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Urban region representation learning via dual spatial contrasts

Region representation learning emerges as a new research paradigm to encode
urban systems and facilitate geographic mapping. Recent studies have sought to
reasonably introduce inductive biases, which refer to prior assumptions that guide
model learning, from a geospatial perspective to improve the quality of region
representations. However, there remain challenges in incorporating the spatial
effects, e.g. spatial dependency and spatial heterogeneity, into inductive biases, as
they are critical to the geographic awareness of region representations. In response,
we developed a novel region representation learning framework, termed Region
Graph Spatial Contrastive Learning (RGSCL), by leveraging building footprints
and points of interest (POIs) along with prior spatial knowledge to derive region
representations. Specifically, RGSCL first constructed multi-view region graphs
with POls, building footprints, and their spatial proximity, to form a base
representation space. Next, the algorithm adopted a contrastive learning
mechanism with spatial effects to formulate a dual-spatial-contrast loss function to
optimise the representation space. The dual-spatial-contrasts captured POI-
building spatial dependency and the region’s spatial heterogeneity to compose
semantics in region representations. Experimental results demonstrated that
RGSCL improved performance in geographic mapping. This study offers new
insights into GeoAl from the perspective of inductive biases with respect to spatial

effects.
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1 Introduction

Representation learning aims to derive discriminative latent feature representations from
multimodal data and has driven recent advances in Al for Science across various fields,
such as GPT (OpenAl, 2023) and AlphaFold (Abramson et al., 2024). However, the
intrinsically multimodal and complex spatial characteristics of geospatial data (Chen et
al., 2025; Li et al., 2016) make it particularly difficult to transfer these successes to GeoAl,
which warrants greater research attention in spatial representation learning (Gao et al.,

2023; Mai et al., 2020). Urban regions are pivotal in sustaining geospatial dynamics and



functionality within urban systems, making them critical entities for spatial representation
learning. Region representation learning provides an efficient and reliable solution for
characterising regions by mapping comprehensive geographic information into compact
and meaningful representations, thereby offering deeper insights into the intricate
complexities of regional geographic information. Recently, region representation
learning has been increasingly emphasised and applied to effectively address various
geographic mapping tasks, such as urban functions, housing prices, traffic flow, and
population mapping (Huang et al. 2023; Liu et al. 2025; Zhang et al. 2023a).

Region representation learning involves deriving region-related geospatial
information from ubiquitous geospatial data to form meaningful representations. The
specific knowledge and meanings embedded in these representations during learning
directly influence their practical value in downstream applications, which depend on the
choice of inductive bias (a.k.a. learning bias). Inductive bias is crucial in representation
learning because it encourages the learning algorithm to prioritise solutions with certain
properties (Battaglia et al., 2018; Goyal & Bengio, 2022). Today, most advances have
benefited from diverse inductive biases, enabling models to learn region representations
and their corresponding meanings from multimodal geospatial data. Despite their success,
most of these studies rely on the intrinsic inductive biases of neural networks, for example,
the locality of CNNs and the sequentiality of RNNs, to learn spatial relations between
geospatial entities. These inductive biases, directly derived from the Al community,
overemphasise fitting statistical distributions while neglecting the crucial geospatial
distributions inherent in geospatial data. These studies have not sufficiently adapted
inductive biases to reasonably account for geospatial characteristics and problems,
resulting in region representations that lack geographic meaning and exhibit poor

generality due to their limited retained information. Such limitations further indicate that



region representation learning in the literature has yet to systematically establish a
theoretical framework aligned with geospatial properties.

In this context, region representation learning could fundamentally benefit from
the introduction of specialised inductive biases from a geospatial perspective. In fact,
spatial samples, different modalities, and their spatial distribution phenomena share
intrinsic connections and patterns; that is, they are influenced by spatial effects and
geographic laws (Goodchild 2004; Liu et al. 2023). Therefore, spatial effects can serve
as an effective inductive bias to guide models in learning geographically meaningful
solutions within an infinite representation space. To address this challenge, we developed
a novel region representation learning framework called Region Graph Spatial
Contrastive Learning (RGSCL), which integrates contrastive learning, spatial effects, and
graph theory to form effective geospatial inductive biases for informing region
representations. RGSCL leverages the semantic and morphological features of POIs and
building footprints and employs graph encoding to capture spatial proximity, thereby
shaping a base representation space. It further utilises a contrastive learning mechanism
to sculpt an informative and discriminative representation space by synergising spatial
heterogeneity and spatial dependence. Thus, RGSCL leverages the building footprint and
POI information with spatial effects to effectively derive task-agnostic, general-purpose
region representations, which can be further fine-tuned for various downstream
geographic mapping tasks.

The remainder of this paper is organised as follows: Section 2 reviews related
studies; Section 3 provides a detailed description of the RGSCL methodology; Section 4
outlines the experimental setup and presents the experimental results and analysis;
Section 5 discusses the limitations and potential of RGSCL; and Section 6 concludes the

study.



2 Related work

2.1 Encoder for region representation learning

The encoder serves to interpret and compress the input geospatial data, embedding
region-related geospatial information into latent representations. Diverse encoder
architectures with distinct inductive biases have inspired numerous studies aiming to
capture the spatial effects corresponding to these biases, thereby informing region
representation learning.

Earlier advances benefited from sequential models, whose inductive bias of
sequentiality enabled the learning of sequentially structured spatial relations for region
representation learning. The spatial relationships among geospatial entities were
transformed into spatial sequences using specific spatial sampling strategies. Models such
as Word2Vec (Qin et al., 2022a, 2022b; Yao et al., 2017), Doc2Vec (Niu & Silva, 2021),
and Place2Vec (Yan et al., 2017) leverage the co-occurrence of geospatial entities within
these sequences to capture spatial co-locations for region representation learning.
However, sequential models are inherently limited by their reliance on spatial sequences,
which are insufficient for modelling the complexity of real spatial relations for region
representations.

