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What is/Why representation learning

• Data structure. 

– Arrays

– Strings 
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What is/Why representation learning
• Feature space

– n = dimension
– m = samples

𝒗 ∈ R1×n 𝑽 ∈ Rm×n
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What is/Why representation learning
• Representation learning. 

𝜃: 𝑥 → 𝒗
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What is/Why representation learning
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Why geospatial representation learning

80% of all data is spatial
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Why geospatial representation learning

Adding location information to 
downstream models can boost the 
performance.
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• Spatial Representation Learning is the first step for almost all GeoAI tasks. 

Gengchen Mai, Xiaobai Yao, Yiqun Xie, Jinmeng Rao, Hao Li, Qing Zhu, Ziyuan Li, and Ni Lao. 2024. SRL: Towards a General-Purpose 
Framework for Spatial Representation Learning. In Proceedings of the 32nd ACM International Conference on Advances in Geographic 
Information Systems (SIGSPATIAL '24).

Why geospatial representation learning
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Point Representation

• Scaling up
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Point Representation



12

Point Representation

• Data is collected point by point. 
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Why point encoding

• What do we need from location:

– Absolute position

– Relative position

– Positional Relationship

[2, 2]

[1, 1] [2, 1]
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Why point encoding

• Why not (x, y)
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• Why not (x) ( x , y )

– No periodicity bias

– No frequency awareness

“this function should repeat”

“whether variation is slow or fast”

f(-10)->1 f(-5 )->1 f(0)->?

f(-10)-f(-7.5)=2 f(0.12)-f(7.62)=?
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• Why not ( x , y )

•Lack of inductive bias  ⇒ High-variance model
• Memorize coordinates instead of learning generalizable patterns.

•Poor generalization across scales/regions e.g. NYC vs LA
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• What would be good?

f(x) →f(sin(x))

y = w sin(x)

“this function should repeat”

“whether variation is slow or fast”

Adding inductive bias  
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• What would be good?

y = w sin(ax)

“this function should repeat”

“whether variation is slow or fast”

f(x) →f(sin(x))
Period =

2𝜋

a

Adding inductive bias  
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• How do we know period a?

y = w sin(ax)

f(x) →f(sin(x))

Adding a good inductive bias  
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Why point encoding

• Let’s start from one dimension.
– Reduce to transformer’s positional encoding

– Absolute position

– Relative position

– Positional Relationship

• How do we know period a?

y = w sin(ax)

x ∈ R1×n

x→ [sin(a1x), sin(a2x), sin(a3x), …., sin(anx)]

Adding the prior that a geospatial 
phenomenon could have multiple 
variation patterns in different scales. 

f(x) →f(sin(x))

Fourier series theorem shows that a series of sine and cosine functions form a 
complete basis for representing a wide class of functions. 
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2D space
Encoding function: f(x, y) = [cos(ω x), cos(ω y)]

cos(ω · a1· x)
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2D space
Encoding function: f(x, y) = [cos(ω x), cos(ω y)]

cos(ω · a1· x) + cos(ω · a2· x)cos(ω · a1· x)
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2D space
Encoding function: f(x, y) = [cos(ω x), cos(ω y)]

cos(ω · a1· x) + cos(ω · a2· x) cos(ω · a1· x) + cos(ω · a2· x) + cos(ω · a3· x)cos(ω · a1· x)

Adding the prior that a geospatial phenomenon 
could have multiple variation patterns in different 
directions. 
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2D space
Encoding function: f(x, y) = [cos(ω x), cos(ω y)]
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2D space
Encoding function: f(x, y) = [cos(ω x), cos(ω y)]

Multi-scale representation learning for spatial feature distributions 
using grid cells, ICLR 2020.

Adding the prior that a geospatial 
phenomenon could have multiple 
variation patterns in different scales. 
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Results

Space2Vec: Location Aware Image Classification
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What’s next

• We need a unified representation of different types of geospatial data.
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Introduction
• Geospatial entities include various data structures. 
 Point → POI, Location.  
 Polyline → Road, Trajectory. 
 Polygon → Building Footprint, Boundary. 

• Representation Learning of geospatial entities is the 
initial step for GeoAI tasks. 

• Existing spatial entity representation methods are 
largely influenced by node–edge data storage 
paradigms. Sequential models are used to learn line-
like entities, while node-edge models are applied to 
model polygon entities.

• Limitation 2: Non-uniform representation spaces hinder 
the downstream model from learning common features 
and the development of geo-foundation models.
Point Encoder: (Mai et al., 2020), (Mai et al., 2023)
Polyline Encoder: (Zhou et al., 2024), (Ji et al., 2025)
Polygon Encoder: (Mai et al., 2023), (Yu et al., 2024)

Point 

Encoder

Polyline 

Encoder

Polygon 

Encoder

Representation
Space 1

Representation
Space 2

Representation
Space 3

Model 1 Model 2 Model 3

a = LineString([[0, 0], [1, 0], [1, 1]])

coords = ((0., 0.), (0., 1.), (1., 1.), (1., 0.), (0., 0.))
polygon = Polygon(coords)
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Introduction
• Geospatial entities include various data structures. 
 Point → POI, Location.  
 Polyline → Road, Trajectory. 
 Polygon → Building Footprint, Boundary. 

