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Comprised Approaches Due to the Lack of SRL
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Extract features from building polygons (Yan et al, 2022)

Extract features from drainage patterns (Yu et al, 2022)

Feature Engineering

Building polygons to raster images (Feng et al, 2019)

Map vector files to raster images (Kang et al, 2019)

Data Conversion



● Heavily relies on domain knowledge

● Hard to generalize to new regions and 
tasks

Comprised Approaches Due to the Lack of SRL
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Feature Engineering

● Reduced data precision and increase data 
storage requirement

● Modifiable areal unit problem (MAUP)

Data Conversion



Spatial Representation Learning (SRL)
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Directly learning neural spatial representations of various types of spatial data in their 
native data format without the need for feature engineering or data conversion step

(Downstream Tasks)

• Gengchen Mai, et al. Towards General-Purpose Representation Learning of Polygonal Geometries. GeoInformatica 2023.
• Gengchen Mai, et al. SRL: Towards a General-Purpose Framework for Spatial Representation Learning (Vision Paper), In: ACM SIGSPATIAL 2024.
• Gengchen Mai, et al. Towards the Next Generation of Geospatial Artificial Intelligence, International Journal of Applied Earth Observation and Geoinformation, 2025.

https://link.springer.com/article/10.1007/s10707-022-00481-2
https://gengchenmai.github.io/


Various Geospatial Tasks

Urban Data Science:
POI Type Prediction

(Mai et al., ICLR 2020)

Ecology:
Species Distribution Modeling

(Mac Aoda et al, ICCV 2019; Mai et al., ICLR 2020; 
Mai et al., ISPRS PHOTO 2023; Mai et al. ICML 2023)

Geospatial Semantics:
Geographic Question Answering

(Mai et al., TGIS 2020; Mai et al., 
GeoInformatica 2023)

Remote Sensing:
RS Image Classification

(Mai et al., ISPRS PHOTO 2023; Mai et al. 
ICML 2023; Li et al., SIGSPATIAL 2023)

Sustainability:
Wealth Index Prediction 

(Sheehan et al., KDD 2019; 
Manvi et al., ICLR 2024)

Earth System Science:
Weather Forecasting
(Nguyen et al., ICML 2023)
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TorchSpatial

• A location encoding framework that consolidates 15 location 

encoders and necessary model building blocks for future location encoders.

• A LocBench benchmark that encompassing 7 geo-aware image 

classification datasets and 10 geo-aware image regression datasets 

• An evaluation framework to quantify geo-aware models’ overall 

performance and their geographic bias, with a novel Geo-Bias Score metric

Wu, Nemin, Qian Cao, Zhangyu Wang, Zeping Liu, Yanlin Qi, Jielu Zhang, Joshua Ni, Xiaobai Yao, Hongxu Ma, Lan Mu, Stefano Ermon, Tanuja Ganu, Akshay Nambi, Ni 
Lao*, Gengchen Mai*. "TorchSpatial: A Location Encoding Framework and Benchmark for Spatial Representation Learning." NeurIPS 2024 Data and Benchmark Track. 
*Corresponding Author

https://arxiv.org/abs/2406.15658


TorchSpatial Framework
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The process of representing a location as a high dimensional vector (location 
embedding) such that it can be used for downstream tasks.

: position encoder

: input location 

: learnable neural nets
• Gengchen Mai, et al. Multi-Scale Representation Learning for Spatial Feature Distributions using Grid Cells. In ICLR 2020.
• Gengchen Mai, et al. A review of location encoding for GeoAI: methods and applications. International Journal of Geographical Information 

Science 36, no. 4 (2022): 639-673. 
• Gengchen Mai, et al. Sphere2Vec: A general-purpose location representation learning over a spherical surface for large-scale geospatial 

predictions. ISPRS Journal of Photogrammetry and Remote Sensing 202 (2023): 439-462.
• Gengchen Mai, et al. CSP: Self-supervised contrastive spatial pre-training for geospatial-visual representations. In ICML 2023.

Location Encoder Location 
Embedding

Location Encoders



TorchSpatial: Location Encoders
Category Location Encoder Description Year

2D

  𝑡𝑖𝑙𝑒 A discretization-based location encoder 2014

  𝑤𝑟᫿𝑝 A sinusoidal location encoder with 2019

  𝑤𝑟᫿𝑝 + 𝑓 𝑓 𝑛 A sinusoidal location encoder with 2023

  𝑟ᬀ𝑓 A kernel-based location encoder 2020

  𝑟𝑓𝑓 A kernel-based location encoder 2020

  Space2Vec-𝑔𝑟𝑖𝑑
A set of sinusoidal multi-scale location encoders

2020

  Space2Vec-𝑡ℎ𝑒𝑜𝑟𝑦 2020

3D

  𝑥𝑦𝑧 Transform latitude-longitude into 3D Cartesian coordinates 2023

  𝑁𝑒𝑅𝐹 A multiscale version of 𝑥𝑦𝑧 2021

  Sphere2Vec-𝑠𝑝ℎ𝑒𝑟𝑒𝐶
A set of multi-scale location encoders for spherical surface based 
on Double Fourier Sphere
(DFS) and Space2Vec.