Recently, graph neural networks (GNNs) have emerged as promising encoders for
region representation learning. Prior to graph learning, the spatial relations among
geospatial entities were appropriately transformed into spatial graphs. The message-
passing mechanism was then employed to capture spatial proximity on a Delaunay
Triangulation (DT) graph (Huang et al., 2023; Kong et al., 2024; Xu et al., 2022; Yan et
al., 2019), road graph (Huang et al., 2025), and k-nearest neighbour (KNN) graph (Zhang
et al., 2024c). The relatively arbitrary inductive bias of GNNs (Battaglia et al., 2018)

provides information on region representations with complex geospatial relations beyond



Euclidean proximity, such as multiview spatial relations based on POI semantic distance,
spatial distance, and mobility (Zhang et al., 2023c), dynamically adjusted traffic flow
relations (Zhang et al., 2024a), and heterogeneous spatial-interaction relations between
POIs (Qin et al., 2025). Despite their effectiveness in embedding spatial relations,
transforming implicit geospatial relations into explicit graph structures remains
challenging.

Some studies have explored leveraging of the representational capabilities of
pretrained large-language models (LLMs). One common method is to interpret regional
geospatial semantics from the perspective of natural language, for example, by generating
embeddings for POIs (Zhang et al., 2023a, 2021) or textual descriptions of regions from
street-view images (Huang et al., 2024) and aerial images (Yan et al., 2024). Another
method involves empowering LLMs through instruction-tuning using geospatial data (Li
et al., 2024b). However, LLMs for region representation inevitably suffer from
covariance shifts and lack spatial effect inductive biases, limiting their capability to

capture nuanced geospatial semantics.

2.2 Learning paradigm for region representation learning

Learning paradigms determine the training process and optimisation strategies for
encoders in region representation learning. Supervised learning is a common paradigm
that directly leverages task-related supervision signals to efficiently extract task-specific
regional features, forming dedicated representation spaces tailored for particular
geographic mapping tasks such as traffic-condition mapping (Zhang et al., 2024d).
However, it overlooks task-agnostic spatial effects, as it overemphasises fitting specific
downstream tasks. As a result, the learned region representation space is limited in its
effectiveness for specific narrow downstream tasks. Furthermore, the sparsity of

geospatial data labels (Chen et al., 2025) hinders achieving meaningful effects on scaling



laws (Bahri et al., 2024).

In contrast, self-supervised learning (Gui et al., 2024; Liu et al., 2023a) is a
promising paradigm that enhances the generality of region representations derived from
vast amounts of unlabelled geospatial data (Chen et al., 2020, 2025; Radford et al., 2021).
One such approach is predictive learning such as context prediction (Qin et al., 2022a,
2022b; Yao et al, 2017), which enhances the spatial understanding of region
representations from an NLP perspective. However, these methods remain inadequate for
exploring spatial effects, which are important for urban representation. Recently, another
paradigm—contrastive learning—has shed light on region—representation learning.
Pulling positive samples closer and pushing negative samples away, it offers an effective
solution for shaping region representations. Some studies have leveraged multimodal
contrasts within regions to learn more informative representations, for example,
contrasting remote sensing images and POIs (Bai et al., 2023; Xi et al., 2022), LLM-
based text and remote sensing images (Yan et al., 2024), and text-location pairs from
POIs (Wang et al., 2024). Additionally, a stronger inductive bias tied to spatial effects
has been introduced into region representations to convey a more generic geospatial
information. Li et al. (2023) compared regions and their adjacent regions to capture
spatial proximity on a regional scale. Huang et al. (2023) captured hierarchical spatial
relations under the spatial-scale effect by contrasting the POI-region-city hierarchy. Zhou
et al. (2024) integrated the First and Third Laws of Geography as model inductive bias to
define a contrast strategy and enhance spatial effect awareness.

Previous studies have explored region representation learning from the
perspectives of encoder design and learning paradigms; however, two main challenges
remain. First, inductive biases are often inherited from general-purpose Al models to

accommodate geospatial properties only roughly, rather than being deliberately designed



from spatial effects to guide representation learning. The second challenge is an over-
reliance on spatial proximity, which overlooks spatial heterogeneity. As emphasised by
Goodchild (2004), spatial heterogeneity represents a more fundamental geographic
principle than the First Law of Geography, serving as the primary motivation for this

study.

3 Methodology

3.1 Overview

This study introduces the RGSCL framework, built upon theories of contrastive learning,
geographic laws, and graph theory, which enables effective self-supervised region
representation learning. Fig. 1 shows an overview of the RGSCL framework, which
consists of three components: (1) Multiview region graph encoding—region graphs are
defined based on the features and adjacency relations of POIs and building footprints.
Graph encoding is then employed to capture the spatial proximity to derive a base region
representation space; (2) Dual spatial contrastive learning—it utilises contrastive learning
mechanisms to synergise spatial dependence and spatial heterogeneity to further sculpt
the region representation space; and (3) Fine-tuning geographic mapping—the learned
region representations are adapted to various geographic mapping tasks using few-shot

learning.



Multi-view region graph encoding (Sec 3.2)

Finetuning for geographic mapping (Sec 3.4)
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Figure 1. Framework overview.

3.2 Encoding multi-view region graph with capturing spatial proximity

3.2.1 Constructing multi-view region graph

Building footprints and POIs provide complementary regional geographic information
and their spatial proximity underpins spatial autocorrelation under the First Law of
Geography, which is crucial for shaping region representations. In view of this, we
preserve their respective spatial proximity through graph adjacency, and propose a multi-
view region graph G™ = (V™ E™, XM, A™), m € {p, b} denotes the region graph in

Nm
U

POI- and building-view, where V™ denotes vertexes, E™ C V™ x P
denotes the edges, NJ* denotes the number of vertices. X™ € RVG *Fm and A™ €

{O,l}Ngl NG denotes the node feature matrix and adjacency matrix, respectively, where



x* € RFm is the feature vector of v and Af} = 1iff (v, v*) € E™, F,, denotes the
feature dimension corresponding to the view. The construction of the multi-view region

graph is illustrated in Fig. 2.
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Figure 2. Construction of the multi-view region graph.

As shown in Fig. 2, the nodes in the region graph are defined by individual
building footprints and POIs. To initialise the features of the footprints, several
morphological indices are used to represent the two-dimensional morphological
characteristics of buildings, including area, perimeter, radius, orientation, compactness,
fractality, concavity, and elongation. These features are normalised using Z-score
normalisation. More details on the morphological indices can be found in Appendix Al
and Yan et al. (2019). The initial features of the POIs are defined using one-hot vectors
based on the POI type.

