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Abstract

Spatial representation learning is fundamental to GeoAI ap-
plications, including urban analytics, as it encodes the shapes,
locations, and spatial relationships (topological and distance-
based) of geo-entities such as points, polylines, and polygons.
Existing methods either target a single geo-entity type or, like
Poly2Vec, decompose entities into simpler components to en-
able Fourier transformation, introducing high computational
cost. Moreover, since the transformed space lacks geometric
alignment, these methods rely on uniform, non-adaptive sam-
pling, which blurs fine-grained features like edges and bound-
aries. To address these limitations, we introduce Geo2Vec, a
novel method inspired by signed distance fields (SDF) that
operates directly in the original space. Geo2Vec adaptively
samples points and encodes their signed distances (positive
outside, negative inside), capturing geometry without de-
composition. A neural network trained to approximate the
SDF produces compact, geometry-aware, and unified rep-
resentations for all geo-entity types. Additionally, we pro-
pose a rotation-invariant positional encoding to model high-
frequency spatial variations and construct a structured and ro-
bust embedding space for downstream GeoAI models. Empir-
ical results show that Geo2Vec consistently outperforms ex-
isting methods in representing shape and location, capturing
topological and distance relationships, and achieving greater
efficiency in real-world GeoAI applications.

Code —
github.com/chuchen2017/GeoNeuralRepresentation

Introduction
Representation learning for geospatial entities, such as
points, lines, and polygons, has become crucial for deep
neural network models aiming to effectively address vari-
ous downstream geospatial tasks. The ability to learn robust
and unified embeddings for these entities facilitates gener-
alization across diverse GeoAI applications, including land
use classification (Li et al. 2023), population prediction (Boo
et al. 2022), urban flow inference (Balsebre et al. 2024), and
urban morphology analysis (Wu et al. 2025).

Several Spatial Representation Learning (SRL) ap-
proaches have been developed specifically for individual en-
tity types like lines and polygons. For example, polyline-
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based methods often employ sequence models like RNN
or Transformer (Li et al. 2024), but these approaches pri-
marily capture vertex connectivity and largely overlook cru-
cial geometric and topological details associated with line
segments. Similarly, polygon-specific methods typically use
graph neural networks (GNNs) to represent vertices and
edges as graph components (Yu et al. 2024a), yet these meth-
ods inadequately preserve the polygons’ spatial extent (inte-
rior and exterior) and often struggle with complex geome-
tries, particularly polygons with holes.

Figure 1: Signed Distance Fields for two types of geo-
entities at spatial scales: (a) coarse scale, (b) fine scale.

To enable unified embeddings across all geo-entity types,
recent methods like Poly2Vec (Siampou et al. 2025) decom-
pose complex entities into simpler components suitable for
Fourier transformation. This decomposition, combined with
the computational overhead of performing the Fourier trans-
formation itself, results in high processing cost. Moreover,
since the transformed Fourier space lacks direct correspon-
dence with the original geometry and topology, these meth-
ods are limited to uniform, non-adaptive sampling, which
fails to keep fine-grained geometric features like boundaries.

Consequently, there is a need for a unified SRL approach
that captures geometry and location across all geospatial en-
tity types while performing well on standard evaluation tasks
like capturing topological and distance relationships (Ji et al.
2025), to ensure effectiveness in real-world GeoAI tasks.

Towards this end, we propose Geo2Vec, a neural repre-
sentation approach that explicitly learns a Signed Distance
Field (SDF) of each geospatial entity. Specifically, the SDF
is defined as the shortest distance from any point in space
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to the boundary of the entity, with negative values indicat-
ing points inside the entity and positive values outside. Ex-
amples of SDFs for polygon- and polyline-type geo-entities
are shown in Figure 1. In Figure 1(a), the coarse-scale SDF
clearly captures the spatial locations of the two geo-entities,
with low-value regions highlighted in red. The fine-scale
SDFs in Figure 1(b) capture the detailed shapes of the en-
tities as continuous fields. Notably, Geo2Vec’s use of SDFs
enables a unified representation across all geo-entity types:
polygons with spatial extent yield negative SDF values
within their interiors, while points and lines, lacking interior
regions, do not. This continuous and differentiable represen-
tation overcomes all the limitations of discrete vertex-edge
models and entity-specific decompositions.