2023

  Sphere2Vec-𝑠𝑝ℎ𝑒𝑟𝑒𝐶+ 2023

  Sphere2Vec-𝑠𝑝ℎ𝑒𝑟𝑒𝑀 2023

  Sphere2Vec-𝑠𝑝ℎ𝑒𝑟𝑒𝑀+ 2023

  Sphere2Vec-𝑑𝑓𝑠 2023

  Siren(SH) A learned Double Fourier Sphere location encoder 2024



TorchSpatial: LocBench Datasets
Dataset Category Label Task Instances
BirdSnap

fine-grained species 
images species

classification

19,576
BirdSnap+ 43,470
NABirds+ 23,699
iNat2017 675,170
iNat2018 461,939

YFCC Flickr images object categories 36,146
fMoW

remote sensing 
images

land use types 1,047,691
Population Density population density

regression

425,637
Forest Cover forest cover ratio 498,106

Nightlight Luminosity nightlight luminosity 492,226
Elevation elevation 498,115

Asset Index

daytime remote 
sensing

imagery & nightlights
images

asset wealth index 2,079,036
Women BMI women BMI 1,781,403
Water Index water quality index 2,105,026

Child Mortality child mortality rate 1,936,904
Sanitation Index sanitation index 2,143,329

Women Edu women educational 
attainment 2,910,286



Geographic bias: a phenomenon in which an AI model performs differently across geographic 
regions and its predictions are biased toward some predominated regions.
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TorchSpatial: Geo-Bias Score Metrics

Wang, Zhangyu, et al. "Probing the Information Theoretical Roots of Spatial Dependence Measures." arXiv preprint 
arXiv:2405.18459 (2024).

Hot spot analysis of HIT@1 of space2vec-theory on fMoW

Lower geographic bias means the possibility 
of encountering a wrong prediction is more 

uniform across the region of interest

Can we use the classic spatial statistic measures (e.g., Moran’s I) to quantify the geographic bias?
• Classic spatial autocorrelation statistics metrics can’t measure geographic bias because these statistics are 

not numerically comparable across different spatial patterns.
• Moran’s I values only tell whether a spatial sample is significantly autocorrelated or not. It is non-comparable 

across scenes.



Spatial Self-Information (SSI)

Zhangyu Wang, Krzysztof Janowicz, Gengchen Mai, Ivan Majic. Probing the Information Theoretical Roots of Spatial Dependence Measures, In: 
COSIT 2024, Sep 17 - 20, Québec City, Canada. [ArXiv] * Best Paper in COSIT 2024

• Spatial Self-Information (SSI): using a Gaussian distribution to approximate the 
probability of observing certain types of spatial patterns.

The lower the probability, the less likely the current spatial patterns arise randomly, and 
consequently the stronger the spatial autocorrelation.
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https://arxiv.org/abs/2405.18459
https://arxiv.org/abs/2405.18459
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TorchSpatial: Geo-Bias Score metric

The geo-bias of model performance, 
considering both where the data are 
observed and how the model performs 
at these locations

The intrinsic sampling geo-bias 
regardless of the markers (model 
performances)

Extract a low-performance 
observation’s neighborhood by 
radius r.

Using SSI for Geo-Bias quantification: higher SSI scores indicates stronger the spatial 
autocorrelation, thus higher geographic bias

GitHub DatasetsWebsite



Geo-Bias of Various Foundation Models



GAIR: Framework



GAIR: Tasks
Evaluation GAIR on 10 downstream tasks (22 datasets): 

● Street View Image Benchmark Tasks
● Remote Sensing Imagery Benchmark Tasks
● Location Benchmark Task



GAIR: Evaluations

Paper

Zeping Liu, Fan Zhang, Junfeng Jiao, Ni Lao*, Gengchen Mai*. "GAIR: Improving Multimodal Geo-Foundation Model with Geo-Aligned Implicit Representations." Under 
Review 2025. *Corresponding Author



Conclusion

GitHub DatasetsWebsite

• Wu, Nemin, Qian Cao, Zhangyu Wang, Zeping Liu, Yanlin Qi, Jielu Zhang, Joshua 
Ni, Xiaobai Yao, Hongxu Ma, Lan Mu, Stefano Ermon, Tanuja Ganu, Akshay Nambi, 
Ni Lao*, Gengchen Mai*. TorchSpatial: A Location Encoding Framework and 
Benchmark for Spatial Representation Learning. NeurIPS 2024 Data and 
Benchmark Track. *Corresponding Author

• Zeping Liu, Fan Zhang, Junfeng Jiao, Ni Lao*, Gengchen Mai*. "GAIR: Improving 
Multimodal Geo-Foundation Model with Geo-Aligned Implicit Representations." 
Under Review 2025. *Corresponding Author

TorchSpatial GAIR

Paper

Takeaways
● Spatial Representation Learning (SRL) is a key component for Geospatial AI model development
● Geo-Bias is a unique and important issue for geospatial data and model requiring attention
● Geo-Foundation Model is one major research direction for GeoAI where SRL will play a major role

Further Thoughts
● Other GeoEthics concerns: geo-privacy, spatiotemporal replicability, and explainability

https://arxiv.org/abs/2406.15658
https://arxiv.org/abs/2406.15658

