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• GTD is used to organise geospatial observations:

GTD = geo-referenced rows (data points) × columns (features)

Geospatial Tabular Data



Irregularly sampled points

(GIS vector data)

Regular grids

(rasters)

Other panel data…

Geospatial Tabular Data

• A format that organises various data in a structured manner.
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How Machine Learning Models Understand a GTD?

• A better-performing ML model benefits the understanding of such relationships.



• (Multi-scale) Geographically Weighted Regression (GWR, MGWR)

• Strength: Efficient, geospatially explicit and explainable.

• Limitation 1: Strong assumptions.

• Limitation 2: Weaker on large/non-linear datasets.

Related Work (1/3): Statistical Models



• Gradient Boosting Decision Trees (GBDTs)

• Strength 1: Fast to train & explain.

• Strength 2: Fairly explainable.

• Limitation: Most are not spatially explicit.

Related Work (2/3): Tree Ensemble Models



• Traditional Supervised/semi-supervised Models

• Strength: Highly effective.

• Limitation 1: Slow to train & explain.

• Limitation 2: Less effective on small datasets.

Related Work (3/3): Deep Learning Models



• Geospatial explicitness is essential yet underestimated. 

Key challenges in understanding GTD with ML models

• Geospatial explicitness often causes computational overhead.

• Scalability of most models (to large datasets) is limited.

• Construction of graphs or proxy grids are computationally expensive.



• GeoAggregator takes a target point & an arbitrarily long sequence of 
contextual points as the input…

• … and directly learns interactions between target and contextual points to 
account for spatial effects.
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• Considering a local prior inspired by the First law of Geography & GWR…

• …we modify the attention scores between point pairs with a Gaussian 
distance-decay bias, so that:

Model generally attends more to near points than distant ones.

Key Design 1: Spatial Explicitness
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contextual points to 
latent points.

• Processor learns 
interaction between 
latent points.

• Decoder aggregates 
latent points into an 
embedding vector.

L×

regressor head

Key Design 2: Keep the Model Lightweight



• Masked Cartesian Product Attention 

(MCPA) reduces learnable parameters in 

attention mechanism.

• Compared to Vanilla Attention, MCPA lowers 

learnable parameters by ~40% per layer for 

our architecture.

Key Design 2: Keep the Model Lightweight



• We compare GeoAggregator against 6 baseline models, on 8 synthetic datasets, 

covering 4 Data Generating Processes and 2 types of covariates:

Evaluation 1: How Well Does GeoAggregator Handle Various Spatial 
Processes?



• GeoAggregators show strong performance in modeling Spatial Lag Effects and 
Spatial Heterogeneity.

Evaluation 1: How Well Does GeoAggregator Handle Various Spatial 
Processes?



• Yes - We evaluate GeoAggregator on 4 real-world datasets, GeoAggregator 
performs well especially on larger datasets.

Evaluation 2: Is GeoAggregator Competitive in Real-World Scenarios?



• Yes – GeoAggregators show low computational complexity.

Evaluation 3: Is GeoAggregator Computationally Efficient?



Evaluation 3: Is GeoAggregator Computationally Efficient?

• Yes – GeoAggregators show low computational complexity.



✓ Supervised model 

fitting.

✓ Fast inference with 

post-hoc ensemble.

✓ Explainability 

function 

(SHAP/GeoShapley).

Our Fast and Easy-to-use Implementation: GA-Sklearn
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Our Fast and Easy-to-use Implementation: GA-Sklearn



Our Fast and Easy-to-use Implementation: GA-Sklearn



Explainability Results

Our Fast and Easy-to-use Implementation: GA-Sklearn

Real

Retrieved by XGBoost

Retrieved by GeoAggregator



• GeoAggregator is a spatially explicit and efficient transformer model designed 
specifically for understanding GTD.

Conclusion and Key Takeaways
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More About Tabular Foundation Model: A Spatially Enhanced TabPFN



More About Tabular Foundation Model: A Spatially Enhanced TabPFN

• We prune redundant attention calculations, providing TabPFN with localised 

contexts…

• … the resulting TabPFN-GSA model outperforms TabPFN (without PHE).



Thank you for your attention!

Rui Deng

rui.deng@glasgow.ac.uk

TabPFN-GSA Code
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