Moreover, Geo2Vec leverages coordinates in the orig-
inal (non-transformed) space, allowing strategic sampling
near entity boundaries or regions requiring higher preci-
sion. This adaptive sampling significantly enhances repre-
sentation quality. Notably, our experiments show that our
adaptive sampling method significantly outperform Fourier
space sampling, achieving comparable accuracy with less
than 35% of samples and thus delivering superior efficiency.

Our empirical evaluations show that Geo2Vec signifi-
cantly outperforms SOTA methods on standard evaluation
tasks for shape and location representation, achieving im-
provement up to 61.95% and 54.3%, respectively. Finally,
we introduce a rotation-invariant positional encoding that
produces a more structured and robust embedding space,
where geo-entities with similar shapes are positioned closer
together regardless of their orientation. This property is use-
ful for unsupervised models and supervised models with
weaker learning signals, and our experiments specifically
demonstrate its effectiveness in improving Geo2Vec perfor-
mance in unsupervised downstream tasks.

Related Works
SRL aims at learning the neural representation of various
types of spatial data in their native format without the need
for feature engineering and data conversion stage (Mai et al.
2024). Most prior work has focused on learning represen-
tations for different types of spatial data in isolation. For
example, point encoding (Mai et al. 2023b), trajectory rep-
resentation learning (Jiang et al. 2023), road network rep-
resentation (Zhao et al. 2025), and polygon representation
(Huang et al. 2024). Current methods rely on feeding the
discrete data structures directly into neural models to learn
representations (Ma et al. 2024; Yu et al. 2024a). Although,
the discrete vertex/edge representation is suitable for data
storage and visualization clarity, it is not effective for repre-
senting spatial extent or their topological features. This mis-
match between representation format and geo-entity leads to
limitations in expressiveness.

The current state-of-the-art method, Poly2Vec (Siampou
et al. 2025), encodes points, polylines, and polygons using
Fourier transforms. However, existing research has not re-
vealed the relationship between real-world coordinates and
the Fourier feature space. As a result, Fourier-based methods
typically employ non-adaptive, heuristic sampling strate-
gies. Although some approaches incorporate geometric fre-

quency selection and improve feature expressiveness (Mai
et al. 2023a), they still fall short of identifying the most dis-
criminative frequencies. This limitation fundamentally re-
stricts the representational power of Fourier-based encoding,
particularly when sampling frequencies are low. Moreover,
applying Fourier transforms to complex objects like poly-
gons is nontrivial, which is why they must first be decom-
posed into simpler shapes like triangles, further adding to
the already high computational cost of the transformation.

Employing neural networks to learn continuous fields is a
widely studied topic in 3D computer vision. Prior work has
explored learning 3D shape representations through signed
distance function (Park et al. 2019; Yu et al. 2024b) and oc-
cupancy fields (Mescheder et al. 2019). These field learning
methods have shown strong effectiveness in modeling com-
plex scenarios, as shown by NeRF (Mildenhall et al. 2021)
and 3DGS (Kerbl et al. 2023). However, most of this re-
search focuses on accurately reconstructing specific shapes
or scenes, rather than leveraging field-based representations
for broader downstream geospatial tasks. In contrast, our
work aims to learn a generalizable embedding space from
SDFs, explicitly designed to efficiently capture geospatial
semantics and (topological and distance) relationships.

Preliminary
Definition 1: Spatial Position refers to the location of a geo-
entity expressed in geographic coordinates, representing its
precise placement in physical or world space.
Definition 2: Spatial Extent refers to the coverage area of a
geo-entity, representing its shape and spatial footprint.
Definition 3: A Geo-entity E is an object characterized
by its spatial position and, optionally, its spatial extent. It
is generally recorded in a sequence of coordinates PE =
{xi}Ni=1 ∈ RN×2, where xi = (xi, yi) denotes a vertex,
and N denotes the number of vertices. Common examples
include points, polylines, polygons, multi-polygons.
Definition 4 (Signed Distance Function). Given a geo-entity
E and a query point in space x ∈ R2, the signed dis-
tance function SDF(x, E) = s returns the shortest distance
s ∈ R from the query point x to the boundary of E. For any
geo-entity with spatial extent, the value s is positive if x lies
outside the spatial extent of E, and negative if x lies inside.
Definition 5 (Signed Distance Field). The Signed Distance
Field of a geo-entity E is a scalar field defined over a contin-
uous spatial domain ΩE ⊆ R2, in which each point x ∈ ΩE

