UniST: A Prompt-Empowered Universal Model for Urban
Spatio-Temporal Prediction

Yuan Yuan
Department of Electronic
Engineering, BNRist, Tsinghua
University, Beijing, China
y-yuan20@mails.tsinghua.edu.cn

Depeng Jin
Department of Electronic
Engineering, BNRist, Tsinghua
University, Beijing, China
jindp@tsinghua.edu.cn

ABSTRACT

Urban spatio-temporal prediction is crucial for informed decision-
making, such as traffic management, resource optimization, and
emergence response. Despite remarkable breakthroughs in pre-
trained natural language models that enable one model to handle
diverse tasks, a universal solution for spatio-temporal prediction re-
mains challenging. Existing prediction approaches are typically tai-
lored for specific spatio-temporal scenarios, requiring task-specific
model designs and extensive domain-specific training data. In this
study, we introduce UniST, a universal model designed for general
urban spatio-temporal prediction across a wide range of scenarios.
Inspired by large language models, UniST achieves success through:
(i) utilizing diverse spatio-temporal data from different scenarios,
(ii) effective pre-training to capture complex spatio-temporal dy-
namics, (iil) knowledge-guided prompts to enhance generalization
capabilities. These designs together unlock the potential of building
a universal model for various scenarios. Extensive experiments
on more than 20 spatio-temporal scenarios demonstrate UniST’s
efficacy in advancing state-of-the-art performance, especially in
few-shot and zero-shot prediction. The datasets and code implemen-
tation are released on https://github.com/tsinghua-fib-lab/UniST.
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1 INTRODUCTION

Pre-trained foundation models have showcased remarkable suc-
cess in Natural Language Processing (NLP) [3, 52], particularly
excelling in few-shot and zero-shot settings [3, 27]. However, simi-
lar breakthroughs have not yet been achieved in the field of urban
spatio-temporal prediction [17, 53, 73]. In this paper, our goal is
to establish a foundation model for general urban spatio-temporal
prediction — specifically, to develop a universal model that offers su-
perior performance and powerful generalization capabilities across
diverse spatio-temporal scenarios. This entails training a single
model capable of effectively handling various urban contexts, en-
compassing various domains such as human mobility, traffic and
communication networks across different cities.

The significance of such a universal model lies in its ability to
address prevalent data scarcity issues in urban areas. The varying
levels of digitalization across domains and cities often result in im-
balanced and incomplete datasets. Despite notable advancements in
existing spatio-temporal modeling approaches [1, 29, 35, 43, 67, 76],
their effectiveness is typically confined to specific domains within
a single city. The reliance on extensive training data further im-
pedes the model’s generalization potential. Consequently, current
solutions are still far from “universality”, and remain narrowly
applicable.

A universal spatio-temporal model must possess two essential
capabilities. Firstly, it must be capable of leveraging abundant and
rich data from different urban scenarios for training. The training
of the foundational model should ensure the acquisition of ample
and rich information [2, 52, 58]. Second, it should demonstrate robust
generalization across different spatio-temporal scenarios. Especially
in scenarios with limited or no training data, the model can still
work well without obvious performance degradation [14, 58].

However, realizing the aforementioned capabilities encounters
significant challenges specific to spatio-temporal data, which im-
pede the direct application of current foundation models developed
for language and vision domains. The first challenge arises from
the inherent diverse formats of spatio-temporal datasets. Unlike
languages with a natural and unified sequential structure or images
and videos adhering to standardized dimensions, spatio-temporal
data collected from different sources exhibit highly varied features.
These include variable dimensions, temporal durations, and spatial
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Figure 1: The transition from traditional separate deep learn-
ing models to a one-for-all universal model for urban spatio-
temporal prediction.

coverages that differ significantly, posing difficulties in standardiz-
ing their structure. The second challenge arises from high variations
in data distributions across multiple scenarios. Faced with highly dis-
tinct spatio-temporal patterns, the model may struggle to adapt to
these differences. Unlike language, which benefits from a shared
vocabulary, various scenarios of different domains and cities often
operate on entirely different spatial and temporal scales, lacking
common elements for effective training and generalization.

