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Abstract

As urban data expands, existing spatio-temporal models en-
counter challenges such as high context dependency, poor
cross-scenario generalization, and inefficient computational
performance. To address these issues, we propose UrbanPG,
an efficient and scalable framework for spatio-temporal learn-
ing. UrbanPG separates task-specific personalized patterns
from general patterns, enabling unified spatio-temporal mod-
eling and efficient knowledge generalization across scenar-
ios. The key innovations of UrbanPG include: the devel-
opment of a lightweight, context-independent general back-
bone utilizing linear spatio-temporal attention for scalable
cross-scenario deployment; a personalized context prompt
mechanism designed to model heterogeneity through spatio-
temporal embeddings and random perturbation regulariza-
tion, interacting with the backbone to enhance pattern dif-
ferentiation; the proposal of multi spatio-temporal learning
paradigms for rapid knowledge transfer and generalization to
downstream tasks through fine-tuning personalized context
prompts while freezing the backbone. Experimental results
demonstrate that UrbanPG achieves state-of-the-art perfor-
mance in large-scale forecasting, few-shot transfer, and con-
tinual learning tasks across eight real-world datasets, show-
casing exceptional performance, strong generalization, and
significant reductions in computational overhead.

Introduction

With the advancement of urban data mining technologies,
the analysis of spatio-temporal data, such as traffic and me-
teorological data, has become essential for spatio-temporal
forecasting (Yang et al. 2025; Liu et al. 2025c; Qiu et al.
2024). Accurate forecasting is crucial for the development of
smart cities. Urban expansion has generated vast amounts of
data, presenting both new opportunities and challenges for
spatio-temporal forecasting (Kumar et al. 2024; Liang et al.
2025). While large datasets offer rich potential for model
training, they also demand more efficient feature learning
methods. Thus, achieving efficient representation learning
in large-scale data has become a critical challenge.

In urban spatio-temporal forecasting tasks, deep learning-
based spatio-temporal graph neural networks (STGNNs)
have emerged as one of the most effective solutions (Dong
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Figure 1: Traditional STGNNSs vs. UrbanPG.

et al. 2024; Qiu et al. 2025). These models capture temporal
and spatial correlations by designing specialized temporal
modules (for time periodicity and trends) and spatial mod-
ules (for dynamic spatial changes). However, as data scales
grow, conventional STGNNs (Kong, Guo, and Liu 2024;
Huang et al. 2025) struggle to efficiently handle large-scale
spatio-temporal learning scenarios due to limited computa-
tional resources. In response, more efficient and lightweight
models (Shao et al. 2022a; Fang et al. 2025) have emerged,
performing exceptionally well in large-scale scenarios while
effectively balancing computational overhead.

Although existing lightweight STGNNs have made sig-
nificant progress, they are tend designed for specific scenar-
ios. As shown in Fig. 1, different spatio-temporal learning
scenarios correspond to distinct spatio-temporal graph struc-
tures, making the backbone parameters of existing models
highly dependent on the temporal and spatial contexts of
the current task, such as the time sampling period and the
number of spatial nodes. With the widespread adoption of
LLM techniques in various fields, pre-training on large-scale
datasets and transferring learned knowledge to new tasks has
become a common practice (Liu et al. 2025¢; Li et al. 2024a;
Liu et al. 2025a). However, the single-scenario modeling of
existing methods limits the model’s ability to transfer knowl-
edge and generalize across different scenarios. While current
spatio-temporal pre-training methods (Zhang et al. 2025;
Liu et al. 2025f) can facilitate knowledge transfer and gener-



alization, they fail to effectively capture the diverse knowl-
edge from large-scale data and struggle to distinguish be-
tween personalized and general patterns.