The edges in the region graph are defined based on the spatial proximity between
the building footprints and POIs within the region. We employ the DT algorithm (Yan et
al., 2019) to transform the respective spatial proximities into adjacency matrix A™. In a
DT-based region graph, the nodes are connected to their spatially adjacent counterparts
as much as possible, thus establishing valuable spatial proximity within the region graph.

This enables the model to capture spatial proximity during the graph-encoding process.



To effectively derive region-level representations from node-level representations
on a graph, similar to the special tokens adopted in language models such as Doc2Vec
and BERT (Devlin et al. 2018; Le and Mikolov 2014) to obtain document- or sentence-
level representations, we introduced a dummy node v,* for each region to represent
region-level information. This facilitates the learning of the graph structure and mitigates
the oversmoothing problem during graph readout (Liu et al. 2022). In order to stabilise
model training and ensure that each view learns its own information, separate dummy

nodes are assigned to the region graphs of the two views, rather than using a single

. N, . .
dummy node to connect both, i.e., VJ* = {vr"l‘} rl C V™. Each region dummy node is

i=
connected to all buildings and POI nodes within the region, allowing for adaptive
aggregation of node information during training to update the entire region representation.

In addition, each node benefits from the global information conveyed by the dummy

node.

3.2.2 Encoding multi-view region graph

To facilitate the encoding of both node information and graph structure (spatial proximity)
in multi-view region graphs, we adopt a graph attention network (GAT) model
(Velickovi¢ et al. 2018) as the base graph encoder for the region embedding network.
GAT offers a plausible solution for capturing heterogeneous spatial interactions between
geospatial entities, that is, attention-based message passing among geographic nodes. We
consider a dedicated encoder for each view, denoted as ¢pI%.: Rfm — RF | where m €
{p, b}, to more effectively learn the information within each view. Prior to feeding the
multi-view region graph into the encoder, an affine transformation followed by batch
normalisation (BN) (Ioffe and Szegedy 2015) is applied to project the multi-view features

into a latent space with consistent dimensions.



x™ = BN(Wx[* + b') (1)

where W/ € RFm*F s weight matrix and b’ is bias vector. Subsequently, the
encoding process for spatial proximity is designed as a one-layer GAT with a residual

connection and batch normalisation and is formally defined as
Penc (™) = BN(GAT(x;™) + x;™) (2)

where the GAT adopts a multi-head attention mechanism to capture the spatial
interactions between geospatial entities from different perspectives and is defined as

follows:

K
1
my _ k 7
GAT(x/™) = o5 EE Z pEWgx™ (3)
k=1 jeC;
where oy is a ReLU nonlinearity, C; is a spatial context set (i.e., 1-hop adjacent

nodes, including i) of node i in the graph, K denotes the number of heads for multi-head

mechanism, (pll‘j denotes the attention from k-th head, and ¢;; is defined as follows:

01 = 0 (da(a” W™ 1 Wox™)) @

where 0, is a softmax to normalise attention weights, o, is a LeakyReLU

RFXF s a shared linear

nonlinearity, a € R?*f is a weight vector for ¢ , W, €
transformation that applies to all nodes, -1 represents transposition, and || is feature-wise
concatenation operation.

We encode the spatial proximity of both views using the graph encoder, diffusing

node features through the graph adjacency and aggregating them to update the node

features: H™ = @enc(X™). This yields multi-view region graph features that are then



embedded into a unified representation space. We further employ an additive attention-
based fusion module (Bahdanau et al. 2015; Xi et al. 2022) ¢gse: R X RF - RF for poi-
building joint feature encoding, zipping complementary regional features to generate
region embeddings H. Intuitively, it learns and assigns weights to the features of both
views according to their importance and relevance to the regions. Specifically, given h?
(building-view region representation) and h? (POI-view region representation) from the
same region, we can adaptively fuse the two vectors using an attention mechanism,
resulting in a more comprehensive joint-view region representation that captures essential

multi-view characteristics.

he= > pTRE (5)
me{p,b}
a™ = W30, (WTh" + b%) (6)
gm = exp(a™) @
Zme{p,b} exp(am)

where a,, is Tanh nonlinearity, W$ and W% are weight matrices, and b* is bias

vector.
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Figure 3. Multi-view joint feature encoding with region embedding network.

3.3 Model training with capturing spatial dependency and spatial heterogeneity

After defining the forward propagation of the RGSCL, an effective optimisation objective
is required to guide backpropagation. The spatial distributions of building footprints and
POIs emerge under the influence of various spatial effects, which can serve as a guiding
principle for defining a geographically meaningful optimisation direction for RGSCL.
Accordingly, we designed a dual spatial contrastive learning objective aligned with the
contrastive learning paradigm to jointly capture spatial dependency and spatial

heterogeneity.

3.3.1 Capturing POI-building spatial dependency via intra-region spatial contrast

POI semantics and building morphology have strong intrinsic connections, with features
from both views typically spatially interdependent. For instance, factory-related POlIs are
generally associated with flat building footprints. Therefore, the natural correlation
between POIs and building footprints serves as an effective proxy for spatial dependency.
Inspired by the fact that multiview graph contrastive learning enhances representation
quality by maximising mutual information (MI) across different graph views (Hassani
and Khasahmadi 2020; Zhou et al. 2024), we employed intra-region spatial contrastive
learning to capture the spatial dependency between views by maximising the MI of the
region graph of different views within the same region, forming unified region
representations that align the building morphology and POI semantics.

For negative sampling of the intra-region spatial contrast, given the region
representation of one view for region 7;, the node representations from the other view are
paired with it to calculate the contrastive loss. Pairs belonging to the same region are

treated as positive samples, whereas pairs from different regions were treated as negative



samples; that is, (vj, vrl.) for positive samples and (17]-, vrl.) for negative samples, where
v denotes positive samples and ¥ denotes negative samples. To better achieve alignment
and uniformity (Wang and Isola 2020) to benefit the representation space, we consider
the two individual views (i.e. poi- and building-views) as the two contrasting aspects of
a sample pair, that is, (vjp, v}.’i), (ﬁjp,vrbi) and (v}’,vfi), (ﬁj-b, vfi). Following this, we
implemented a cross-contrast strategy to align intra-region geographic information across
the two views. The intra-region spatial contrast is defined by maximising the MI between
region representations (global regional information) from one view and node
representations (local regional information) from the other when they are spatially
consistent at the regional scale, while minimising the MI between region representations
from one view and node representations from the other when they are spatially
inconsistent.