is assigned a scalar value representing its signed distance
to E. This field provides a continuous representation of the
geo-entity, capturing both location and shape information.
Definition 6 (Representation Learning of Geo-entity). Given
a dataset of geo-entities G = {Ei}Ni=1, the goal of represen-
tation learning is to learn a mapping function Eθ : E →
zE ∈ Rd, where zE ∈ Rd is a d-dimensional embedding.
The learned representations should preserve the data utility
of the original formats, allowing effective support for a range
of spatial reasoning tasks. Moreover, by unifying different
types of geo-entities into a common representation embed-
ding, the representation becomes broadly applicable across
diverse downstream models.
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Nueral Representation of Geo-entities
In this section, we present Geo2Vec, which aims to learn
the representation of a geo-entity by explicitly modeling its
SDF. We employ a neural network Gθ to approximate the
signed distance function SDF(x, E) and learn the corre-
sponding SDF ΩE . To achieve this, for each geo-entity E,
we sample a set of training points XE := {(x, s) | s =
SDF(x, E)}. Then train the neural network Gθ to learn the
underlying SDF based on sample points.

For polygon shape learning, we scale each polygon in-
dividually to a canonical space [−1, 1] × [−1, 1] and then
learn its scale-invariant shape embedding zshpE . For loca-
tion representation learning, we normalize the entire dataset
G to a canonical space and then learn the location repre-
sentation of each geo-entity zlocE . The final representation
is formed by concatenating the location and shape vectors:
zE = [zlocE , zshpE ]. For point entities, we use a uniform vec-
tor as their shape representation zshpE . The learning pipelines
for shape and location representation are identical, the ma-
jor differences lie in the sampling strategy and the positional
encoding method.

An Adaptive Sampling Strategy
One key advantage of representing a geo-entity using its
SDF is that it allows us to directly sample in the coordi-
nate space. To better leverage this property, we propose an
adaptive sampling strategy that adjusts sampling parameters
based on the learning objective and characteristics of the
dataset. We first introduce our sampling methods, then de-
scribe how the associated parameters are tuned accordingly.

Firstly, we sample NVertex points xVertex
i′ near each vertex

V of a geo-entity E following a 2D normal distribution:

xVertex
i′ ∼ N (PE , σ

2I), (1)

where PE denotes the sequence of coordinates of entity E,
σ is the standard deviation controlling the sampling radius.
Each sampled point is paired with its signed distance value
to construct the training set XVertex

E :

XVertex
E = {xVertex

i′ ,SDF(xVertex
i′ , E)}NVertex

i′=1 . (2)

To enhance boundary coverage, we introduce stochas-
tic perpendicular sampling, which perturbs sampled
points along each edge by applying a small normal-
direction offset drawn from a symmetric distribution.
Formally, for any two continuous points xi,xi+1 ∈ PE ,
we sample xEdge

i′ according to the following formulate:

xEdge
i′ = (1− f)xi + fxi+1 + sd

1

||xi+1 − xi||

(
−(yi+1 − yi)
xi+1 − xi

)
,

where f ∼ N (0, I) controls the position along the edge,
d ∼ N (0, σ2I) specifies the magnitude of the perpendicular
offset, and s ∼ U{−1,+1} randomly selects the side of
the edge. Stochastic perpendicular sampling improves the
model’s ability to capture the edge position in the SDF.
Similarly, we construct the training dataset by sampling
NEdge points for each Edge:

XEdge
E = {xEdge

i′ ,SDF(xEdge
i′ , E)}

NEdge

i′=1 . (3)

Lastly, we uniformly sample points xSpace
i′ from the coor-

dinate space to capture the global structure of the geo-entity
and to fill in regions that may have been overlooked by the
previous two sampling stages. Specifically, we sample Naxis
points along each axis, resulting in a total of NSpace = Naxis

2

uniformly distributed points across the space, which consti-
tute the dataset Xspace

E :

XSpace
E = {xSpace

i′ ,SDF(xSpace
i′ , E)}

NSpace

i′=1 . (4)
Finally, we combine all sampled points to form our train-

ing dataset:

XE = {XVertex
E , XEdge

E , XSpace
E }Vertex∈E,Edge∈E . (5)

During the sampling process, we leave several parameters
flexible, allowing Geo2Vec to adaptively sample based on
the data distribution of the target dataset.