We believe that models trained on large-scale spatio-
temporal data should not only perform well in their cur-
rent scenario but also leverage the diverse knowledge ac-
quired during pre-training to generalize effectively to similar
tasks. Therefore, an ideal spatio-temporal learning frame-
work for large-scale scenarios should have the following
characteristics: > Efficient and scalable, capable of ex-
tracting spatio-temporal correlations in large-scale data; >
Spatio-temporal backbone parameters independent of spe-
cific spatio-temporal contexts, supporting unified modeling
across different scenarios; > The ability to leverage diverse
spatio-temporal knowledge from pre-training, distinguish-
ing personalized from general patterns, and enabling effec-
tive generalization to downstream tasks.

In light of these challenges, we propose UrbanPG,
an efficient and scalable urban spatio-temporal learning
framework designed to address the complexities of large-
scale spatio-temporal learning while enabling unified mod-
eling and pattern generalization across diverse scenarios.
UrbanPG combines personalized context prompts and a
general backbone, with personalized and general patterns
modeled separately yet interactively. Personalized context
prompts consist of trainable parameters closely linked to
the specific spatio-temporal context of the current task, ef-
fectively capturing task-specific patterns. The parameters of
the general backbone, independent of the spatio-temporal
context, focus on uncovering general patterns. The general
backbone models spatio-temporal correlations through a lin-
ear context graph attention mechanism, addressing the com-
putational challenges of large-scale spatio-temporal learn-
ing. Personalized context prompts interact with the general
backbone via a prompting mechanism, integrating the pat-
terns identified by both. To fully leverage the diverse knowl-
edge derived from large-scale data, UrbanPG rapidly adapts
to new tasks by freezing the general backbone and fine-
tuning the personalized context prompts. Experimental re-
sults demonstrate that UrbanPG excels in various forecast-
ing tasks with strong generalization capabilities.

The main contributions of this paper are as follows:

* We propose an interactive framework between person-
alized context prompts and an efficient, scalable back-
bone, which effectively reduces computational overhead
in large-scale spatio-temporal learning and enables uni-
fied modeling across scenarios.

We introduce paradigms that separate the modeling of
personalized and general patterns, allowing the model
to fine-tune only the personalized context prompts for
spatio-temporal generalization tasks, thereby leveraging
diverse spatio-temporal knowledge obtained from pre-
training for rapid adaptation to downstream tasks.

We evaluate UrbanPG on multiple real-world datasets,
showing that it achieves low computational overhead,
strong generalization capabilities, and state-of-the-art
performance in large-scale, few-shot, and continual
spatio-temporal forecasting tasks.
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Related Work

Urban Spatio-Temporal Learning. Urban spatio-
temporal learning focuses on uncovering complex spatio-
temporal relationships within urban regions. Recently,
STGNNs (Yu, Yin, and Zhu 2018; Liu et al. 2024a; Li
et al. 2018) have become the dominant approach for mod-
eling spatio-temporal dependencies and capturing urban
dynamics. Early works, such as GWNet (Wu et al. 2019),
integrated spatial dependencies and temporal modeling
through adaptive adjacency matrices and dilated causal
convolutions. STID (Shao et al. 2022a) enhanced accuracy
with a lightweight MLP framework by introducing spatial
identity and temporal periodicity embeddings, addressing
indistinguishable spatio-temporal patterns. To handle non-
stationary data, STWave (Fang et al. 2023) used wavelet
transforms to decompose data, modeling stable trends and
fluctuating events separately with a dual-channel network.
In response to the computational challenges posed by
massive urban datasets, BigST (Han et al. 2024) designed
a long-sequence feature extractor and a linearized global
spatial convolution network, reducing complexity to linear
through matrix approximation for efficient predictions on
large networks. PatchSTG (Fang et al. 2025) improved
accuracy and interpretability in large-scale predictions by
using a leaf-based KDTree for balanced partitioning of
irregular nodes and capturing spatial dependencies with a
deep-breadth attention mechanism.