Since projection head is conducive to representation learning during calculation

of contrastive loss (Xue et al. 2024), we adopt a two-layer feed-forward neural network

Dproj: RF — RF as the projection head to map the multi-view region embeddings into

another latent space to further calculate contrastive loss: 2} = groj (r?), zP =

¢° -(hb) where @proi(R) = W9 a,(WJh + b9), where g, is a ELU nonlinearity, W9
proj\™* J» proj — W2Y%\"1 ’ g Ys

is weight matrix, and b9 is bias vector. Subsequently, the intra-region spatial contrastive

loss 1s formally expressed as a cross-contrast as follows:

Lintra = Lpoi + Lbuilding (8)
Lpoi = _]E(vb,vf)NM [log Dintra(zbfzg)] - E(ﬁb,vf)~]\/[ [log (1 - Dintra(zb'zg))] (9)

Lbuilding = _]E(vp,vp),v]v[ [log Dintra(zpfz}z)] - ]E(fjb,ug)’v]v[ [log (1 - Dintra(zp'ZB))] (10)



where M = VP x V°, z and Z denote the positive and negative samples to anchor
z,, respectively. Specifically, z and z, are the embeddings of a node and dummy node
located in the same region, respectively, and Z is the embedding of a node located outside
this region. Discriminator D: RF x RF — R is employed as a proxy for maximising the
MI and is calculated by a bilinear scoring function (Ishmael et al., 2018), i.e., D(u,v) =
op(UTWpv), where op is a sigmoid nonlinearity and Wy, is a learnable scoring matrix.

Lintra €ncourages the model to pull closer the region representations of the POI
and building-views that are spatially consistent at the regional scale (positive sample
pairs), while pushing away the representations of the two views that are spatially
inconsistent (negative sample pairs). By capturing the POI-building spatial dependency,
the consistency of multi-view information in region representations is enhanced,

facilitating more informative region representations.

3.3.2 Capturing spatial heterogeneity at regional scale via inter-region spatial

contrast

Spatial heterogeneity emphasises the uneven distribution of geographic information,
which is crucial for preserving the uniqueness of regional semantics in representations.
To this end, we employ inter-region spatial contrast to capture spatial heterogeneity. For
negative sampling, representations from other regions serve as negative samples to
highlight the differences between regions. To understand the uniqueness of each region,
we apply data augmentation to the region representations as positive samples. The inter-
region spatial contrast is defined by maximising the MI between the region representation
and its augmentations, while minimising the MI between representations from different
regions.

Augmentations generated by appropriate data-augmentation strategies maintain

similar representations, thereby enhancing the robustness of region representations



against variations and noise. Inspired by Shen et al. (2023), we employ a learnable
adaptive graph augmentation module ¢, : RF - RF to introduce subtle perturbations in
node relations (edges) to simulate data noise without altering the essential characteristics
of the samples, thereby creating adaptive graph augmentations (i.e., positives). We opt

for a one-layer GAT to replace the original graph encoder in defining ¢,,s, generating

multi-view augmented features H™, which are further processed through the feature
fusion module ¢g,ce to obtain the augmented region feature H . Subsequently, a

projection head is utilised before calculating the contrastive loss, i.e., z; = d)gro]- (h;). The

interregion spatial contrastive loss is defined as follows:

Linter = _E(r,f)~R[logDinter(z Z) + lOg(l - Dinter(z' Z))] (11)

where Z and Z are the positive and negative samples used to anchor z.

Linter €ncourages the model to pull closer region representations and their
augmentations (positives) into the latent space, thereby enhancing the robustness.
Meanwhile, it pushes away representations from different regions, leading to the capture
of spatial heterogeneity on a regional scale. The push-pull process fosters more

discriminative and robust region representation.

3.3.3 Joint optimization via dual spatial contrasts

Our RGSCL aims to obtain low-dimensional, high-quality, generic region embeddings
by pretraining the model with the two spatially constrained learning objectives described
above. To harmonise intra- and inter-region contrasts to form dual spatial contrasts, the
network is guided to synergise spatial dependency and spatial heterogeneity to shape
region representations. The joint optimisation objective (loss function) for RGSCL was

derived by combining the proposed dual spatial contrast losses with an £, regularization



loss to prevent the model from overfitting on either of the two objectives. This can be

formalised as follows:
L(j) = ALintra T (1 - A)Linter + /1”0”2 (12)

where A is the weight parameter to balance the intra- and inter-region spatial
contrastive losses, ® denotes all the learnable parameters of RGSCL for £, regularisation
with the strength of p.

Fig. 4 illustrates the dual spatial contrast process of RGSCL. On the one hand,
Lintra captures POI-building spatial dependency, aligning multi-view regional semantics,
and enhancing the consistency of geographic information in region representations,
resulting in more informative representations. On the other hand, £;,., stimulates the
model to understand spatial heterogeneity at a regional scale, resulting in more
discriminative representations. Finally, the model learns prior spatial knowledge (i.e.
spatial dependency and spatial heterogeneity) via the joint optimisation of dual spatial
contrasts, informing the region representation with more high-level and generic features.
All the learnable parameters are optimised by Ly using stochastic gradient descend

method. The RGSCL optimisation process is illustrated in Algorithm 1.
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Figure 4. Illustration of dual spatial contrasts. Note that intra-region spatial contrast

Lintra shown here represents only Lp,o; from the cross-contrast strategy while the other

component Lyyijging 18 inverse in form to L.

