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1 INTRODUCTION

Multi-modal neural models trained on web-scale datasets of natural images and text have produced
impressive results in applications ranging from novel image synthesis to image-and-text dialogue.
While these models are more flexible and general than existing ImageNet models, the training data is
not indexed on a spatiotemporal basis. This limits the ability of the model to contextualize new data,
and to understand the physical processes that enable life and civilization on earth.

Though the amount of geospatial data is growing exponentially, far fewer artificial intelligence
models have been trained on this data. One reason that so few neural models have been designed for
geospatial data is that geospatial data is heterogenous. For example, multispectral sensors measure
electromagnetic radiation in a small number of spectral bands, with large variance in the exact
number of bands, spectral resolution, and spatial resolution. Hyperspectral sensors can capture
hundreds of spectral bands. Both are passive electromagnetic sensors, but the differing number of
spectral channels creates a major challenge for those wishing to use a convolutional neural network
pre-trained on data with only three spectral channels (RGB) such as ImageNet 2009).
Furthermore, orbiting sensors for earth observation also include active sensors like Synthetic-aperture
radar (SAR), and highly specialized sensors used for a narrow range of tasks, such as the methane
sensing interferometer developed by GHGSat (Jervis et al.,[2021)). And geospatial datasets are not
restricted to orbiting sensors, there are huge crowd-sourced geospatial text databases (e.g., parts of
Wikipedia) and land cover segmentation masks from Open Street Map (OpenStreetMap contributors|

2017).
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Figure 1: Heterogenous Geospatial Data Modalities. Geospatial data is very diverse, and includes
active sensors (SAR), passive sensors (natural images, multispectral, and hyperspectral), derived data
(elevation maps), and human annotated information (land cover labels, geo-spatial wikipedia, news
events).

In this work, we propose the Geospatial Algorithm for Multi-Modal Applications (GAMMA), an
architecture that incorporates geospatial inductive biases while preserving the flexibility to process
heterogenous data. The geospatial inductive bias is the assumption that every data sample was
captured at some time and place, and therefore describe various observations of the underlying
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Figure 2: GAMMA Architectural Overview. GAMMA is composed of three primary components,
the input tokenizer which transforms a variety of input keys (modality type, spatial and temporal
information) and values (the captured data) into a common token encoding. These tokens are then
processed and fused by the model backbone. Finally, an input query is provided to the task head with
the backbone’s output representation to make a prediction.

partially observable system, earth. Data samples processed by GAMMA include spatial and temporal
information, spectral information with arbitrary bands and resolutions, text, natural images, SAR
data, segmentation masks, and bounding boxes. When coupled, these diverse data modalities and
geospatial inductive biases will enable GAMMA to ground new data into a global representation that
has qualitatively different biases than a model trained on web data. Further, by strongly indexing
on location and time, the model will be able to make predictions about the real world. We intend to
pre-train GAMMA with a masked prediction approach to a wide variety of geospatial data, and to
finetune to SustainBench and Climate Change Benchmark tasks. We anticipate that the pre-training
will demonstrate strong low-shot adaptation performance when compared to state-of-the-art models.

Figure [2] shows the architecture with its three core components: the tokenizer, backbone, and
task head. The tokenizer takes in geospatial data and projects it into a common encoding format
for the backbone to read in. The backbone is a typical neural network that can process spatial or
tokenized data, such as a ConvNeXt (Liu et al.,2022) or Perceiver (Jaegle et al., 2021b). The task
head takes in processed representations from the backbone and a query to produce an output. During
self-supervised training, we use a modality-specific decoder conditioned on mask tokens and the
backbone representation, then compare the output with the true data.

Our contributions are as follows. (a) We propose GAMMA, a general-purpose neural architecture
with geospatial inductive biases that processes the data modalities commonly found in geospatial
datasets. (b) We will quantitatively evaluate the model on a masked reconstruction pretext task
and perform downstream evaluations on SustainBench (Yeh et al.,[2021)) and (unreleased) Climate
Change Benchmark from ElementAl. We hypothesize that pre-training the model on a diverse set of
self-supervised learning tasks will increase its performance on these important benchmarks. (¢) We
propose a data-pruning approach to make the self-supervised learning procedure more computationally
efficient.