Spatio-Temporal Pre-Training. Pre-training models (Liu
and Zhang 2025; Liu et al. 2024b, 2025d) for spatio-
temporal forecasting has significantly enhanced model gen-
eralization across tasks by learning diverse spatio-temporal
patterns from external data. Research has focused on both
single-domain optimization and cross-domain transfer. In
the single-domain, STEP (Shao et al. 2022b) introduced pre-
training in STGNNSs with the TSFormer model, which learns
segment-level representations from long sequences through
masked autoencoding, alleviating computational pressure
and improving predictions. Later, STD-MAE (Gao et al.
2024) refined the masking strategy with separate spatial and
temporal masks, capturing spatio-temporal heterogeneity. In
cross-domain, FlashST (Li et al. 2024b) employed trans-
fer learning through a spatio-temporal prompt tuning frame-
work, improving model adaptability by mitigating domain
differences with a distribution mapping mechanism.

Continual Spatio-Temporal Learning. Continual spatio-
temporal learning (Miao et al. 2025a; Zhou et al. 2025) fo-
cuses on dynamically adapting models to evolving spatio-
temporal data and environments, with an emphasis on in-
cremental learning strategies. The field began with the Traf-
ficStream (Chen, Wang, and Xie 2021) framework, which
combined spatio-temporal modeling with continual learn-
ing, processing streaming traffic data through historical
data replay and parameter smoothing for accurate predic-
tions. The STKEC (Wang et al. 2023) framework intro-
duced influence-driven knowledge expansion and memory-
augmented mechanisms, adapting to expanding road net-
works and mitigating catastrophic forgetting. More recently,
the EAC (Chen and Liang 2025) framework used prompt



tuning and a dynamic expansion-compression mechanism
to fine-tune a small number of parameters, adapting to new
nodes while retaining historical knowledge, improving gen-
eralization and computational efficiency.

Preliminaries
Definition 1 (Spatio-Temporal Graph). A spatio-
temporal graph is denoted as G = (V,A), where

{v1,va,...,un} represents the set of spatio-
temporal entities (e.g., specific city regions or sensors), and
N = |V| denotes the total number of nodes. The matrix
A € RN*N encodes the relationships or connectivity
between nodes, such as distances or similarities.

Definition 2 (Spatio-Temporal Forecasting). Spatio-
temporal forecasting on a graph G aims to predict future
data Yry1.0470 € RT'XNxD for each spatiotemporal en-
tity, using historical data X.7 € RT*N*D gver a specified
period. Here, T represents the observation period, T” is the
forecast horizon, and D is the feature dimension per node.
The prediction can be expressed as:

Yririr = FolG, Xor), 4))

where the model Fy, parameterized by 6, is trained by min-
imizing:

0* = arg mein EGx,v)~p [£(Fo(G,X),Y)] (2
with L(-, -) representing the loss function, and D denoting
the data distribution.

Methodology

As shown in Fig. 2, UrbanPG consists of two components:
personalized context prompts and a general backbone. The
personalized context prompts are designed to model the
unique patterns of the current spatio-temporal scenario, en-
abling the distinction of spatio-temporal heterogeneity. In
contrast, the general backbone serves as a lightweight gen-
eral pattern extractor, with parameters that are independent
of the spatio-temporal context, making it applicable to a
wide range of spatio-temporal scenarios. During the training
process, the personalized context prompts and the general
backbone interact, jointly capturing spatio-temporal corre-
lations. With lightweight architecture, UrbanPG efficiently
captures diverse patterns in large-scale spatio-temporal sce-
narios, facilitating accurate predictions. Furthermore, by
freezing the backbone and reconstructing or expanding the
personalized context prompts for new scenarios, UrbanPG
effectively generalizes to various spatio-temporal tasks, in-
cluding few-shot learning and continual learning.