When learning the location representation, which aims to
capture the spatial relationships among geo-entities, it is im-
portant to provide the model with information about its lo-
cal neighborhood. Therefore, we set the sampling param-
eters according to the distances between geo-entities. It is
worth noting that, although it would be beneficial to sam-
ple a variable number of points for different geo-entities, we
fix the following parameters as global constants within each
dataset to ensure computational efficiency. Specifically, we
randomly sample a subset of geo-entities E, compute the
distances to their k nearest neighbors, and define the loca-
tion sampling parameter σloc as the standard deviation of the
resulting distance distribution.

For learning the shape representation, we follow a simi-
lar strategy, but base it on edge distances. A subset of geo-
entities E is randomly selected, and for each of their edges,
we compute the distances to their top k nearest edges. The
standard deviation of these distances is then used to define
the shape sampling parameter σshp.

After determining the sampling deviation σ, we introduce
a resolution parameter ϵ to decide the number of points to
sample per unit. This parameter controls how finely we cap-
ture local spatial variation. The number of samples is given
by: NVertex = πσ2ϵ2, NEdge = 2σlEdgeϵ

2, where lEdge de-
notes the length of the Edge. For computational simplicity,
we approximate them as: NVertex = σ · ϵ, NEdge = lEdge · ϵ,
which retains the core dependency on resolution, neighbor-
hood spread, and edge length.

Positional Encoding
SDF shows various spatial patterns in different scales, and
successfully modeling these patterns is crucial for its repre-
sentation. We employ a Positional Encoding (PE) that maps
the spatial coordinate x ∈ Rd to a higher dimensional space
Rd·L, providing spatial features that encode local and global
signed distance variation. The positional encoding is formu-
lated as follows:

PE(x) = ( sin(2Lminπx), cos(2Lminπx), . . . ,

sin(2Lmaxπx), cos(2Lmaxπx)),
(6)

where Lmin and Lmax define the lower and upper bounds
of frequency levels, and we uniformly sample L frequen-
cies in this bound. Unlike the positional encoding used in
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Figure 2: An illustration of the Geo2Vec learning framework.

Transformer and NERF, we do not predefine these bounds.
Instead, we set Lmin and Lmax based on the distribution of
geo-entities and the specific learning objective.

Positional encoding is essential for both shape and loca-
tion learning, but for opposite reasons. When learning loca-
tion representations, the model aims to capture the coarse-
scale trends of SDF, which, as shown in Figure 1(a), de-
creases uniformly in all directions and is largely independent
of the specific shape of the entity. Thus, positional encoding
helps encode such global variation and is expected to gener-
alize across geo-entities. In this case, high-frequency com-
ponents will introduce repeated features that hinder learning
of smooth global patterns, so we avoid using these repeated
frequencies when leaning location representation.

In contrast, shape representation learning focuses on cap-
turing fine-grained, local variations in SDFs that are unique
to each geo-entity, as shown in Figure 1 (b). Modeling such
fine spatial variations requires encoding the input coordi-
nates with high-frequency signals, which enables the model
to represent sharp transitions. These patterns are typically
difficult for neural networks to learn from smooth coordi-
nate inputs alone. Therefore, we have the following settings
for positional encoding:

∆x = max
E∈G

(E.x)−min
E∈G

(E.x),∆y = max
E∈G

(E.y)−min
E∈G

(E.y),

∆min = min(∆x,∆y),∆max = max(∆x,∆y),

Lloc
max ≤ log2

(
2

∆min

)
, Lshp

max ≥ log2

(
2

∆min

)
,

Lloc
min, L

shp
min ≤ 1− log2 (∆max) . (7)

Following the rules, Lmax and Lmin can be determined
according to the dataset. We leave the number of sampling
frequencies L as a hyperparameter.

When learning shape representations, it is important that
the model learns similar embeddings for geo-entities with

the same shape but different orientations. To achieve that,
we propose a rotation-invariant positional encoding method,
which can be formulated as:

PER(x) = PE(x′),x′ =

xy
r

 , r =
√
x2 + y2. (8)

The method transforms each point’s Cartesian coordinates
x into polar coordinates and augments the original input
with the radial distance r. This augmentation introduces
rotation-invariant features into the positional encoding, en-
couraging the model to capture shape geometry rather than
absolute orientation. As a result, the learned embeddings be-
come more structured and robust—a property that is particu-
larly valuable for unsupervised downstream GeoAI models.