Although the displayed spatio-temporal patterns vary signifi-
cantly, there are certain underlying laws that should be common
among them. This principle arises from the intuition that human
activity influences various spatio-temporal data generated in ur-
ban settings, leading to the existence of universal patterns. For
example, traffic speed and communication networks exhibit dis-
tinct spatio-temporal patterns, yet both are influenced by human
mobility and therefore adhere to similar underlying principles. Ad-
ditionally, while temporal periodic patterns vary across domains,
they share fundamental concept of repetition. Furthermore, city
layouts vary considerably between different urban areas, but the
relationships among various functional zones within cities may
exhibit shared characteristics. Therefore, the key to building a one-
for-all model is to capture, align and leverage these shared while
underlying characteristics effectively.

To this end, we introduce UniST, a universal solution for ur-
ban spatio-temporal prediction through advanced pre-training and
prompt learning. Notably, UniST achieves three essential capabili-
ties of:

(1) Scalability across scenarios with diverse spatio-temporal data;

(2) Effective pre-training to capture complex spatio-temporal rela-
tionships;

(3) utilizing spatio-temporal prompts to align underlying shared
patterns across scenarios.

UniST achieves the above capabilities through its holistic de-
sign driven by four key components: data, architecture, pre-training,
and prompt learning. Firstly, we harness the rich diversity inherent
in spatio-temporal scenarios by leveraging extensive data from
various domains and cities. Secondly, we design spatio-temporal
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patching to unify diverse data into a sequential format, facilitating
the utilization of the powerful Transformer architecture. Thirdly,
drawing inspiration from large language and vision models [9, 18],
UniST adopts the widely-used generative pre-training strategy —
Masked Token Modeling (MTM). We further enhance the model’s
capability to capture complex spatio-temporal relationships by em-
ploying multiple masking strategies that comprehensively address
multi-perspective correlations. Moreover, informed by the estab-
lished domain knowledge in spatio-temporal modeling, we design
an innovative prompt learning approach. The elaborated prompt
network identifies underlying and shared spatio-temporal patterns,
adapting dynamically to generate useful prompts. In this way, UniST
aligns distinct data distributions of various datasets and advances
towards developing a one-for-all universal model. We summarize
our contributions as follows:

e To our best knowledge, this the first attempt to address universal
spatio-temporal prediction by investigating the potential of a
one-for-all model in diverse spatio-temporal scenarios.

e We propose UniST that harnesses data diversity and achieves uni-
versal spatio-temporal prediction through advanced pre-training
and prompt learning. It has made a paradigm shift from tradi-
tional separate deep learning methods to a one-for-all model.

o Extensive experiments demonstrate the generality and univer-
sality of UniST. It achieves new state-of-the-art performance
on various prediction tasks, particularly, superior few-shot and
zero-shot capabilities.

2 RELATED WORK

Urban Spatio-Temporal Prediction. Urban spatio-temporal pre-
diction [53, 73] aims to model and forecast the dynamic patterns of
urban activities over space and time. Deep learning techniques has
propelled significant advancements. A spectrum of models, includ-
ing CNNs [30, 35, 67], RNNs [33, 55, 56], ResNets [67], MLPs [46, 69],
GNN s [1, 15, 72], Transformers [6, 7, 21, 64], and diffusion mod-
els [65, 75], have been introduced to capture spatio-temporal pat-
terns. Simultaneously, cutting-edge techniques like meta-learning [40,
63], contrastive learning [19, 68], and adversarial learning [42, 51]
are also utilized. However, most approaches remain constrained
by training separate models for each specific dataset. Some stud-
ies [25, 39, 40, 63] explore transfer learning between cities, however,
a certain amount of data samples in the target city are still required.
Current solutions are restrictive to specified spatio-temporal scenar-
ios and require training data, while our model allows generalization
across diverse scenarios and provides a one-for-all solution.

Foundation Models for Spatio-temporal Data and Time Se-
ries. Inspired by the remarkable strides in foundation models for
NLP [3, 52] and CV [2, 45], foundation models for urban prediction
have emerged recently. Some explorations unlock the potential of
large language models (LLMs) in this context. Intelligent urban sys-
tems like CityGPT [10, 61], CityBench [11] and UrbanGPT [31] have
demonstrated proficiency in addressing language-based tasks. Addi-
tionally, LLMs are utilized for describing urban-related images [62]
to benefit downstream tasks and predict user activities [16]. More-
over, the application of LLMs extends to traffic signal control [28],
showecasing their utility in tackling complex spatio-temporal prob-
lems beyond languages. Recently, there also has been great progress
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Table 1: Comparison of UniST with other spatio-temporal
models regarding important properties.