Personalized Context Prompts

In spatio-temporal forecasting tasks, factors such as the time
sampling period, time position encoding, and the number
of spatial nodes are critical for distinguishing different ur-
ban scenarios. These factors are essential for capturing the
personalized patterns. Drawing inspiration from recent stud-
ies (Shao et al. 2022a; Liang et al. 2022), we adaptively
mine the personalized context information in the current
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scenario by mapping trainable parameters to the spatio-
temporal context. Specifically, we construct personalized
context prompts, which include temporal context prompt
P; € RV*d and spatial context prompt P, € RV*,

Temporal Context. For the time dimension, to preserve
the periodicity and trend information in the sequence, we
introduce two trainable time embedding parameters: E;,q €
Rf*? and Eg,,, € R¥*%, where f represents the sampling
frequency within a day, w is the period (e.g., for a weekly
period, w = 7), and d is the feature mapping dimension. As
shown in Fig. 2, we use the position encoding information
from the last time step in the input data X € RT*NXD a5
an index to initialize E;,q and Eg4,,,. The temporal context
prompt P; € RV >4 can be obtained by adding the two ini-
tialized time embeddings, which can be expressed as:

P;: = index(Etpq, X) + index(E gy, X), 3)

where index denotes the indexing operation.

Spatial Context. Consistent with recent research (Shao
et al. 2022a; Liu et al. 2023a), we believe that modeling spa-
tial heterogeneity in spatio-temporal scenarios significantly
enhances model performance. Different spatial nodes may
exhibit similar or distinct patterns, and effectively distin-
guishing these patterns is crucial for improving prediction
accuracy. To this end, we introduce spatial embedding E; €
RY*4 to model spatial heterogeneity, enabling the adaptive
recognition and distinction of spatial patterns through train-
ing. However, as the number of spatial nodes increases in
large-scale forecasting tasks, the number of parameters in
E, grows significantly, which may lead to overfitting and
negatively impact pattern distinction.

To mitigate this, we propose a random perturbation-based
regularization method. Specifically, we introduce random
noise M) € R? and trainable shared embedding E{") €
R?, and perform random replacement of nodes in the spatial
embedding E, € RY*? during training. The replacement
process employs a combination ratio of p and ¢, where both
p and g are within the range [0, 1), resulting in the spatial
context prompt P, € RN*4 The replacement process is
defined as:

ESY 0 <u, <p-q
Pgn): M(dn) lqugun <Paf0rn:1’2""’N’
EM  ifp<u, < 1.

“)
where u,, is a random number uniformly distributed in the
interval [0, 1), which determines whether node n should
be replaced. This random replacement operation effectively
disrupts the original spatial pattern distinction, prompting
the model to learn more robust spatial relationships.

General Spatio-Temporal Backbone

When processing spatio-temporal data across different sce-
narios, conventional STGNNS typically require redesigning
for each specific scenario. To address this, we propose a gen-
eral spatio-temporal backbone for modeling general spatio-
temporal patterns. The general backbone is designed to be
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Figure 2: The overall framework of UrbanPG consists of Personalized Context Prompts and a General Backbone. ST refers
to Spatio-Temporal. Pre-training, Fine-Tuning, and Continual Learning represent various learning paradigms extended from
the current framework. UrbanPG is designed to handle large-scale, few-shot, and continual forecasting tasks.

lightweight, with parameters that are independent of the
spatio-temporal context, allowing UrbanPG to seamlessly
adapt to a wide range of spatio-temporal scenarios.

Spatio-Temporal Context Attention. As illustrated in
Fig. 2, the input spatio-temporal data X is initially passed
through a linear layer, which maps the temporal features to
high-dimensional hidden representations H € RYV*?, To
mitigate the computational overhead associated with scal-
ing spatio-temporal dimensions, we propose a linear spatio-
temporal context attention (STCA) module based on ran-
dom feature mapping (Katharopoulos et al. 2020; Choro-
manski et al. 2020; Miao et al. 2024). The STCA mod-
ule utilizes temporal and space context prompt information
P; and P, as queries, and enhances the fusion and inter-
action of personalized and general patterns by performing
cross-computation on spatio-temporal information. Specifi-
cally, the STCA module first maps H into attention features
Q € RVX4 K € RVX4 and V € RV*? and, by altering
the order of the attention computation, it implicitly uncovers
dynamic correlations while maintaining linear complexity.
The process can be expressed as:

