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Abstract
Spatial systems can often be represented in more than one relational way. For the same urban
system, geographic adjacency, road connectivity, and mobility interaction provide different relational
representations of how places are connected. However, most graph-based models either assume a
single graph or combine multiple graphs without distinguishing their relative importance. This
paper treats multi-graph spatiotemporal modelling as a problem of spatial perspective selection.
We introduce adaptive spatial weights (α) to learn the relative importance of predefined relational
graphs, and temporal weights (β) in the loss function to distribute emphasis across forecasting
horizons. Using COVID-19 dynamics in Glasgow and Edinburgh as a case study, we find that
learned spatial weighting patterns differ across cities. Glasgow shows a more balanced configuration,
whereas Edinburgh places stronger emphasis on road connectivity. Compared with single-graph
and equal-weight baselines, the adaptive model achieves comparable performance with improved
stability while making graph weighting explicit. These results suggest that multi-graph weighting is
a context-dependent process of selecting among alternative relational representations.
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1 Introduction

Spatial systems are inherently relational and can be represented in multiple ways. The
meaning of a location is shaped not only by its attributes, but also by the relations through
which it is defined. In spatial information theory, space is increasingly viewed as a relational
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construct rather than a fixed geometric container [2]. Similarly, research in spatial cognition
shows that spatial representation depends on perspective, scale, and task [10]. As a result,
different relational descriptions, such as geographic adjacency, infrastructural connectivity,
and behavioural interaction, can provide valid but distinct views of the same system. This
idea is also reflected in multilayer and multiplex network research, which formalises how
multiple relational layers may jointly shape system dynamics [8, 3, 4]. In GIScience, related
work has likewise emphasised that spatial representation is context-dependent rather than
uniquely determined, and that different abstractions of the same system may coexist for
different purposes. Together, these perspectives suggest that spatial systems admit multiple
meaningful relational encodings rather than a single privileged structure.

Graph Neural Networks (GNNs) have become central tools for modelling relational struc-
ture in spatial and spatiotemporal systems, including applications such as traffic forecasting
and epidemic modelling [9, 18, 16]. Spatiotemporal models such as STGCN and DCRNN
have demonstrated strong forecasting performance [18, 9], while subsequent research has
introduced attention mechanisms, graph learning, and multi-graph extensions to improve
predictive flexibility [6, 17, 5, 15]. Most existing approaches either assume a single graph
or combine multiple graphs using implicit mechanisms such as attention or graph learn-
ing [5, 15, 6]. However, these approaches primarily treat graph construction and graph
combination as modelling or optimisation choices. Even when multiple relational graphs are
used, fusion is usually implemented as weighted aggregation or attention-based combination,
rather than being interpreted as explicit selection among coexisting spatial perspectives.

This issue is particularly important in real spatial systems, where different graphs encode
different spatial logics. Geographic adjacency reflects spatial proximity, road networks capture
infrastructural constraints, and mobility flows represent behavioural interaction across areas [1,
12]. These representations are not interchangeable, but instead provide complementary
perspectives on the same system. From this perspective, multi-graph modelling can be
understood not only as a problem of technical fusion, but also as a problem of representational
selection. While previous studies have largely focused on improving predictive accuracy,
comparatively less attention has been paid to understanding how alternative relational
representations should be prioritised and what such prioritisation may reveal about the
spatial processes being modelled.

Our work builds on these two lines of research. First, we recognise that multiple relational
encodings of the same spatial system can be theoretically meaningful, with each graph
representing a distinct spatial perspective and a corresponding conceptual flow mechanism.
Second, we adopt a spatiotemporal graph learning framework in which these perspectives
can be combined adaptively. Unlike most previous studies, which primarily view multi-graph
learning as a problem of graph fusion for improving predictive accuracy, we interpret graph
weighting as a process of spatial perspective selection. In this view, learned graph weights
provide not only a mechanism for prediction, but also an interpretable indication of which
relational representations may be more informative in a given context. Predictive performance
therefore serves as supporting evidence for a broader representational question concerning
the relative importance of alternative spatial perspectives.

