
fort is required to understand how these data might bias M3.
Lastly, M3 can act as the main building block for a more
sophisticated technique to reverse-engineer a masking pro-
cedure end-to-end, and determine when resources have been
systematically ablated from records. (See Appendix G.)
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Ethical Statement
The potential consequences of the presented approach are
multi-fold, and span the full range of positive to negative
impacts. As established above, addressing climate change
will require unprecedented quantities of minerals, and the
supply of high-grade resources is small relative to the antic-
ipated demand (Olivetti and Cullen 2018; Daehn, Allanore,
and Olivetti 2024). Inability to meet this demand is expected
to exacerbate global inequality and inhibit developing regions
and disadvantaged communities from accessing the materials,
technology, and infrastructure required to survive, adapt to,
and reverse the effects of climate change (Wang et al. 2024b).
Meanwhile, mining as an industrial practice can have adverse
impacts on communities (e.g. noise and dust from detona-
tion, groundwater contamination, energy consumption, and
more). Rapid acceleration of mining generally accompanies
deregulation and lax permitting, which can exacerbate these
negative impacts.

A particularly pressing sequence of events within this sec-
tor is unfolding in the present day: the implementation of
nation-wide bans on the export of critical minerals could
require affected nations to develop redundant stockpiles of
those minerals, even though they are already rare in the ab-
sence of supply shock (Nassar et al. 2024). Inability to extract
sufficient value from known sources has led to some spec-
ulation surrounding the viability of mining in new biomes,
e.g. long-studied deposits on or under the sea floor (United
States Department of the Interior 2025). Meanwhile, some
evidence suggests that sizable deposits of relevant minerals
have been missed by imperfect record-taking or incomplete
prospecting, possibly because many of these metals have only
gained economic value alongside the recent onset of climate
change (Benson, Coble, and Dilles 2023). In addition, newer
approaches to mining such as in situ recovery can leverage
resources in locations and at depths not generally accessible
via traditional methods. Such modern techniques generally
reduce the environmental footprint of resource extraction by
minimizing their intrusion into the Earth’s surface. This col-
lection of circumstances reflects multiple important reasons
to re-evaluate existing prospecting records.
In this setting, M3 offers continent-scale transparency re-

garding the locations of mineral deposits. In turn, this knowl-
edge can provide a clearer picture of the quantities of dif-
ferent resources which are readily available for extraction,
can support the planning of a just energy transition (Wang
et al. 2024b), and can potentially reduce the need to mine
in pristine or nontraditional environments to meet the chal-
lenge of the global energy transition. Our method can also in
principle be applied to subsurface mapping of sparse features
more generally, e.g. for the identification of potential geother-
mal energy wells (Wang et al. 2025) and geological reservoir
injection sites for CO2 sequestration (Wang et al. 2024a).

A major technical challenge with M3 is hallucination. Un-
like LLM hallucinations, which are generally straightforward
to reject on an evidence basis, mineralogical hallucinations
may be more difficult to distinguish from a genuine discov-
ery without intensive ground-based data collection efforts.
Consistent prediction of a resource excess across multiple
models might reasonably motivate a direct sampling cam-

paign, however another danger is the ignition of geopolitical
tensions when new mine sites are flagged in regions governed
by fragile states. Any unexpected outputs to M3 should be
treated with significant skepticism until ground-based data
collection has occurred.
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