Q, K,V = Linear(H),
H,, =STCA(Q,K,V,P;, P,)
= Softmax(QK " + Q(P:)" + Q(P,) ")V,
(D(Q)(K)" + ¢(Q)o(P:) " + ¢(Q)(Ps) ")V
~p(Q)(o(K)TV +¢(P)TV+9(P,)TV),
—_— ——

Ay CcRdxd A cRdxd

&)

~
~

A, cRdxd

(6)
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where the function ¢ represents the random feature map-
ping function, and in practice, we use Softmax for approx-
imation. STCA adjusts the computation order, transform-
ing the original N x N query-key matrix into a d X d
key-value matrix, reducing spatial computational complex-
ity from quadratic to linear. In practical applications, d is sig-
nificantly smaller than N, which makes STCA both efficient
and highly scalable, while effectively integrating spatio-
temporal context knowledge.

Next, the output representation Hy; is further enhanced
for non-linear expressiveness through a multilayer percep-
tron (MLP). Finally, the representation is restored to its orig-
inal shape through a linear layer, and the prediction results

Y € RT'*NxD gre output.

Prompt Adjustment. In addition to participating in the
cross-attention computation, P; and P also function as
auxiliary prompt information, contributing to the gated ad-
justment of the STCA module and the subsequent feedfor-
ward layer outputs. The adjustment process for the output of
the STCA module can be expressed as:

H{, = (Ho(1+Py) + Py)Py, (7
where H?, € RV*9 represents the output after prompt
adjustment. The personalized context prompt dynamically
modulates the influence of spatio-temporal information
through the gating mechanism, allowing the model to flex-
ibly and effectively integrate both personalized and general
spatio-temporal patterns across diverse urban scenarios.



Multi Spatio-Temporal Learning Paradigms

Given the complexity of spatio-temporal data, a single learn-
ing paradigm cannot address all tasks. Some tasks may face
data scarcity (Lu et al. 2022; Hu et al. 2024; Liu et al.
2025b), while others require continuous updates as scenar-
ios evolve (Miao et al. 2025b; Yi et al. 2025). Thus, a
spatio-temporal learning framework must be flexible enough
to adapt to these varying demands. To address this chal-
lenge, UrbanPG integrates two learning paradigms to lever-
age the diverse spatio-temporal knowledge acquired during
pre-training: pre-training and fine-tuning (for tasks with lim-
ited urban samples, such as few-shot learning) and continual
learning (to accommodate incremental learning from urban
expansion). Let M represent the backbone trained on pre-
trained datasets. In both paradigms, only the general back-
bone is frozen, while personalized context prompts are fine-
tuned to adapt to downstream tasks.

Pre-Training and Fine-Tuning Paradigm. As illustrated
in Fig. 2, in the pre-training and fine-tuning paradigm, we
reconstruct the personalized context prompts, P} and P~,
and inject them into the frozen backbone. By training on
downstream data and leveraging the general representations
pre-learned by the backbone, the model can quickly adapt
to specific tasks and achieve efficient generalization across
tasks. The optimization process for this paradigm can be ex-
pressed as:

Yy by = arg émlil Eex,v)~p

tr¥s

[£(M(G, X, Py, p. (X)), Y],

®)

where M represents the frozen backbone, and Py, 4, (X)
denotes the personalized context prompts. 1; and v} rep-
resent the optimized parameters for reconstructing the per-
sonalized context prompts P} and P’. This paradigm en-
ables rapid knowledge transfer, especially in few-shot learn-
ing tasks, where the performance boost is more significant.

Continual Learning Paradigm. In continual spatio-
temporal learning scenarios, urban development results in
the continuous expansion of spatial scale, such as an in-
crease in the number of nodes. After the first incremental
training phase, as shown in Fig. 2, we freeze the general

backbone and expand the spatial context prompts P,(;T) €
RN Mxd for the new incremental scenario:
PO =P | AP 7 > 1, )

where 7 denotes the incremental period, and APET) €
(N _NG-1 .