Geo2Vec Model
Given a set of sampled points, we propose the Geo2Vec
model Gθ to approximate the SDF of a geo-entity based on
sampled points XE :

Gθ(XE , zE) ≈ SDF(XE , E), ∀x ∈ XE ⊂ ΩE . (9)

Following (Park et al. 2019), we formulate this problem
from a probabilistic perspective. We define the posterior dis-
tribution over the latent code zE given the sampled points
XE as:

pθ(zE | XE) = p(zE)
∏

(xi,si)∈XE

pθ(si | zE ;xi), (10)

where p(zE) denotes the prior distribution over latent
codes, which we assume to follow a multivariate Gaussian
N (0, σ2

zI), σz controls the density of the latent distribution.
And the conditional likelihood pθ(si | zE ;xi), can be ex-
pressed as:

pθ(si | zE ;xi) ∝ exp (−L(s̄i, si)) , (11)
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Building MNIST Singapore NYC
Shape↑ Edge↓ Shape↑ Edge↓ Edge↓ Edge↓

PolygonGNN 87.84±0.005 – 7.77±0.013 – – –
NUFTSPEC 90.46±0.730 3.04±0.125 96.90±0.116 16.76±0.588 3.66±0.023 1.45±0.020
Poly2Vec 76.59±1.403 3.34±0.127 92.52±0.265 29.29±0.807 3.68±0.109 1.21±0.045
Geo2Vec 97.34±0.310 2.22±0.050 97.58±0.097 9.45±0.124 1.40±0.011 0.72±0.002

Table 1. Model accuracy on Shape Classification (Shape) and MAE on Predicting the Number of Edges (Edge). All accuracy
values are scaled by ×10−2. In all tables, the values after ± indicate the standard-deviation, and Best results are highlighted.

Singapore NYC
Line Length↓ Line Length↓

T2Vec 10.38±0.45 13.20±0.42
T-JEPA 10.25±0.54 12.65±0.36
Poly2Vec 13.55±0.79 21.11±0.48
Geo2Vec 5.75±0.26 7.07±0.16

Table 2. Model performance on Length of Line prediction,
evaluated by MAE. All values are scaled by ×10−4

where s̄i = Gθ(zE ,xi) is the predicted signed distance at
coordinate xi, and L is SDF the loss function.

Therefore, maximizing the posterior probability pθ(zE |
XE) is equivalent to minimizing the summed loss between
the predicted and observed signed distances, along with a
regularization term on the latent code. This formulation jus-
tifies that approximating the signed distance field using Gθ
directly induces learning of the optimal latent representation
zE for each geo-entity. Therefore, the resulting loss function
for training Geo2Vec over the dataset G can be expressed as:

L=
∑
E∈G

[ ∑
(xi,si)∈XE

∣∣Gθ(zE ,xi)− si
∣∣ + γ

σ2
z

∥zE∥22

]
(12)

where γ is a hyperparameter that controls how strongly
the latent codes are encouraged to follow the prior distri-
bution. We set γ = 0 when learning location represen-
tations, as the spatial variation across geo-entities is suffi-
ciently large. In this case, enforcing a tightly clustered latent
space can negatively impact learning by suppressing the nat-
ural diversity of location information.

During the training process, to encourage the latent rep-
resentations to reside in a shared and structured space, we
jointly optimize the posterior over a large batch that includes
as many geo-entities as possible. This joint training helps
the model learn consistent and meaningful representations
across different entities. The detailed representation learn-
ing algorithm is described in Algorithm 1.

The architecture of the Geo2Vec network is shown in Fig-
ure 2. Instead of using ReLU, we employ LeakyReLU as the
activation function, as learning the negative interior structure
is also crucial, and LeakyReLU preserves a non-zero gradi-
ent in the negative domain. The input point xi is projected
by PE to X, which is then concatenated with the latent rep-
resentation zE . This combined vector is then concatenated
with the hidden states of the neural network at each layer,
serving as a conditioning input for prediction.