In this paper, we frame multi-graph spatiotemporal modelling as a problem of spatial
perspective selection. We make explicit how different relational perspectives are weighted
within a unified model. To this end, we introduce an adaptive spatial weighting mechanism
α to learn the relative contribution of different graphs. We also incorporate temporal
weighting β to account for differences across prediction horizons. Together, these provide a
spatiotemporal weighting formulation, although our primary focus remains on the role of
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Figure 1 Overview of the proposed spatiotemporal adaptive learning framework.

spatial weighting in representing different perspectives. To illustrate this idea, we implement
the framework within a spatiotemporal graph neural model and evaluate it using epidemic
dynamics in Glasgow and Edinburgh. Rather than focusing solely on predictive performance,
we examine how learned spatial weights vary across contexts, providing insight into how
different relational representations contribute in different urban settings.

This paper makes three contributions. First, it frames multi-graph modelling as a problem
of spatial perspective selection. Second, it provides a practical formulation using α and β to
make relational weighting explicit. Third, it reveals empirical findings that spatial weighting
patterns differ across cities, suggesting that relational importance is context-dependent and
potentially linked to different underlying flow mechanisms represented by each graph.

2 A Novel Approach: Spatiotemporal Adaptive Learning

Existing spatiotemporal graph models often combine spatial fusion and temporal aggregation
within a single adaptive process, making it difficult to distinguish weighting across relational
graphs from weighting across prediction horizons. Here, we separate these two forms of
weighting within a unified framework (Figure 1). Multiple spatial graphs are treated as
distinct relational perspectives, including geographic adjacency, infrastructure connectivity,
and mobility interaction. Spatial weighting is defined through α, which determines the
contribution of each graph and satisfies

∑K
k=1 αk = 1, producing a fused spatial operator L∗.

Within the proposed framework, these weights can be interpreted as model-based proxies for
the relative importance of different spatial perspectives.

Temporal weighting is introduced through β, which distributes emphasis across prediction
horizons. While α governs spatial combination, β controls the weighting of prediction errors
over time. Taken together, they define a spatiotemporal weighting formulation that separates
spatial perspective prioritisation from temporal focus allocation.

COSIT 2026
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Table 1 Conceptual correspondence between relational graphs and spatial perspectives.

Graph Spatial Perspective Flow Mechanism
Geographic adjacency Metric continuity Local spillover
Road connectivity Infrastructural constraint Transport-mediated diffusion
Mobility interaction Behavioural interaction Movement-driven transmission

Conceptually, the proposed framework distinguishes two related but different questions.
The first concerns which spatial perspectives should receive greater emphasis when multiple
relational representations coexist. The second concerns which forecasting horizons should
receive greater emphasis during model optimisation. By separating adaptive spatial weight-
ing (α) from adaptive temporal weighting (β), the framework allows learned graph weights
to be interpreted as model-based indicators of relative spatial importance rather than as
components of a generic attention mechanism. This distinction helps clarify how spatial and
temporal information contribute to the overall learning process.

3 Data and Methods

3.1 Data

The empirical analysis focuses on Glasgow and Edinburgh. Daily COVID-19 confirmed case
counts at the InterZone level (March 2020–February 2023) were obtained from Public Health
Scotland [13]. Origin–destination mobility matrices were obtained from the Urban Big Data
Centre (UBDC) [14], and road and rail networks were downloaded from OpenStreetMap via
Geofabrik [11]. These datasets support the construction of geographic, infrastructural, and
mobility-based graphs.

Let Xt ∈ RN denote infection rates at time t, and Y ∈ RH×N denote future values over
H horizons. A history window T = 7 is used to predict H = 7 days. Inputs are standardised
using training statistics and evaluated on the original scale.

3.2 Methods

We construct three relational graphs representing geographic adjacency, road connectivity,
and mobility interaction (Table 1), all defined on the same node set.