RV =NT71)xd represents the new parameters introduced

in the current phase. The optimization process for continual

learning is expressed as:

P! = argmin B x), v (1)~pir)
u (10)

(£ (MED, X, P (X)), YD),

where ((7)* represents the optimized parameters for recon-
structing the personalized context prompts PgT). Through
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this approach, UrbanPG is able to retain and distinguish pat-
terns while incorporating patterns from new nodes, thereby
effectively mitigating the catastrophic forgetting problem in
incremental learning scenarios.

Experiments
Experimental Settings

Datasets. We evaluate the model’s performance on three
tasks: large-scale, few-shot, and continual spatio-temporal
forecasting using eight datasets. All datasets were split into
training, validation, and test sets in a 6:2:2 ratio, with predic-
tions made for the next 12 time steps based on the previous
12. For large-scale spatio-temporal forecasting, we used four
regional traffic flow datasets from the LargeST (Liu et al.
2023b): SD (716 nodes), GBA (2352 nodes), GLA (3834
nodes), and CA (8600 nodes) from 2019. In the few-shot
task, we selected local regions CA-D3 (480 nodes) and CA-
DS (211 nodes) from the LargeST, using data from January
to February 2019, with the training set consisting of only the
first 10% of the data. For continual spatio-temporal forecast-
ing, we used the PEMS-Stream traffic dataset (Chen et al.
2001) and the AIR-Stream meteorological dataset (Chen
and Liang 2025). The PEMS-Stream dataset consists of
seven incremental periods (2011-2017), with spatial nodes
increasing from 655 to 871. The AIR-Stream dataset spans
four incremental periods (2016-2019), with spatial nodes ex-
panding from 1087 to 1202.

Baselines. To conduct a more comprehensive compari-
son, we selected four categories of baselines for evalua-
tion: Conventional spatio-temporal models: GWNet (Wu
et al. 2019), STID (Shao et al. 2022a), STWave (Fang et al.
2023); Large-scale spatio-temporal models: BigST (Han
et al. 2024), PatchSTG (Fang et al. 2025); Spatio-temporal
pre-training methods: STEP (Shao et al. 2022b), STD-
MAE (Gao et al. 2024), FlashST (Li et al. 2024b); Spatio-
temporal continual learning methods: TrafficStream (Chen,
Wang, and Xie 2021), STKEC (Wang et al. 2023),
EAC (Chen and Liang 2025). More details about each model
are provided in the Related Work section.

Implementation Details. All experiments were con-
ducted on machines with an Intel Xeon Gold 5220 CPU, an
NVIDIA Tesla V100 GPU (32GB), running Ubuntu 22.04.2
and PyTorch 2.2.1. The batch size was set to 64, with 300
training epochs and early stopping applied. Following pre-
vious work (Fang et al. 2025; Chen and Liang 2025), we
used three standard evaluation metrics: Mean Absolute Er-
ror (MAE), Root Mean Squared Error (RMSE), and Mean
Absolute Percentage Error (MAPE), with MAE as the loss
function. For all tasks, we repeated the experiments five
times and reported the average prediction metrics over 12
time steps. Additional implementation details and the code
are available in the GitHub repository'.

Performance Comparison

Large-Scale Forecasting Results. As shown in Table 1,
UrbanPG outperforms all state-of-the-art models in large-