Algorithm 1: Geo2Vec Training Algorithm

Input: G = {E}
Input: Sample Density ϵ, Uniform Naxis, batch size b
Output: {zE}E∈G

1: Initialize Gθ, {zE}E∈G ∼ N (0, σ2
zI)

2: Initialize NEdge, NVertex, σ, XG = {}
3: for each E ∈ G do
4: XE ∼ Sample(E,NEdge, NVertex, Naxis, σ)
5: XG ← XG ∪ {(xi, si, E) | (xi, si) ∈ XE}
6: end for
7: shuffle XG = {(xi, si, Ei)}
8: for each mini-batch {(xi, si, Ei)}bi=1 ⊂ XG do
9: ℓ = L({(xi, si, Ei)}bi=1)

10: Update {zEi
}Ei∈b and Gθ using ℓ

11: end for
12: return {zE}E∈G

Experimental Evaluation

We evaluated SRL methods based on their effectiveness in
capturing shape and location. To further assess the quality of
the learned representations, we tested them within a down-
stream GeoAI model. Details on the experimental setup,
hyperparameter sensitivity analysis, visualization results
and performance discussions are provided in the appendix.

Datasets

We used four datasets in our experiments: two with shape la-
bels to evaluate the model’s performance on shape represen-
tation, and two real-world datasets to assess generalization
in practical scenarios.
MNIST (Lecun et al. 1998): The original rasterized im-
ages are converted into polygon representations, and all digit
shapes are randomly placed within a unit space. It contains
60,000 polygons, labeled according to its digit class.
Building (Yan et al. 2021): This dataset contains 5,000
building footprints, each manually labeled based on its ge-
ometric shape, where includes 10 common categories, such
as E-shape, T-shape.
Singapore (Li et al. 2023): This real-world dataset from
OpenStreetMap includes 4,347 POIs, 45,634 roads and
109,877 buildings from the region of Singapore.
NYC (Li et al. 2023): Also sourced from OpenStreetMap,
this dataset covers New York City and includes 14,943 POIs,
139,512 roads, and 1,153,008 buildings.
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Building MNIST Singapore NYC
Pg-Pg↓ Pg-Pg↓ Pt-Pg↓ Pl-Pg↓ Pg-Pg↓ Pt-Pg↓ Pl-Pg↓ Pg-Pg↓

TILE 217.1±1.6 223.8±1.0 99.9±1.7 115.5±1.5 114.3±1.4 127.6±0.7 154.3±2.1 167.4±2.0
THEORY 7.3±4.3 34.2±1.0 24.3±0.9 25.0±0.4 25.0±1.1 26.2±1.1 26.6±0.5 27.4±0.7
Poly2Vec 13.1±1.0 21.0±0.4 15.9±0.6 19.9±1.7 22.0±0.6 28.7±1.4 28.5±0.4 52.7±0.8
Geo2Vec 6.4±0.9 13.0±0.8 5.4±0.5 5.0±0.1 5.5±0.4 10.2±0.1 13.0±0.9 12.9±0.6

Table 3. Overall model performance on distance estimation, evaluated by MAE. All values are scaled by ×10−3.

Singapore NYC
Pt-Pl↑ Pt-Pg↑ Pl-Pl↑ Pl-Pg↑ Pg-Pg↑ Pt-Pl↑ Pt-Pg↑ Pl-Pl↑ Pl-Pg↑ Pg-Pg↑

NUFTSPEC – – – – 60.2±0.9 – – – – 58.5±0.8
T2VEC – – 72.8±2.3 – – – – 80.7±12.1 – –
T-JEPA – – 75.4±1.8 – – – – 79.8±8.6 – –
DIRECT 82.3±1.3 84.3±0.5 73.3±0.7 36.8±1.0 35.7±1.8 84.6±1.1 90.9±1.8 74.5±0.8 49.5±0.9 44.6±2.3
TILE 79.0±2.1 70.0±1.0 50.5±0.5 45.9±1.3 41.1±1.3 65.9±1.3 78.3±0.7 50.2±0.9 49.4±3.8 40.5±0.5
WRAP 88.6±0.3 88.0±0.8 71.6±1.1 47.6±1.0 47.6±1.0 88.6±0.6 88.0±1.7 73.3±0.9 55.0±1.1 38.1±0.7
GRID 84.6±0.4 84.4±0.4 69.7±3.1 45.8±0.4 45.8±0.4 82.2±3.9 89.1±0.4 73.9±0.9 51.6±0.8 38.1±3.1
THEORY 89.2±0.3 90.0±0.5 71.9±0.8 45.0±1.0 45.0±1.0 89.7±0.8 90.9±0.8 73.4±0.8 59.1±0.6 45.5±4.1
Poly2Vec 95.5±0.7 94.9±0.2 81.2±1.0 50.9±0.8 70.2±0.6 95.3±0.3 98.0±0.2 83.0±0.4 64.1±6.2 68.4±0.8
Geo2Vec 98.5±0.3 96.1±0.2 96.4±0.5 61.2±0.4 75.6±0.4 98.7±0.4 99.1±0.3 98.9±0.3 67.5±0.8 70.0±0.4

Table 4. Model accuracy on Topological Relationship Classification. All values are scaled by ×10−2.