_Algorithm 1 Learning process of RGSCL
Input: Multi-view region graph GP, G®
learning rate 1
training epochs E
Output: Region embeddings H
Initialize model parameters in each module;
Initialize POI embeddings XP using one-hot;

Initialize Building embeddings X® via feature engineering;
Construct POI-view Graph GP, building-view Graph GP;
fore <« 1to E do
Conduct graph encoder ¢}, on XP to get POI-view embeddings HP;
Conduct graph encoder ¢2,. on X® to get building-view embeddings H®;
Conduct attention-based fusion module ¢y to get region embeddings H;
Conduct adaptive augmentation module ¢, to get augmented region embeddings H;

o 0 NN AW N -

[y
>

Apply projection head ¢§roj on HP to get ZP;

Apply projection head ¢gr0]- on HP to get ZP;

—
N =

Apply projection head ¢J,,; on H and H to get Z and Z;

—
(%)

Conduct intra-region contrastive learning following Eq. 8 to capture spatial dependency;
Conduct inter-region contrastive learning following Eq. 11 to capture spatial heterogeneity;
Calculate the dual spatial contrastive loss of RGSCL following Eq. 12;

for each parameter 6 € © do

—
N SN A
S5
~
S

18 end
19 end
20 return all parameters ©

3.4 Finetuning for geographic mapping tasks

The RGSCL infuses region representations with prior spatial knowledge via dual spatial
contrasts, and its training process does not rely on supervised signals from any particular
downstream task. Consequently, RGSCL learns generic region representations that are
applicable to various downstream tasks. Following a pretraining-finetuning paradigm
called adapter-based delta-tuning (Ding et al. 2023), we freeze the pretrained RGSCL
parameters and append an additional multilayer perceptron (MLP) 1: RF — RF " as atask
head to adapt to specific geographic mapping tasks. Supervision signals from the

downstream tasks were used for fine-tuning and performance evaluation.
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Figure 5. Fine-tuning flow of RGSCL for geographic-mapping tasks.
We evaluated the effectiveness of RGSCL by applying it to several representative

geographic-mapping tasks, including urban function mapping, housing price mapping,
and region popularity mapping (Huang et al., 2023; Zhang et al., 2023b, 2024b). The
problem of urban function mapping is a multi-class classification task, in which each
urban region is assigned to the correct land-use category based on region embeddings.
Housing price mapping and region popularity mapping were formulated as regression

problems in which continuous values were predicted for each region.

4 Results
4.1 Experimental setups

4.1.1 Study area and data

We conducted experiments in Beijing, China, to validate the effectiveness of the RGSCL.
Five datasets were used in the study. POI and building-footprint data served as inputs to
the RGSCL, whereas three other datasets were used as the ground truth for the
corresponding geographic mapping tasks. After data preprocessing, 2,301 regions were
retained, resulting in POI-view graphs with 157,232 nodes and 1,145,332 edges, and
building-view graphs with 302,636 nodes and 2,336,228 edges. Spatial processing and
geographic mapping were performed using the CGCS2000 Projected Coordinate System

(EPSG: 4548).



e POIL: 240 K POIs were collected from Amap (ak.a. Gaode Map,
https://ditu.amap.com/), including 100 second-level type labels and location
information. Duplicate POIs and POIs with missing attributes were excluded.

e Building footprint: 300 K building footprints, including 2D shape and location
information, were sourced from OSM (https://www.openstreetmap.org/).
Buildings with areas smaller than 20 m? were excluded to reduce noise.

e Essential Urban Land Use Categories (EULUC) (Gong et al. 2020): The EULUC
is a dataset of urban land use in China. Approximately 2.5 K regions were
obtained and categorised into two hierarchical label levels. The spatial unit from
the EULUC served as the regional unit in this study, with first-level labels
(residential, commercial, industrial, transportation, public management, and
service) used as the ground truth for urban function mapping. Regions with fewer
than ten POIs or building footprints were excluded because of data sparsity.

e Housing price: 150 K housing price data points were collected from Lianjia
(https://lianjia.com/). The price data for each region were averaged to serve as the
ground truth for the housing-price mapping.

e Check-ins: 1M geotagged check-in records were gathered from Weibo
(https://weibo.com/). Referring to (Li et al. 2024; Zhang et al. 2023b), the check-
in data were aggregated within each region and used as the ground truth for region

popularity mapping.

4.1.2 Parameter settings

For the pre-training stage, we instantiated an RGSCL model with tuned hyperparameters
(cf. Section 3.3 for details of hyperparameter tuning). We adopted a stochastic gradient

descent (SGD) optimiser with a learning rate of 2x107, and set the training epoch to 200



without early stopping. The RGSCL was trained in minibatch mode with a batch size of
32. The gradient clipping technique and linear learning rate warm-up techniques were
utilised to accelerate model convergence. For the fine-tuning stage, the data were
randomly split into training, validation, and test sets at a ratio of 6:2:2 for model training
and evaluation. The task head was trained in the minibatch mode with a batch size of 32
for 200 epochs. All geographic mapping experiments were repeated ten times with
unfixed random seeds for reliability. For the baseline settings, we set the dimension of
representation to be the same as that of RGSCL. All experiments were conducted on a
server equipped with a single NVIDIA GeForce RTX 4090 GPU and 10 Xeon Platinum

8352V CPUs.

4.1.3 Baseline models

We selected several well-accepted region representation learning models as baselines for
comparison with the RGSCL, each of which considers spatial effects. Unlike the joint
learning conducted by RGSCL, GNN-based models (i.e. GCN and GAT) learn
representations for POI, building views separately before fusion, and use a node
prediction task for pretraining. All baselines employed the same architecture for the task

head to ensure a consistent evaluation.

e GCN (Xu et al., 2022): This is a representative GNN architecture that performs
convolution-based message passing on adjacent POIs and captures the spatial
proximity between POIs. It utilises mean pooling to obtain region embeddings
from node embeddings.

e GAT (Qin et al., 2025): Performs attention-based message passing to capture the
spatial proximity among POIs under heterogeneous spatial interactions. It utilises

mean pooling to obtain region embeddings from node embeddings.



e Doc2Vec (Niu and Silva 2021): Learns region embeddings by leveraging the
spatial proximity between POIs and roads, with region embeddings obtained
through synchronous training of region tokens and POI tokens.

e Place2Vec (Yan etal. 2017): This method learns POI embeddings from the spatial
co-location of POI categories and subsequently aggregates POI embeddings via
mean pooling to derive the region embeddings.

e RegionDCL (Li et al., 2023): This method learns region embeddings by
contrasting spatially adjacent regions, thereby capturing the spatial proximity

between regions.