"https://github.com/Aoyu-Liu/UrbanPG



viodel | SD | GBA | GLA | CA
ode
‘ MAE RMSE MAPE ‘ MAE RMSE MAPE ‘ MAE RMSE MAPE ‘ MAE RMSE MAPE
GWNet 17.74 29.62 11.88% | 20.91 33.41 17.66% | 21.20 33.58 13.18% | 21.72 34.20 17.40%
STID 17.86  31.00 11.94% | 2022  34.61 1591% | 19.76  34.56 12.41% | 18.41 32.00 13.82%
STWave 18.22 30.12 12.20% | 20.81 33.77 15.76% | 20.96 33.48 12.70% 19.69 31.58 14.58%
BigST 18.80  31.73 1291% | 2195 3554 18.50% | 22.08  36.00 1457% | 2032  33.45 15.91%
PatchSTG | 16.90 29.27 11.23% 19.50 33.16 14.64% 18.96 32.33 11.44% 17.35 29.79 12.79%
UrbanPG | 16.50  28.02 10.74% | 19.04 31.98 14.61% | 18.69 3107 11.19% | 1723 29.08 12.49%
Table 1: Comparison of large-scale spatio-temporal forecasting results. Bold: best, underline: second best.
| CA-D3 | CA-D5 | PEMS-Stream | AIR-Stream
Model Model
‘ MAE RMSE MAPE ‘ MAE RMSE MAPE ‘MAE RMSE MAPE ‘MAE RMSE MAPE
STID 2290 3493 2524% |15.08 23.57 22.64% GWNet 16.62 27.07 25.40% |25.11 39.21 32.16%
STWave |21.20 34.08 18.05% |14.42 23.63 18.41% STID 15.14 2441 23.17% |23.27 36.38 27.64%
STEP 20.25 32.64 17.22% | 14.04 22.60 18.17% TrafficStream | 14.06 2290 19.48% |21.42 33.72 26.99%
STD-MAE | 20.09 3237 17.28% | 13.93 23.17 17.56% STKEC 14.07 2293 19.29% |21.85 34.22 27.35%
FlashST | 1891 31.50 16.81% |13.47 2244 17.29% EAC 13.49 21.60 19.69% |20.77 32.94 26.77%
UrbanPG | 18.28 29.77 15.80% | 12.70 21.07 16.41% UrbanPG  |10.77 17.83 14.23% | 19.67 31.55 24.68%

Table 2: Comparison of few-shot spatio-temporal forecast-
ing results. Bold: best, underline: second best.

scale spatio-temporal forecasting. Among conventional
methods, STID surpasses GWNet and STWave, indicating
that addressing spatial heterogeneity alone—without com-
plex modeling—can yield decent performance, though with
limited improvements. BigST uses low-rank methods in
large-scale models, while PatchSTG employs irregular spa-
tial partitioning and Transformers, which may lead to infor-
mation loss. In contrast, UrbanPG addresses spatio-temporal
heterogeneity with personalized context prompts and a scal-
able backbone architecture that facilitates interaction be-
tween general and personalized patterns. Unlike baseline
methods, UrbanPG reduces information loss, directly han-
dles large-scale data, eliminates the need for pre-training and
partitioning, and is more user-friendly.

Few-Shot Forecasting Results. For the few-shot spatio-
temporal forecasting task, we pre-trained UrbanPG us-
ing data from non-target domains of the LargeST dataset
(from December 2018) and employed a pre-training and
fine-tuning strategy for cross-domain generalization. As
shown in Table 2, the pre-training methods, STD-MAE and
FlashST, significantly outperform conventional models like
STWave, as they effectively utilize knowledge gained from
additional training. The results demonstrate that UrbanPG,
by separately modeling personalized and general patterns,
effectively leverages spatio-temporal knowledge from other
regions to enhance downstream task generalization. Even
when compared to similar models such as FlashST, Ur-
banPG shows notable performance improvements, under-
scoring the effectiveness and simplicity of its pre-training
and fine-tuning methodology.
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Table 3: Comparison of continual spatio-temporal forecast-
ing results. Bold: best, underline: second best.

Continual Forecasting Results. Table 3 presents the aver-
age prediction results for each incremental period in the con-
tinual spatio-temporal forecasting task. Conventional meth-
ods, such as GWNet and STID, underperform compared
to continual learning models like EAC, as they struggle to
mitigate catastrophic forgetting during incremental learn-
ing. In contrast, UrbanPG demonstrates superior perfor-
mance over existing continual learning methods. By freez-
ing the backbone trained during the first incremental pe-
riod and expanding the spatial context prompts alongside the
scenario-parameter-independent backbone, UrbanPG effec-
tively tackles the challenge of increasing spatial scale while
alleviating catastrophic forgetting, resulting in superior pre-
diction performance.