Baselines
Four types of baselines are included:
Point encoders: DIRECT (Chu et al. 2019), directly uti-
lizing coordinates; TILE (Berg et al. 2014), partitions the
whole area into tiles, and represents with tile embeddings;
WARP (Mac Aodha, Cole, and Perona 2019), uses a wrap-
ping mechanism to encode points; GRID (Mai et al. 2023a),
multi-scale positional encoding based on Transformer’s en-
coding; THEORY (Mai et al. 2020), encoding with unit vec-
tors separated by 120°.
Polyline encoders: T2VEC (Li et al. 2018), GRU-based
autoencoder to learn trajectory representations; T-JEPA (Li
et al. 2024), contrastive learning-based trajectory represen-
tation learning method.
Polygon encoders: NUFTSPEC (Mai et al. 2023a), encodes
polygons through Fourier transform; PolygonGNN (Yu et al.
2024a), polygon encoder that encodes polygons and multi-
polygons with GNN.
Unified encoder: Poly2Vec (Siampou et al. 2025), decom-
poses points, polylines, and polygons, and encodes them by
geometrically sampling from the Fourier spectral space.

Effectiveness of Shape Representation
We evaluate the effectiveness of our polygon shape repre-
sentation through two tasks: shape classification (Shape)
and predicting the number of edges (Edge), reporting ac-
curacy and Mean Absolute Error (MAE), respectively. As
depicted in Table ??, Geo2Vec significantly outperforms all
baselines. PolygonGNN, as a GNN-based method, shows
poor performance when modeling complex polygons from
the MNIST dataset. Moreover, the method relies on con-
trastive learning and is not able to learn general-purpose
polygon representations, limiting its applicability to regres-
sion tasks.

To evaluate the model’s performance on line entities, we
use the learned representations to infer the length of lines in
two real-world datasets. Results in Table ?? show the supe-
rior performance of Geo2Vec (almost 2× improvement over
the best baseline). RNN-based approaches like T2Vec and T-
JEPA primarily model relationships between individual ver-
tices, overlooking line segments and thereby limiting their
ability to represent line entities effectively.

Additionally, we observe that the embeddings learned by
Geo2Vec consistently exhibit the lowest standard deviation
across nearly all tasks, which holds throughout almost all
our experiments. This indicates that the learned embedding
space is well-structured and robust.

Effectiveness of Location Representation
To evaluate the effectiveness of location representations gen-
erated by different methods, we employ two basic spatial
reasoning tasks: distance estimation (Table ??) and topo-
logical relationship classification (Table ??). We report
MAE and accuracy for evaluation. To assess the unifor-
mity of the learned representations, we measure their perfor-
mance when inferring across different types of geo-entities.
For brevity, we denote Point as Pt, Polyline as Pl, and Poly-
gon as Pg in the following two tables.

Geo2Vec consistently outperforms all baselines across
various distance estimation scenarios. In particular, for
complex distance pairs such as polygon-to-polygon and
polygon-to-polyline, the performance improvement over the
SOTA methods is at least 54.3%.

For topological relationship classification, Pt-Pl, Pt-Pg,
and Pl-Pl are binary tasks, while Pl-Pg and Pg-Pg are mul-
ticlass. Details can be found in the Appendix. Geo2Vec out-
performs both specialized encoders and the unified encoder.
The most significant improvement is observed in Pl–Pl re-
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Land Use Classification
Singapore NYC