2 GEOSPATIAL ALGORITHM FOR MULTI-MODAL APPLICATIONS

Modality Encoding and Tokenization. Given the diverse modalities of geo-spatial data, a key design
decision is how to encode it as input for the neural network. For example, how should we encode a



multi-spectral satellite image with its associated location? For the vast majority of data, the associated
spatial location is represented as a latitude and longitude along with some uncertainty. To encode this
as a geospatial positional encoding we cannot directly use a Fourier Positional Encoding scheme
(similar to|Vaswani et al.|(2017a))) because longitude has a discontinuity along a line on the earth at
the +/-180 degree meridian. This can cause issues for optimization algorithms and when calculating
displacement. One solution is to first produce a non-singular n-vector encoding (Gadel 2010) of the
latitude and longitude, then Fourier encode the resulting 3-vector. This representation is still biased in
some ways, and many alternatives should be considered (Mai et al.,|2022)). Additionally, we want to
encode spatial and spectral resolution in such a way that samples with different resolutions lie in the
same space and can be easily fused. To achieve this, we intend to integrate over the Fourier positional
encoding based on the input resolution. The multispectral encoding will be constructed by first
reshaping the multispectral image and passing each spectral channel through a Fourier Positional
Encoding based on its spectral band location. To encode the spectral resolution, we integrate over
this positional encoding. We show the general idea in Figure 3]
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Figure 3: Multispectral Modality Encoding. The processed observation of a multispectral obser-
vation is a sequence (in raster order) of tokens. Each token is a concatenation of a Fourier encoded
location and time with a normalized multi-spectral patch. In this example, the modality type would be
a multispectral object type defining the number of spectral channels and their radiometric resolution
as well as the image dimension. This type information determines which modality tokenizer to apply,
and parameterizes its Fourier positional encoding. We grey out the text tokenizer given that this
observation does not contain text.

Each geospatial datum is associated with a non-uniformly sampled spatiotemporal region. Simply,
all the data that we consider is captured at some time and place. We assert that we know the time
and place (with some uncertainty) that this data describes, but that it is not necessarily sampled on a
grid. One might assume that a satellite image would correspond to a spatial uniform grid-sampling
of electromagnetic radiation from the ground, but in reality orbital push-broom and whisker-broom
sensors capture the pixels of an image sequentially and each pixel has a corresponding ground-sample
distance (GSD) that depends on its distance from the flight path of the satellite and the local ground



topology. As a result, assuming that learned features should be translationally equivariant (as is done
in convolutional neural networks) would be sub-optimal in many cases. For another example, some
UAVs capture both hyperspectral and LIDAR data to construct hyperspectral point clouds
2022)), and the (geospatially located) Wikipedia article that describes the city of Chicago in
many ways is also describing a non-convex 227.73 square mile area. We can treat images as a special
case of point clouds (with a grid-like arrangement), so we can process the information associated
with each point and its spatiotemporal region. However, given the extremely high dimensionality
of satellite imagery, processing each spectral pixel as its own token through the backbone quickly
becomes computationally intractable. In order to process all these data types in a single model, we
will investigate mechanisms to downsample the input in an off-grid way while preserving important
information. One necessary component is a model for processing point clouds. One inspiration is the
PointNet family of models which includes PointNet 2016), PointNet++ [2017), and
PointNeXt 2022). These model the permutation invariance of points with shared MLPs
that restrict feature extraction to be pointwise and use hierarchy to capture local geometric structures.
Therefore, we could use PointNeXt to process the collection of points for a spatiotemporal region in
a permutation invariant way. In Figure [d] we represent these spatiotemporal “point patches” with
blue circles and show the embedding procedure for two images that have different spatial resolutions.
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Figure 4: Image point patch encoding. In this example, we are tokenizing two multi-spectral
images of the same region with different spatial resolutions (though they could have different spectral
channels, different spectral resolutions). We take a fixed-size point patch and sample different
locations. All the pixels of the higher resolution image, covering less ground cell area, is entirely
covered by a single point patch. The point patch corresponding to the same area on the lower
resolution image captures fewer pixels. Each pixel is tokenized by the input tokenizer following
Figure 3] then the encoded pixels are processed in a permutation invariant way by PointNext to
produce a single spectral token for the area covered by that point patch. This point patch has
information about its spatiotemporal centroid in addition to the aggregated spectral information.

Backbones. Given the broad diversity of input modalities, and sparsity of spatio-temporal data
coverage, the number of processed observation tokens will be very large to accommodate every
modality. To manage this large number of tokens, the backbone cross attends to the processed
observation tokens, re-sampling them to a smaller and more compact cardinality. Following this,
the backbone can process this latent representation with self-attention (Vaswani et al.l [2017b). In
previous sections, we have mentioned the possibility of using a ConvNeXt (Liu et al., 2022) backbone.
This is interesting as a baseline model, but mostly raises problems. For example, the convolutional
backbone will struggle to fuse multi-modal information such as text or multi-resolution imagery.