Ablation Study

To assess the effectiveness of each module in UrbanPG, we
designed several variants for ablation experiments on the SD
and CA datasets:

w/o TC: Exclusion of temporal context prompts;
w/o SC: Exclusion of spatial context prompts;

w/o RPR: Exclusion of random perturbation regulariza-
tion in spatial context prompts;

w/o STCA: Exclusion of the STCA module.

The results of the ablation experiments, shown in Fig. 3,
reveal that each module contributes positively to the model’s
performance. Specifically, the results for w/o TC and
w/o SC demonstrate a significant performance drop when
personalized context prompts, particularly spatial context
prompt, are removed. This suggests that the model loses the
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Figure 4: Results of hyperparameter experiments.

ability to distinguish different spatial patterns, making it less
effective in handling spatial heterogeneity, a finding consis-
tent with previous research (Shao et al. 2022a). Additionally,
the w/o RPR results indicate that random perturbation plays
a crucial role in reducing overfitting and addressing train-
ing issues in spatial context prompts. Finally, the w/o STCA
results emphasize the importance of the general backbone
design and its effective integration with context prompts in
improving UrbanPG’s performance.

Hyperparameter Study

To evaluate the effect of key hyperparameters on model per-
formance, we investigated the feature mapping dimension d
and the perturbation ratio p in the random perturbation reg-
ularization of UrbanPG (since ¢ has little impact on model
performance) on the SD and CA datasets. The results shown
in Fig. 4 demonstrate that increasing d raises the model’s
parameter count, thereby enhancing its expressive capacity.
When d = 256, the model achieves the optimal balance
between performance and computational cost. Additionally,
the experiments indicate that the best perturbation ratio is
P 0.1, as higher values of p may introduce excessive
noise, impeding model training.

Efficiency Study

To assess the scalability of UrbanPG, we performed an ef-
ficiency comparison on large-scale datasets using the same
experimental setup (batch size = 1) against baselines. The re-
sults shown in Fig. 5 reveal that, as the node scale increases,
conventional spatio-temporal models such as GWNet and
STWave experience significant increases in training time,
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Figure 6: Interpretability of personalized context prompts.

inference time, and memory usage. In contrast, lightweight
models like STID and large-scale spatio-temporal models
such as BigST, PatchSTG, and UrbanPG effectively man-
age computational overhead. However, STID underperforms
in large-scale spatio-temporal forecasting tasks. On the CA
dataset, compared to the second-best model PatchSTG, Ur-
banPG reduces training time, inference time, and memory
usage by 48.96%, 72.44%, and 45.72%, respectively.

Case Study

To enhance the interpretability of the personalized context
prompts, we used the t-SNE method to visualize the time
embeddings E;,4 and spatial embeddings E trained on the
SD dataset, as shown in Fig. 6. The visualization of Etod
reveals that the data exhibits periodicity, with adjacent time
periods sharing similar features. The visualization of Eg
demonstrates its ability to categorize nodes based on pat-
tern differences, grouping nodes with similar periods and
trends into the same cluster. Overall, the personalized con-
text prompts effectively address the issue of spatio-temporal
heterogeneity.

Conclusion and Future Work

In this study, we introduced UrbanPG, a framework that ef-
fectively tackles key challenges in existing models, such as
strong scenario dependency, poor generalization, and high
computational overhead. By decoupling the design of per-
sonalized context prompts (for modeling spatio-temporal
heterogeneity) from the general backbone (for extracting
general patterns across scenarios), UrbanPG demonstrates
exceptional scalability, robust generalization, and strong
compatibility with multiple learning paradigms. However,
the potential of UrbanPG to evolve into a spatio-temporal
foundational model is limited by its inability to support
multi-task parallel training. Moving forward, we plan to
extend this work by training spatio-temporal foundational
models on multi-source, large-scale spatio-temporal data.
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