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Introduction

Vector spatial representation learning (VSRL) refers to transforming vector-based spatial
data into machine-readable representations for spatial models to understand geographical
space. As vector data are increasingly relied upon to model real-world environments (Mai
et al.,, 2024), the quality of VSRL fundamentally determines how effectively spatial
entities and spatial information are utilized in downstream tasks.

Compared to raster-based methods, VSRL directly models spatial entities in a resolution-
independent manner, preserving precise geometric structures. Therefore, despite the
success of many high-quality raster-based methods and data products (e.g., AlphaEarth
(Brown et al., 2025), SkySense (Guo et al., 2024)), VSRL remains indispensable for tasks
that require fine-grained spatial representation, such as road network modeling, parcel-
level land use analysis, and trajectory pattern recognition.

In terms of representation scale, VSRL can be categorized into entity-level, pairwise-
level, and scene-level (Figure 1). Existing methods have achieved strong performance at
the entity and pairwise levels (Siampou et al., 2024; Yu et al., 2024; Mai et al., 2023).
However, scene-level VSRL remains a key challenge, as it requires jointly modeling
multiple entities and their complex spatial relationships. In this study, we aim to develop
a unified scene-level VSRL framework applicable to all spatial entity types.

Literature review

Before VSRL was introduced, vector data were typically represented as raw sequences of
coordinates (Figure 1) (Li et al., 2018). Although such representations explicitly describe
the locations of vertices, they do not directly contain entity-level characteristics (e.g.,
shape and orientation) or spatial relationships (e.g., topology and orientation) among
entities.
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Figure 1: A taxonomy of VSRL across representation levels

Recent advances in VSRL have demonstrated promising progress in learning geometric
characteristics for single entities and modeling pairwise spatial relationships (Mai et al.,
2023; Siampou et al., 2024). However, two key challenges still remain for complex spatial
tasks.

First, several existing methods are designed for specific entity types (e.g., points,
polylines, or polygons). For example, point-based solutions focus on modeling spatial
locations and distributions (Qi et al., 2017), but lack the ability to capture geometric
structures; polyline-based solutions rely on sequence-based architectures such as RNNs
(Li et al., 2018), which are not easily transferable to other entity types. In the meantime,
limited attention has been paid to unified representation for all entity types. This
limitation restricts the adaptability of VSRL methods to diverse needs.

Second, existing methods are primarily focused on single or pairwise entities. For
example, the current state-of-the-art method, Geo2Vec (Chu & Shahabi, 2025), still
focuses on small-scale tasks such as shape classification. However, real-world
applications often focus on holistic spatial scenes and jointly analyze a large number of
entities, where inter-entity relationships are as important as the entities themselves.
Modeling such complex multi-entity interactions is computationally challenging and
consequently remains underexplored in existing VSRL research. Entity-level VSRL is
insufficient for capturing large-scale spatial patterns and supporting scene-level
representation tasks. This limitation highlights the need to move beyond entity-level
VSRL toward scene-level VSRL.

These limitations motivate the following research questions:
How can we move beyond entity-level VSRL toward scene-level VSRL?

How can we jointly model entities and relationships among entities within a unified
representation framework?



Methodology

In this study, we propose a graph-based method for scene-level VSRL that supports all
spatial entity types. In our method, the representation learning process is reformulated as
a graph construction process. In this graph, nodes correspond to spatial entities and edges
are created to describe the spatial relationships among entities. The overall framework
(Figure 2) can be divided into two stages: node representation and edge construction.
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Figure 2: Framework of the proposed scene-level VSRL method

Node representation Each entity is represented as a node in the graph. We adopt the
commonly used Geo2Vec to generate entity embeddings for initializing node attributes.
Geo2Vec is a neural representation method for entity-level VSRL, which directly
calculates both geometric and locational characteristics from the coordinate space and
encodes them into a generalizable embedding space. By leveraging signed distance fields
(Park et al., 2019) to convert discrete coordinates into continuous representations,
Geo2Vec enables stable and expressive geometry modeling.

Edge construction Edges are constructed based on spatial relationships between entities.
We consider three fundamental types of spatial relationships (Egenhofer & Franzosa,
1991; Cohn & Renz, 2008; Frank, 1991): topology, distance, and orientation, and design
three hierarchical edge construction strategies to accommodate different task
requirements:

Level 1 (Topological relations) Edges are created between entities that are in direct
contact, including intersection and adjacency. These edges capture strong and explicit
spatial relationships.