4.1.4 Evaluation metrics

We adopted the evaluation metrics used in previous studies to assess the performance of
the RGSCL in the three geographic mapping tasks. We formulated the functional zoning
task as a classification problem and adopted the following evaluation metrics: Overall
accuracy (OA) 1, Cohen’s kappa (Kappa) 7, Macro-averaged F1 score (MacFl1) 1.
Housing price mapping and region popularity mapping were formulated as regression
tasks, and the following evaluation metrics were adopted: Mean absolute error (MAE) |,
Root mean squared error (RMSE) |, Coefficient of determination (R?) 1. | and 1 denote
the lower and higher values indicate better performance, respectively. Refer to Appendix

A2 for detailed calculations of these metrics.

4.2 Performance

4.2.1 Comparison with baselines

The evaluation results (i = o) of the geographic mapping performance of RGSCL and the

baselines are listed in Table 1 and shown in Figure 6. We observed that the mapping



errors across all models did not exhibit spatial bias. Word2Vec-based models (i.e.
Doc2Vec and Place2Vec) performed worse than the GNN-based models (i.e. RGSCL,
GCN, and GAT). On the one hand, the input structure of Word2Vec-based models (i.e.
sequential structure) is less capable of describing the complex spatial relations between
geospatial entities than GNN-based models (i.e. graph structure), leading to a loss of
spatial information in region representations. However, the message-passing mechanism
of the GNNs appears to be more effective in capturing the spatial proximity between
geospatial entities than the skip-gram used in Word2Vec-based models. Among the
Word2Vec-based models, Doc2Vec performed worse than Place2Vec, indicating that the
spatial proximity between POIs in Place2Vec conveyed more effective regional
information than the proximity between POIls and roads in Doc2Vec. For GNN-based
models, GAT outperformed GCN because the attention-based message-passing
mechanism was better at learning heterogeneous spatial interactions. Compared with
these models, both RGSCL and RegionDCL achieved better performance because spatial
contrastive learning provided models with a stronger inductive bias. RegionDCL
performed slightly better than RGSCL in the housing price task. This suggests that the
spatial contrast for spatial proximity designed in RegionDCL may be more effective in
modelling housing price patterns with strong spatial continuity than RGSCL, which
learns spatial proximity through graph encoding. As expected, RGSCL outperformed
RegionDCL in the other two tasks. A plausible explanation is that the RGSCL captures
spatial heterogeneity, thereby enhancing its generality in geographic mapping tasks. This
aligns with Goodchild’s (2004) observation that spatial heterogeneity is a more
fundamental geographic principle than the First Law of Geography. Although RGSCL,
RegionDCL, and other GNN-based models capture spatial proximity, the improved

performance of RGSCL reflects spatial dependency, and spatial heterogeneity knowledge



provides region representations with high-level features, boosting the task-agnostic
generality of RGSCL. Therefore, we conducted a more complex experiment. The results
are summarised in Table 2. For RegionDCL, the reported computational time excludes
the training time for the initial building features, as the training is performed separately
from the main network. RGSCL required less computational time than RegionDCL,
demonstrating its efficiency advantage. Compared with other models, RGSCL sacrifices
only a small and fully acceptable amount of computational time to achieve improved

mapping performance, which represents a worthwhile trade-off.



Table 1. Performance of geographic mapping. The units of MAE and RMSE for housing price are CNY/m?.

Urban Function Housing Price Region Popularity

Model OA1 Kappat MacF11 MAE] RMSE] R?*t MAE] RMSE] R?*t

RGSCL 0.7412+0.0075 0.5432+0.0092 0.6474+0.0085 12604.23+135.52 16994.20+240.34 0.433+0.014 213.02+9.50 341.63+37.46 0.392+0.016
GCN 0.6992+0.0096 0.5071+0.0113 0.5988+0.0104 14337.16+142.34 18242.59+251.21 0.317+0.018 241.74+9.12 362.92+34.21 0.326+0.014
GAT 0.7054+0.0080 0.5150+0.0095 0.6042+0.0087 13933.26+138.77 18021.14+245.89 0.343+0.016 244.36+9.31 371.35+37.13 0.314+0.015
Doc2Vec 0.6602+0.0114 0.4662+0.0137 0.5679+0.0128 16638.94+146.45 20124.64+312.56 0.129+0.020 272.59+10.42 401.10+40.12 0.132+0.022
Place2Vec 0.6683+0.0114 0.4724+40.0131 0.5745+0.0124 16149.42+133.82 19564.23+234.11 0.186+0.015 260.62+9.87 394.21+38.09 0.151+0.017
RegionDCL 0.7321+0.0071 0.5232+0.0083 0.6217+0.0077 12553.56+121.33 16925.22+229.78 0.430+0.011 226.93+8.64 346.86+33.86 0.374+0.012
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Figure 6. Spatial distribution of mapping performance.



Table 2. Computational time of model training.

Model RGSCL GCN GAT Doc2Vec Place2Vec RegionDCL
Trotal (5) 5,443.76 1273.60 2045.83 750.45 560.12 9,118.74
Tepoch (3) 27.22 6.37 10.23 3.75 2.80 45.59

4.2.2 Representation space study

Alignment and uniformity are the two key properties of learned representations (Wang
and Isola 2020). Alignment emphasises the closeness of embeddings of positive pairs,
whereas uniformity emphasises the even distribution of embeddings on the unit
hypersphere §¥~1. Thus, we can evaluate the quality of the RGSCL representations from
this perspective. To empirically verify this, we normalised the learned region
representations to lie on unit hypersphere S* to empirically verify this. Specifically, the
more evenly the representations are distributed, the more uniform they are, and the
smaller the £, distance between the POI-view and building view region representations
before feature fusion, the more aligned they are. Because Doc2Vec and Place2Vec only
involve POI information and cannot evaluate alignment, they were excluded from this
study.

Figure 7 presents the results for uniformity (first and second rows) and alignment
(third row). The first row shows the region embedding distributions with Gaussian kernel
density estimation (KDE) on S*. The second row shows the distributions with KDE on
angles, i.e., arctan2(y, x) for each region embedding point (x,y) € S. The third row
shows the ¢, distances between the POI and building-view region representations. We
observed that the region embeddings learned by the RGSCL were more evenly distributed
on §1 and exhibited lower POI and building-view pair distances. These results are
consistent with our expectations, demonstrating that dual spatial contrasts enhance both
the uniformity and alignment of region representations, thereby improving their

informativeness and discriminativeness.
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Figure 7. Region representations on §1.