Geographic adjacency.

Aspace
ij =

{
1, if zones i and j share a boundary,

0, otherwise.
(1)

Road connectivity.

Droad
ij = min

{
Droad

ij , Dbike
ij , Dwalk

ij , Droad-rail
ij , Dwalk-rail

ij

}
,

Aroad
ij =


1

droad
ij + ϵ

droad
ij <∞,

0 droad
ij =∞,

i ̸= j.
(2)
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Mobility interaction.

Amob
ij = fij∑

j fij
, (3)

Graph normalisation and diffusion operators.

A(k) ← A(k) + (A(k))⊤

2 ,

L
(k)
1 = (D(k))−1A(k), L

(k)
2 = (D(k))−1(A(k))⊤, L(k) = L

(k)
1 + L

(k)
2

2 .

Adaptive diffusion fusion.

αk = Softmax
(

logit(α)
)

k
,

K∑
k=1

αk = 1, L∗ =
K∑

k=1
αkL(k).

where logit(α) is a learnable graph scoring vector, αk denotes the weight assigned to graph
view k, K is the number of graph views, L(k) is the graph-specific diffusion operator, and L∗

is the fused diffusion operator.

Spatiotemporal modelling.

gθ ∗ x =
K∑

k=0
θkTk(L∗)x, βh = Softmax

(
logit(β)

)
h

,

H∑
h=1

βh = 1,

L =
H∑

h=1
βh

1
N

N∑
i=1

∣∣∣y(h)
i − ŷ

(h)
i

∣∣∣ .

where Tk(·) denotes the k-th Chebyshev polynomial, θk is a learnable filter coefficient, βh is
the learned weight assigned to forecast horizon h, and L is the horizon-weighted MAE loss.

Training and evaluation. Data are split chronologically (70/15/15). Models are trained
with Adam [7], early stopping, and gradient clipping, and repeated five times. Performance
is evaluated using

MAE = 1
N

∑
|y − ŷ|, RMSE =

√
1
N

∑
(y − ŷ)2, MAPE = 100

N

∑ ∣∣∣∣y − ŷ

y

∣∣∣∣ .

4 Results and Analysis

Table 2 summarises forecasting performance in Glasgow and Edinburgh. Across both cities,
the road graph provides the strongest single-graph baseline, achieving lower errors than either
geographic adjacency or mobility interaction. However, the adaptive fusion model further
improves predictive performance, achieving the lowest RMSE and MAPE while maintaining
comparable MAE. This indicates that combining multiple spatial perspectives can provide
additional predictive benefit when the relative contribution of each relational graph is learned
adaptively rather than fixed a priori. In contrast, equal-weight fusion produces substantially
higher errors, particularly in Glasgow, suggesting that improvement comes not from graph
combination alone, but from how the relational graphs are comparatively weighted.

COSIT 2026
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Table 2 Prediction performance in Glasgow (GLA) and Edinburgh (EDI) (mean ± std over five
runs). Lower values indicate better performance.

City Graph MAE RMSE MAPE (%)

GLA

Road 21.8 ± 0.9 31.5 ± 0.2 68.7 ± 6.2
Space 23.2 ± 2.0 32.3 ± 1.1 78.4 ± 12.1
Mobility 22.4 ± 1.5 32.0 ± 0.6 71.6 ± 9.8
Fusion (Equal weight) 27.4 ± 9.6 36.9 ± 8.9 92.1 ± 49.8
Fusion Adaptive 21.8 ± 1.2 31.3 ± 0.4↓ 67.8 ± 8.3↓

EDI

Road 21.9 ± 1.7 31.8 ± 0.7 73.8 ± 12.7
Space 23.6 ± 1.9 32.9 ± 0.8 81.2 ± 13.2
Mobility 22.5 ± 2.6 32.1 ± 1.7 78.4 ± 15.1
Fusion (Equal weight) 21.3 ± 0.8 33.2 ± 1.7 69.0 ± 4.2
Fusion Adaptive 20.9 ± 1.5↓ 31.6 ± 0.8↓ 66.0 ± 8.4↓

Table 3 Learned adaptive spatial weights (α values) in Glasgow (GLA) and Edinburgh (EDI)
(mean ± standard deviation over five runs).