Level 2 (Proximity relations) Additional edges are introduced between entities that are
spatially close but not in direct contact. These edges enable the modeling of local
neighborhood structures and spatial patterns among nearby entities.

Level 3 (Directional refinement) Existing edges are further categorized based on
relative orientation, enriching the representation with directional information and
enabling more expressive spatial reasoning.



After graph construction, irregular spatial entity clusters are transformed into structured
graph representations. This allows vector-based spatial data to be seamlessly integrated
into downstream learning tasks using well-established graph-based techniques, such as
GNNs. Through message passing, entity representations are refined to capture both
entity-level characteristics and scene-level spatial patterns, enabling models to support
multi-scale spatial tasks. Furthermore, the graph formulation naturally supports
permutation invariance with respect to entity ordering, addressing a fundamental
challenge in multi-entity representation.

Results

We evaluate the proposed method across three real-world datasets (Figure 3), each
corresponding to one geo-entity type, in order to assess its effectiveness and
generalization ability.

Offshore Wind Turbine (OWT) (Wang et al., 2025) This dataset contains 6,590 OWTs
in China. The task is to classify wind farm layouts (e.g., linear layout, grid layout,
irregular layout). Level 1 edge construction strategy is used in this task.

Drainage Network (DN) (Lehner & Grill, 2013) This dataset contains 1,899 river basins
from Tibetan Plateau. The task is to classify basins as internal or external drainage
systems. Level 1 edge construction strategy is used in this task.

Local Climate Zone (LCZ) (Demuzere et al., 2021) This dataset includes 163,441
building footprints in New York City. The task is to classify urban blocks into categories
(e.g., open vs. compact zones). Level 2 edge construction strategy is used in this task.
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Figure 3: Examples of spatial patterns from three vector datasets; (a) OWT dataset; (b)
DN dataset; (c) LCZ dataset



Three commonly used GNN models, Sage (Hamilton et al., 2017), GAT (Velickovi¢ et
al., 2018), and HGT (Hu et al., 2020) are applied to process the learned representations.
For baseline, we average the initial embeddings of all entities, without inter-entity
message-passing. Accuracy (Acc), Balanced Accuracy (BAcc), and Fl-score (F1) are
used as evaluation metrics.

The results are shown in Table 1. Across all datasets, graph-based methods consistently
outperform the baseline, demonstrating the importance of modeling inter-entity
relationships. Among the models, Sage achieves the best performance, suggesting that
neighborhood aggregation is particularly effective for capturing spatial patterns.

In addition, to analyze the impact of different graph construction strategies, we conduct
an ablation experiment on the LCZ dataset, where three edge construction strategies are
evaluated sequentially. The results, shown in Table 2, reveal that incorporating
proximity-based edges (Level 2) significantly improves performance compared to using
only topological edges (Level 1), highlighting the importance of modeling local spatial
interactions. Adding directional information (Level 3) provides additional improvements
in some cases, indicating that orientation-aware relationships can further enhance
representation quality.

Dataset Model Acc BAcc F1
OWT Baseline 0.43 0.25 0.16
Sage 0.52 0.34 0.29
GAT 0.48 0.30 0.26
HGT 0.48 0.31 0.27
DN Baseline 0.83 0.54 0.55
Sage 0.87 0.65 0.61
GAT 0.86 0.64 0.60
HGT 0.87 0.65 0.60
LCZ Baseline 0.64 0.39 0.39
Sage 0.73 0.54 0.52
GAT 0.70 0.51 0.49
HGT 0.69 0.48 0.48

Table 1: Performance comparison of the proposed VSRL framework across different
datasets.

Model Acc/L1 Acc/L2 Acc/L3 F1/L1 F1/L2 F1/L3
Baseline 0.64 0.64 0.64 0.38 0.38 0.38
Sage 0.69 0.73 0.72 0.50 0.52 0.53
GAT 0.69 0.70 0.69 0.48 0.49 0.51
HGT 0.68 0.69 0.71 0.44 0.48 0.50

Table 2: Ablation study on different edge construction strategies.



Discussion and Conclusion

This study advances VSRL from entity-level to scene-level, where multiple spatial
entities can be jointly modeled within a unified framework. By explicitly incorporating
spatial relationships among entities, the proposed method enables spatial models to better
capture complex spatial patterns and provides a foundation for scene-level map
understanding.

To the best of our knowledge, this work is the first study to develop a scene-level VSRL
method that explicitly models multi-entity spatial relationships while simultaneously
supporting all spatial entity types.
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