4.3 Parameter sensitivity study

We conducted a sensitivity analysis on three key hyperparameters of RGSCL, i.e., the

number of attention heads in the encoder (h), the dimension of the region embeddings

(d), and the loss function weight factor (4). h describes the multiple spatial interaction

relations between geospatial entities, d refers to the dimension used to represent regions,

and A balances the contributions of inter- and intra-region spatial effects to the model.

We tune hin {1, 2, 4, 8}, d in {16, 32, 64, 128, 256}, and A in {0.1, 0.3, 0.5, 0.7, 0.9}.

The results are shown in Fig. 8.
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We observed that the marginal performance gains of d decreased as the
dimensions increased, peaking at 128. This result is intuitive because a large dimension
of the representation space leads to sparse information, whereas a small dimension fails
to describe complete geographic information. Regarding h, the optimal performance was
achieved when h = 4. This may be because too few attention heads struggle to express
the actual heterogeneous spatial interactions among geospatial entities, whereas too many
heads may capture similar or redundant spatial interactions. Regarding A, values between
0.5 and 0.7 yield better performance, likely because the gradient magnitudes of the losses
for the two spatial effects are similar, reducing the need for subtle adjustments to prevent
gradient domination issue. Finally, we find that the best performance is achieved with the
hyperparameter combination of {h = 4,d = 128,41 = 0.7}. The experimental results

indicate that RGSCL is not sensitive to the tested hyperparameters.

4.4 Ablation study

Ablation experiments were conducted on each key component of the RGSCL to validate

its effectiveness. The following RGSCL variants were used:

(a) RGSCL w/o intra: It drops intra-region spatial contrast, i.e., remove Linr, from
Lg.

(b) RGSCL w/o inter: It drops inter-region spatial contrast, i.e., remove Loy from
L.

(¢) RGSCL w/o reg: It drops ¥, regularization, i.e., remove £, from L.

(d) RGSCL-SL: RGSCL is converted from SSL into an end-to-end supervised
learning model. The parameters of the RGSCL-SL were optimised from scratch
using task-specific supervised signals, demonstrating the upper bound of

performance for geographic mapping tasks.



(e) RGSCL-GCN replaces the GAT of the encoder with a single-layer GCN.
(f) RGSCL-mean: This replaces the dummy node with mean pooling for graph
readout, which pools the building and POI embeddings within a region to derive

region embeddings.



Table 3. Ablation results of RGSCL.

Urban Function Housing Price Region Popularity

Model variant OA? Kappat MacF11 MAE| MSE| R?1 MAE/| MSE| Rt

RGSCL 0.7412+0.0075 0.5432+0.0092 0.6474+0.0085 12604.23+135.52 16994.20+240.34 0.433+0.014 213.02+9.50 341.63+37.46 0.392+0.016
RGSCL w/o intra  0.7225+0.0104  0.5196+0.0121 0.6219+0.0109 13494.75+157.63 17632.34+288.41 0.414+0.017 229.61£9.03 354.85+34.21 0.357+0.014
RGSCL w/o inter ~ 0.7343+0.0065 0.5372+0.0070 0.6390+0.0072 13193.62+169.37 17328.92+305.34 0.422+0.019 230.57£10.51 356.29+38.89 0.354+0.020
RGSCL w/o reg 0.7391£0.0050  0.5403+0.0060 0.6418+0.0062 12943.64+186.85 17135.69+331.47 0.428+0.023 216.53+12.23 345.32+41.77 0.388+0.022
RGSCL-SL 0.7654+0.0120  0.5573+0.0145 0.6539+0.0130 12284.49+146.22 16427.05+278.89 0.485+0.015 202.57+8.84 329.82+31.12 0.436+0.013
RGSCL-GCN 0.7389+0.0053 0.5359+0.0061 0.6436+0.0058 13328.65+152.74 17621.37+£279.22 0.406+0.017 220.93+10.02 346.56+38.54 0.375+0.018
RGSCL-mean 0.7252+0.0088 0.5220+0.0106 0.6277+0.0095 13582.24+121.04 17738.26+263.66 0.391+0.009 223.46+9.23 349.83+37.07 0.371+0.016




The ablation results are listed in Table 3 and the following important findings can

be observed:

e Impact of spatial contrast (exp. a—d)

All ablations with respect to the loss function showed inferior performance
compared with RGSCL. RGSCL without intra leads to region representations that lack
knowledge of POI-building spatial dependency, whereas RGSCL without inter results in
region representations that lack knowledge of spatial heterogeneity. These results indicate
that each loss function is critical for model optimisation. When all losses are discarded
and converted to end-to-end RGSCL-SL, the performance improves slightly compared
with RGSCL. This suggests that RGSCL is very close to the upper performance bound

for each task.

e Impact of graph encoder (exp. e)

It is evident that replacing the base encoder GAT with GCN (RGSCL-GCN) leads
to a decline in the model performance, which is somewhat consistent with the
experimental results in Tab. 1 that GAT outperforms GCN in this situation. Moreover,
RGSCL-GCN surpasses GCN, further indicating the effectiveness of our dual spatial
contrasts, which does not rely on a specific base graph encoder, as supported by the

performance results in Table. 1 (RGSCL > GAT).

e Impact of region graph readout (exp. f)

RGSCL-mean is inferior to RGSCL, indicating that the graph readout mechanism
employing dummy nodes in RGSCL is more effective in deriving region representations

from node information than simple mean pooling.



5 Discussion

RGSCL has some limitations that need to be pointed out. RGSCL is as difficult as any
other region representation learning method in avoiding the modifiable areal unit problem
in GIS. This study tested the RGSCL at the regional scale of the EULUC, but whether
different scales of region partitioning affect the RGSCL requires further investigation. In
addition, both the RGSCL and the current models are static region representation learning
models that ignore temporal nuances in regional information, making it difficult to
capture the temporal or event dynamics of regions. Because region representations only
entail information from POIs and building footprints, it may be difficult to make them
applicable to all mapping tasks. Although RGSCL improves the performance of
geographic mapping, interpreting the learned representations remains challenging.
Opening this black box and enhancing its explainability will be an important focus for
future work. In this regard, representation disentanglement holds great promise, and a
plausible solution is to link the learned representations to urban design concepts such as
those from The Image of the City, which facilitates a deeper understanding of the
embeddings.