• Representation Learning of geospatial entities is the 
initial step for GeoAI tasks. 

• Limitation: Discrete data structures are not well-suited 
for geospatial entity representation.

• Limitation 2: Non-uniform representation 
spaces hinder the downstream model from 
learning common features and the 
development of geo-foundation models.
Point Encoder: (Mai et al., 2020), (Mai et al., 2023)
Polyline Encoder: (Zhou et al., 2024), (Ji et al., 2025)
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Poly2Vec
• Poly2Vec: 

– Decompose geo-entities to triangles. 
– Define a uniform line/triangle, then define the transform function from the uniform triangle to triangles.
– Use Fourier transform to representation each function. Fourier transform is a linear operation, and addable.

Maria Despoina Siampou, Jialiang Li, John Krumm, Cyrus Shahabi, and Hua Lu. Poly2Vec: Polymorphic Fourier-Based Encoding of 
Geospatial Objectsfor GeoAI Applications. ICML 2025.
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Poly2Vec
• Poly2Vec: 

– Decompose geo-entities to triangles. 
– Define a uniform line/triangle, then define the transform function from the uniform triangle to triangles.
– Use Fourier transform to representation each function. Fourier transform is a linear operation, and addable.

Maria Despoina Siampou, Jialiang Li, John Krumm, Cyrus Shahabi, and Hua Lu. Poly2Vec: Polymorphic Fourier-Based Encoding of 
Geospatial Objectsfor GeoAI Applications. ICML 2025.

Limitation: Sampling in the Fourier space is uninterpretable.
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Geo2Vec: Continuous Representation of Geo-entities

• Using Signed Distance Field (SDF) to 
represent each entity in the continuous 
space.

• Definition: 
Given a geo-entity 𝐸, the Signed Distance Field 
is a scalar field defined over a continuous 
spatial domain Ω𝐸 ⊆ 𝑅2, in which each point 
𝑥 ∈ Ω𝐸  is assigned a scalar value representing 
its signed distance to 𝐸. 

• Continuous representation

0.

Chu, Chen, and Cyrus Shahabi. "Geo2vec: Shape-and distance-aware neural representation of 

geospatial entities." Proceedings of the AAAI Conference on Artificial Intelligence . Vol. 40. No. 23. 2026.
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Unified Representation of Geo-entities

• Point, LineString, 
MultiLineString
All Positive

• Polygon, 
MultiPolygon: 
Positive outside 
Negative Inside

Chu, Chen, and Cyrus Shahabi. "Geo2vec: Shape-and distance-aware neural representation of 

geospatial entities." Proceedings of the AAAI Conference on Artificial Intelligence . Vol. 40. No. 23. 2026.
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Location-Shape coherent representation

• Point, LineString, 
MultiLineString
All Positive

• Polygon, 
MultiPolygon: 
Positive outside 
Negative Inside

Chu, Chen, and Cyrus Shahabi. "Geo2vec: Shape-and distance-aware neural representation of 

geospatial entities." Proceedings of the AAAI Conference on Artificial Intelligence . Vol. 40. No. 23. 2026.
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Interpretable representation

Chu, Chen, and Cyrus Shahabi. "Geo2vec: Shape-and distance-aware neural representation of 

geospatial entities." Proceedings of the AAAI Conference on Artificial Intelligence . Vol. 40. No. 23. 2026.
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Geo2Vec model

How?
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Geo2Vec model

Ground Truth SDF

• Approximate the SDF of a geo-entity with a neural network 𝒢𝜃.

Learned SDF

𝓖𝜽
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Geo2Vec model

Ground Truth SDF

• Approximate the SDF through sampling in the coordinate space.

Learned SDF

𝓖𝜽
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Geo2Vec model

Ground Truth SDF

• Approximate the SDF of a geo-entity with a neural network 𝒢𝜃.

Learned SDF
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Details

• Adaptive & Rotation invariant 
Positional Encoder: 
Learn shape in detail, learn 
location more effectively. 
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Sampling quality

• More efficient sampling in the coordinate space.
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• Up to 61.95% improvement on number of 
edges prediction of Polygon.

• At least 44.1% improvement in Polyline 
length representation.

Shape Representation

Polygon Representation: Accuracy on Shape Classification and MAE on the Number of Edges prediction

Polyline Representation: MAE 
performance on Length of Line prediction.
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• Up to 54.3% improvement on Topological 
Relationship Classification.

• More uniformed performance when 
predicting the topology and distance 
between different types of entities. 

Location Representation

Model accuracy on Topological Relationship Classification.

Overall model performance on distance estimation.
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Conclusions

• Spatial Representation Learning is the first step 
for building a Geospatial AI model.

• SRL introduces geospatial inductive bias, making 
the model generalizable to unseen regions. 

• Poly2Vec and Geo2Vec are unified representation 
methods for geospatial entities. 
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