Task Head. The task head takes as input the encoded representation produced by the backbone, and
an output query. The output query determines which information to extract and how to format it as
output. The simple way to implement the task head is that the input query indexes into an array of ‘sub
task heads’ and this custom head is used to produce an output of the requested dimensionality. While
a necessary baseline, this approach suffers from several issues. First, if there are two classification



tasks with different numbers of classes, they live in different spaces and it will be more difficult to
have cross-task interference. An alternative approach would be to develop a unified input-output
space. For example, Pix2Seq proposes a method of training a model to bounding boxes as sequences
of tokenized outputs using a discretized output space 2021). Similarly, Unified-IO uses
a SentencePiece tokenizer (Kudo & Richardson, 2018) and patch embedded natural images with a
VQ-VAE discretizing bottleneck to produce a tokenized input sequence for a TS transformer encoder
and decoder model (Raffel et all, 2019). The decoded output tokens are then passed to either the
SentencePiece tokenizer to produce a text output, or the VQ-VAE decoder to produce an image output.
Flamingo (Alayrac et al [2022)) offers yet another approach by using a language model as a sort of
language API that can be modulated with a Perceiver re-sampler (Jaegle et al.l [20214) and frozen
image vision encoder.

Training and Prioritized Sampling. Many earth observation tasks can be easily parallelized.
However, the amount of computation required to extract insight on a national or global scale is
considerable. Further, self-supervised pre-training requires massive amounts of data. Recent work
has shown that the use of a high-quality data pruning metric can reduce the power law scaling of
self-supervised pre-training methods to exponential scaling (Sorscher et al.} [2022)). If this result
applies to geospatial data, then the question becomes: how do we determine which observations to use
for self-supervised training in geo-spatial datasets? One approach which we can try is influenced by
prioritized experience replay (Schaul et al.,[2015)). By maintaining a running average of the SSL loss
we can determine which areas are more complex (having a higher density of challenging-to-predict
data) and should be resampled.

More broadly, we intend that our pre-training pipeline to roughly follow Point-MAE 2022)
which proposes a self-supervised method of point cloud patch reconstructions. For our work, we will
mask spatiotemporal point regions and predict these based on unmasked regions. More specifically,
the decoder ingests query vectors that contain the spatial, temporal, and modality information for the
masked regions. Figure [5]shows this process.
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Figure 5: Geospatial Reconstruction Task. The reconstruction task takes input tokens (each with
its own spatial and temporal positional information) of different modalities, and feeds an unmasked
subset of these to the backbone encoder. The decoder task head then takes in the spatiotemporal
positional embedding and modality type information (e.g., text, land cover segmentation) to predict
the masked tokens.
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3 RELATED WORK

Self-supervised Learning. Self-supervised pre-training on web-scale text became popularized with
models such as BERT (Devlin et al., 2018) and GPT (Radford et al.} 2018). More recently, large-scale
image-captioning datasets like LAION-400M (Schuhmann et al.| have been collected and
used to train multi-modal models such as CLIP (Radford et al.l [2021) and DALL-E-2
2022). These models are built using self-attention (Vaswani et al.| 2017a)) and learn a joint
representation space for text and images. These efforts have yielded large-scale foundation models
(Bommasani et all,[2021) with joint text and natural image representations. However, these models




do little to address geospatial data and tasks (Lacoste et al.,|2021). And existing models do not use
well-aligned multi-modal representations. For example, the model (Sheehan et al., 2019)) trained on a
Demographic and Health Surveys (DHS) prediction task, where the model takes as input a location,
nightlights imagery, and nearby encoded Wikipedia articles. The encoder is simply Doc2Vec (Le
& Mikolovl, [2014) pre-trained on the global geolocated Wikipedia article corpus and fixed during
training.

Multi-task Learning. There are several advantages of multi-task learning with a unified output
space, including (a) reducing the need for hand crafting models with appropriate inductive biases for
each domain, (b) increasing the amount and diversity of training data, (¢) and allowing for a more
rigorous understanding and comparison between methods. Many unified frameworks for modelling
text have been proposed (Radford et al., 2019; McCann et al., 2018} |[Keskar et al., 2019) including
T5 (Raffel et al., 2019) which proposed to treat every text processing problem as a “text-to-text”
problem, rather than text to classification, regression, or text. More recently, models like GPV-2
(Kamath et al., [2022) and Unified-IO (Lu et al.,|2022) have combined a pre-trained T5 with an object
detector (or VQ-VAE in the case of Unified-10) to construct a single model which can be applied to
tasks including visual question answering, captioning, object localization, image classification and
region classification. Similarly, DeepMind’s Gato (Reed et al., 2022)) unifies observations from a
diverse set of reinforcement learning environments that include text, images, discrete action values,
and continuous values (such as proprioceptive inputs) into a homogenous set of tokens.