L1↓ KL↓ Cosine↑ L1↓ KL↓ Cosine↑
RegionDCL 0.498±0.038 0.294±0.047 0.879±0.021 0.418±0.012 0.229±0.013 0.912±0.006
RegionDCL w/ Poly2Vec 0.484±0.021 0.278±0.025 0.881±0.012 0.397±0.010 0.212±0.011 0.923±0.007
RegionDCL w/o Rotation 0.493±0.054 0.309±0.068 0.872±0.028 0.408±0.014 0.226±0.021 0.913±0.008
RegionDCL w/ Geo2Vec 0.475±0.053 0.287±0.058 0.884±0.025 0.390±0.013 0.208±0.017 0.928±0.007

Population Prediction
Singapore NYC

MAE↓ RMSE↓ R2 ↑ MAE↓ RMSE↓ R2 ↑
RegionDCL 5807.54±522.74 7942.74±779.44 0.427±0.108 5020.20±216.63 6960.51±282.35 0.575±0.039
RegionDCL w/ Poly2Vec 4957.58±506.02 6874.47±851.73 0.561±0.117 4602.75±179.66 6393.38±279.70 0.621±0.037
RegionDCL w/ Geo2Vec 4658.51±483.02 6515.26±795.91 0.585±0.156 4486.49±163.65 6189.85+280.05 0.625±0.055

Table 5. Comparison of spatial representation learning methods on Land Use Classification and Population Prediction tasks.

lationship inference, where Geo2Vec achieves at least an
18.7% increase in accuracy.

Effectiveness in GeoAI Model
We further evaluate representation effectiveness within ex-
isting GeoAI models. This experiment shows the practical
effectiveness and real-world potential of Geo2Vec.

Following the experimental setup of previous work
(Siampou et al. 2025), we adopt RegionDCL (Li et al.
2023) as our GeoAI pipeline model. RegionDCL is de-
signed to learn region-level representations based on the spa-
tial distribution and shape of buildings. The effectiveness of
the learned representations is evaluated through two down-
stream tasks: Land Use Classification and Population Pre-
diction. In the original setting, each building is rasterized
into an image, and its representation is extracted using a
Convolutional Neural Network. Since rasterization discards
location information, the model incorporates a distance-
biased Transformer to reintroduce spatial relationships. In
our experiment, we modify this pipeline by replacing it with
a standard Transformer network. Instead of using CNN-
extracted features, we directly input features obtained from
Geo2Vec and Poly2Vec.

In Table ??, RegionDCL w/o Rotation refers to the
Geo2Vec model without rotation-invariant positional en-
coding, while RegionDCL w/ Geo2Vec represents the full
Geo2Vec model. The representations generated by Geo2Vec
enable RegionDCL to produce the highest-quality region
embeddings. We attribute this improvement to the learning-
friendly shape information, and global location information
captured by Geo2Vec, which is absent in the raster repre-
sentation of buildings.1 The ablation experiment shows that
the rotation-invariant property preserved by our positional
encoding is beneficial for unsupervised downstream GeoAI
model like RegionDCL.

Efficiency Analysis
Previous experiments have showed that Geo2Vec achieves
superior embedding quality compared to existing methods

1See Appendix for an explanation of the limited improvement,
due to RegionDCL’s performance ceiling with this input type.

(a) Classification-Accuracy ↑ (b) Edge-MAE ↓

Figure 3: Comparison between number of sampled points
and models’ performance on the Building dataset.

under the same embedding dimensionality. We now compare
their performance in terms of the number of sample points
required. As shown in Figure 3, spectral methods such as
NUFTSPEC and Poly2Vec rely on sampling in the Fourier
domain, using 288 and 420 points, respectively. However,
benefiting from direct access to coordinate space and adap-
tive sampling, Geo2Vec requires significantly fewer sam-
ple points to achieve the same performance. Highlighting
the effectiveness of learning geo-entity representations di-
rectly from coordinate space rather than relying on less in-
terpretable spectral features.

Conclusion
In this paper, we proposed a unified spatial representation
learning method, which is generalizable to all types of geo-
entities, including multipolygons and polygons with holes.
The learned spatial representation shows superior perfor-
mance on tasks such as shape classification, distance esti-
mation, and topological relationship classification. Through
experiments with an existing GeoAI model, we further show
its practicality in real-world scenarios.

To the best of our knowledge, this is the first study to learn
geo-entity representations directly from coordinate space,
without relying on decomposition or Fourier transform tech-
niques. Our research reveals the possibility of using neural
networks to directly learn both the location and shape rep-
resentations of geo-entities, and serves as a promising step
toward the development of future representation methods for
geo-entities.
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