Component GLA EDI
Road 0.35 ± 0.02 0.46 ± 0.05
Space 0.36 ± 0.02 0.23 ± 0.02
Mobility 0.29 ± 0.00 0.31 ± 0.03

(a) GLA. (b) EDI.

Figure 2 Learned spatial weights (α) under the adaptive graph construction in Glasgow and
Edinburgh.

The learned spatial weights reveal clear differences between the two cities (Table 3 and
Figure 2). In Glasgow, the weighting pattern is relatively balanced: road connectivity
(0.35) and geographic adjacency (0.36) contribute at similar levels, while mobility interaction
(0.29) plays a smaller role. In Edinburgh, by contrast, road connectivity is more strongly
prioritised (0.46), followed by mobility interaction (0.31) and geographic adjacency (0.23).
This indicates greater reliance on infrastructural connectivity in Edinburgh, compared with
the more balanced relational structure observed in Glasgow.

Although road connectivity provides the strongest individual graph in both cities, the
adaptive model assigns non-negligible weights to all three relational graphs. This suggests
that no single relational representation is sufficient on its own, and that multiple spatial
perspectives contribute to forecasting performance in different ways.
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(a) GLA. (b) EDI.

Figure 3 Learned temporal weights (β) across prediction horizons for (a) Glasgow and (b) Edin-
burgh.

Temporal weights (Figure 3) follow a similar pattern in both cities, placing greater
emphasis on short- and mid-term horizons and less emphasis on longer horizons. Compared
with the spatial weights, which vary across cities, the temporal weighting patterns are
more consistent. Taken together, these results suggest that adaptive weighting captures
context-dependent spatial structure, while temporal weighting remains comparatively stable
across the two urban settings.

5 Discussion and Conclusion

This study suggests that multi-graph spatiotemporal modelling can be understood not only
as a technical problem of graph fusion, but also as a problem of spatial perspective selection.
By representing multiple relational encodings within a unified framework and learning their
relative contributions through adaptive spatial weighting, the proposed approach makes
explicit how different relational representations are prioritised within the forecasting process.

The empirical results indicate context-dependent weighting patterns across the two cities.
More broadly, the findings suggest that adaptive spatial weighting may provide a useful
mechanism for exploring how alternative spatial perspectives contribute to spatiotemporal
modelling in different contexts. Rather than identifying a universally optimal spatial repres-
entation, the results suggest that the relevance of different relational structures may vary
across urban settings.

Understanding the relative importance of spatial perspectives is valuable because different
relational graphs imply different explanations of how spatial processes operate. By making
these differences explicit, the proposed framework provides interpretative value beyond
predictive accuracy and links empirical modelling with broader GIScience questions concerning
spatial representation and relational thinking. Its primary contribution therefore lies not
in large predictive gains, but in making representational prioritisation observable within
a spatiotemporal learning framework and reframing multi-graph learning as a process of
selecting among alternative spatial perspectives rather than simply combining multiple
graphs.

Although demonstrated using COVID-19 forecasting, the framework may be applicable
to a broader range of spatiotemporal phenomena in which multiple relational structures
coexist, including traffic forecasting, urban mobility analysis, and environmental monitoring.
Nevertheless, the current study is limited to two urban contexts and does not include a full
ablation analysis or comparisons with stronger multi-graph baselines. Future work will extend
the framework to additional cities, relational layers, and application domains, while further

COSIT 2026
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examining how learned weighting patterns relate to different spatial processes. Overall, this
work highlights that spatial representation is not fixed, but can be learned and adapted in a
context-sensitive manner within spatiotemporal models.
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