However, there is significant potential for RGSCL. First, RGSCL can easily
acquire more flexible and advanced variants. One of the flexibilities of RGSCL lies in its
construction of multi-view region graphs, which can be easily adapted by replacing purely
geometric DT with alternative approaches such as street graphs or by incorporating
geographic barriers and accessibility constraints. The spatial dependency between POI
semantics and building morphology in RGSCL could benefit from adopting a more
appropriate spatial scale rather than a regional scale in the intra-region spatial contrast,
such as morphocompatible parcels (Fleischmann et al., 2020; Hamaina et al., 2012),

which captures finer-grained spatial dependencies and yields more precise features.



RGSCL does not depend on any specific graph encoder, allowing it to be replaced with
encoders, such as graph transformers, to capture more global spatial dependencies
between geospatial entities.

RGSCL is an exploratory integration of spatial effects that does not fully consider
other geographic or physical laws, which present significant potential space. Because
spatial effects serve as an effective model inductive bias, the geospatial knowledge
learned by the model can extend beyond the scope of region representations and inform

broader GeoAl theories and applications.

6 Conclusions

In this study, we developed a novel region representation learning framework
called RGSCL. RGSCL starts with the semantic and morphological features of POIs and
building footprints, introducing a region embedding network that jointly encodes
multiview regional information to derive region representations with spatial proximity.
Dual spatial contrastive learning then synergises spatial dependence and spatial
heterogeneity to further optimise representations and convey more geographically generic
meanings. The experimental results consistently demonstrated the superiority of RGSCL,
revealing the potential of spatial effects in region representation learning. This study
offers new insights into region representation learning from the perspective of inductive
bias with respect to spatial effects and we hope this work will encourage the GeoAl
community to rethink the current training paradigms employed in region representation
learning. The proposed framework is expected to be generalised to different urban
environments, and in future work, we will develop a unified spatial contrast framework

by incorporating additional spatial effects into the RGSCL.
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Appendix

Appendix A. Description of indices and metrics involved

Appendix Al. Building morphology indices

Table A1. Description of building morphology index



Index Notation/Equation Description

Area Ay It denotes building area.

Perimeter Py It denotes building perimeter.

Radius m Sien R It measures average distance from each vertex of the building to its centroid.
Orientation N/A Orientation of the smallest bounding rectangle (SBR).

Compactness 41A, /P2 It measures quadratic relation between the area and the perimeter.

Fractality 1 —log (4y)/2log(Py) It measures logarithmic relation between the area and the perimeter.
Concavity Ay /A It measures area ratio of the building to its convex hull (CH).

Elongation Lspr/Wspr It measures length-width ratio of the building SBR.

Appendix A2. Evaluation metrics for geographic mapping

Table A2. Description of metrics for geographic mapping tasks.

Mapping task Metrics Equation Description
Urban Function 0A _ TPHTN It measures the proportion of correct predictions relative to ground
TP+TN+FP+FN

truth, where TP, TN, FP, and FN denote true positive, true negative,
false positive, and false negative, respectively.

Kappa It measures the agreement between predictions and ground truth,
_ (TP+FN)(TP+FP)+(FP+TN)(FN+TN)

where P, =
€ (TP+TN+FP+FN)?2

MacF1 1 kRl It evaluates the performance of the model by treating all classes

i 2-Precision-Rrecall .. TP
equally, where F{ = ————————— recision = ——, Recall =
Precision+Recall TP+FP

TP . . .
———, k is the number of function categories.
TP+FN

Region Popularity  MAE 1 Sy — 9l It measures the average absolute difference between predictions and
Housing Price " ground truth, where n is the size of testing set, y; and y; are
prediction and ground truth of sample i.

RMSE It measures the standard deviation of prediction errors.

—Y i = 90)?

R? _ I 0i-90? It evaluates goodness-of-fit of the model, ¥ is the average of the

n L
Ty ground truth.

Appendix B. DT-based spatial proximity

Appendix Bl. Natural representation of spatial proximity

DT constructs a planar network to define the structure of a region graph by connecting a
set of nodes to non-overlapping triangles, thereby transforming the spatial proximity
among nodes into graph adjacency. The DT-based graph offers several desirable
properties for preserving spatial proximity: (1) it possesses the geometric property of
maximising the minimum angle, which ensures global optimality in connecting spatially
proximate nodes and effectively approximates the natural spatial proximity; (2) it

provides isotropic connectivity that does not favour any specific direction (e.g. radial or



grid-like), thereby preserving the natural spatial anisotropy of geographic entities; and (3)
it is a parameter-free deterministic algorithm that ensures the uniqueness and stability of
the preserved spatial Overall, the DT-based graph provides a stable and natural

representation of spatial proximity among geographic entities.

Appendix B2. Complexity analysis

DT construction has an average-case time complexity of O(n -logn) for uniform
distribution, with worst-case O(n?) for adversarial distributions. This complexity
ensured large-scale scalability. Below, we analyse both the theoretical and empirical
complexities.

We randomly sampled subsets from the POIs and building footprints to test the
complexity of the DT construction. We repeated the experiments ten times and reported
the mean results in Table. B1. It can be observed that the empirical time is generally
consistent with the theoretical time and falls well within an acceptable range, indicating

that DT enables the applicability of RGSCL framework to larger datasets.

Table B1. The empirical time Topgerve and theoretical time Tiyeory for constructing DT-

based spatial context.

DT Type Number of Vertex Tobserve (8) Ttheory™ (5) Tobserve/ Ttheory Ratio

POI-DT 1,000 (Mpase) 0.005 (Tpase) 0.005 1.00x
5,000 0.029 0.031 0.94x
10,000 0.061 0.067 0.91x
50,000 0.337 0.392 0.86x
100,000 0.817 0.833 0.98x
200,000 1.821 1.767 1.03x

Building-DT 1,000 (Mpase) 0.004 (Tpase) 0.004 1.00x
5,000 0.023 0.025 0.92x
10,000 0.053 0.053 1.00x
50,000 0.339 0.313 1.08x
100,000 0.757 0.667 1.13x
200,000 1.778 1.414 1.26x

) ) . 1
*The theoretical time of O(n - logn) is defined as Tiheory = Thase - %.
base’ base