4 EXPERIMENTS

Self-Supervised Pretraining. Masked auto-encoders (MAE) (He et al.,[2021)) are a simple method
of denoising auto-encoding (Bengio et al., 2013) that is an effective method of self-supervised pre-
training for neural image models. By masking and inferring the masked patches of the natural images
in ImageNet (Deng et al.| | 2009), MAEs learn a strong image representation. While this method of
pre-training should be used as a baseline method, we do not believe that it will be effective without
modification in the multi-modal geospatial setting for several reasons. (1) The data distribution of
RGB satellite image data is different than the distribution of ground-based RGB images, therefore,
the masking ratio is likely to be different. (2) Most satellite-based image sensors capture a broader
range of spectral data than RGB cameras, and as a result channel masking may be more effective. (3)
The geospatial inductive bias must be taken into account, given that some regions (e.g. U.S. energy
facilities) will have much higher data coverage (e.g. task satellite imagery) than other regions. (4)
Some data modalities will be local (e.g., patches of a satellite image will be informative of nearby
patches) while other data modalities are non-local (such as the war in Ukraine affecting energy prices
in Germany).

In order to handle the biased data coverage issue, we could introduce a form of importance sampling
based on the inverse of coverage. For example, if the data gathered about Rwanda can be compressed
into fewer bits of data than NYC, we can sample more spatially to compensate for the fact we don’t
have as much data there. This approach is based on the assumption that there is uniform coverage of
information across the world (i.e., it should be possible to predict the wealth index for any area on
earth).

Multi-task Finetuning. We intend to fine-tune GAMMA on a diverse set of geospatial tasks from
two primary benchmarks. First, we will use the upcoming Climate Change Benchmark developed by
Alex Lacoste’s team at ElementAl. Second, SustainBench (Yeh et al.,|2021)) provides a collection of
15 benchmark tasks across 7 United Nations Sustainable Development Goals (SDGs). These include
tasks related to economic development, agriculture, health, education, water and sanitation, climate
action, and life on land. Collectively, the SustainBench datasets include data covering 119 countries
and 24 years (from 1996-2019), with satellite images, street-level images, and time series data. We
reproduce Table 2 from the SustainBench paper to underscore the diversity of the tasks.

In conclusion, we intend to build GAMMA, a multi-modal neural architecture for geospatial tasks. We
believe that through large-scale self-supervised pre-training on multi-modal datasets with geospatial
inductive biases, GAMMA can dramatically outperform existing machine learning models across
many geospatial tasks including SustainBench (Yeh et al.|[2021) and the Climate Change Benchmark.
However, there are several significant risks with this project. First and foremost, this approach will
require a very large amount of compute. Second, by opting for general-purpose models we should be



SDG Task Countries Metric Benchmark Value Model Type Ref

No Poverty Poverty prediction over space 48 countries r? 0.63 kNN [109]
Poverty prediction over time 5 African countries r? 0.35* ResNet-18 [109]
Weakly supervised cropland . 0.88 (pixel label)
classification United States F1 score 0.80 (image label) U-Net [102]
Cro o classification Ghana, South Sudan MacroF1  0.57,0.70 LSTM [83]
Zero Hunger P typ Kenya MacroF1  0.30 Random forest [58]
i ;L United States 0.37 t/ha CNN+GP [110]
Crop yield prediction Argenting, Brazil ~ FMSE 062 yha, 042¢ha  LSTM [101]
. R . 0.61 U-Net [9]
Field delineation France Dice score 0.87 FracTAL Res-UNet  [99]
Good Health Child mortality rate 56 countries r? 0.01 kNN
& Well-Being Women BMI 53 countries r? 0.42 kNN
Quality Education Women education 53 countries r? 0.26 kNN -
Clean Water ‘Water index 49 countries r? 0.40 kNN
and Sanitation Sanitation index 49 countries r? 0.36 kNN
Climate Action Brick kiln detection Bangladesh Accuracy  0.94* ResNet-50 [63]

Representation learning for 0.55 (n = 1,000) Tile2Vec with

United States Accuracy [53]

. land cover 0.58 (n =10,000)  ResNet-50
Life on Land
Out-of-domain land cover 0.32 (1-shot, MAML with
classification Global Kappa 2-way) shallow 1D CNN [104]

Figure 6: SustainBench Benchmark performance on 15 tasks across 7 SDGs. The asterisk (*)
indicates a result on a similar datset, but not the exact SustainBench test set.

mindful that we are losing some useful inductive image biases (e.g., translational equivariance). As a
result, the model will either require significant pre-training or architectural modification to recover
these useful biases. Third, we must collect a large pre-training dataset.
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