Model Scalability(l) Few-shot Zero-shot Efficicency
PromptST [70] X X X
GPT-ST [32] X X X
STEP [47] X X X
ST-SSL [19] X X X
TrafficBERT [22] X X
TFM [54] X X X
UrbanGPT [31] &) @ X
STG-LLM [34] X X X X
UniST

() Whether can leverage diverse datasets with diverse formats.
@) Restricted in the same city.

in foundation models for time series [4, 23, 24, 74]. Unlike time se-
ries characterized by a straightforward sequential structure, spatio-
temporal data presents a more intricate nature with intertwined
dependencies across both spatial and temporal dimensions. While
exploring the integration of LLMs is promising, it’s important to rec-
ognize that spatio-temporal data is not inherently generated by lan-
guage. Thus, developing foundation models specifically trained on
pure spatio-temporal data is also an important direction. In Table 1,
we compare the essential properties of UniST with other approaches
employing pre-training, prompt learning, or LLMs. UniST encom-
passes all these essential capabilities, whereas other approaches
have certain limitations.

Prompt Learning. Prompt learning has achieved superior perfor-
mance in large models [20, 36, 44, 48], with the goal of enhancing
the generalization capability of pretrained models on specific tasks
or domains. Typically, language models usually use a limited num-
ber of demonstrations as prompts and vision models often employ
a learnable prompt network to generate useful prompts, known as
prompt learning. Our research aligns with prompt learning, where
spatio-temporal prompts are adaptively generated based on spatio-
temporal patterns through a prompt network.

3 METHODOLOGY

3.1 Preliminary

Spatial and Temporal Partitions. We use a grid system for spatial
partitioning, dividing the city into equal, non-overlapping areas
defined by longitude and latitude on an H X W map. For each area,
the temporal dynamics are recorded at certain intervals.
Spatio-Temporal Data. A spatio-temporal data X is defined as a
four-dimensional tensor with dimensions T X C X H X W, where T
represents time steps, C represents the number of variables, H and
W represent spatial grids. T, C, H, and W can vary across different
spatio-temporal scenarios.

Spatio-Temporal Prediction. For a specific dataset, given [}, his-
torical observations for the grid map, we aim to predict the future
k steps. The spatio-temporal prediction task can be formulated as
learning a 0-parameterized model F: X[;.r4k] = Fo(X[1-1,:4])-
Few-Shot and Zero-Shot Predictions. The model is trained on
multiple source datasets and then adapted to a target dataset. In
few-shot learning, it is fine-tuned with a small amount of target
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samples; in zero-shot learning, it makes predictions without any
fine-tuning.

3.2 Pre-training and Prompt Learning

Universal spatio-temporal prediction aims to empower a single
model to effectively handle diverse spatio-temporal scenarios, re-
quiring the unification of varied spatio-temporal data within a
cohesive model. This necessitates addressing significant distribu-
tion shifts across datasets of different scenarios. To achieve this
goal, we propose a framework for pre-training and prompt learning,
leading to a universal prediction model, UniST. Figure 2 shows the
overview architecture, detailing UniST with two stages:

e Stage 1: Large-scale spatio-temporal pre-training. Different
from existing methods limited to a single dataset, our approach
utilizing extensive spatio-temporal data from a variety of domains
and cities for pre-training.

o Stage 2: Spatio-temporal knowledge-guided prompt learn-
ing. We introduces a prompt network for in-context learning,
where the generation of prompts is adaptively guided by well-
developed spatio-temporal domain knowledge, such as spatial
hierarchy and temporal periodicity.

3.3 Base Model

Our base model is a Transformer-based encoder-decoder archi-
tecture. Through spatio-temporal patching, it can handle diverse
spatio-temporal data in a unified sequential format.

Spatio-Temporal Patching. The conventional Transformer
architecture is designed for processing 1D sequential data. However,
spatio-temporal data possesses a 4D structure. To accommodate this,
we first split the data into channel-independent instances, which are
3D tensors. Then, we utilize spatio-temporal patching to transform
the 3D tensor, denoted as X € REXP*XW into multiple smaller 3D
tensors. If the original shape is L X H X W, and the patch size is
(L, h, w), the resulting sequence is given by E € RLXH'XW’ 17
Lw=8w=¥

This transformation involves a 3D convolutional layer with a
kernel size and stride both set to (I, h, w). The process can be ex-
pressed as Ex = CoNv3;(X), where Ex represents the converted
1D sequential data. The sequence length of Ey is L’ X H' X W’.

Positional Encoding. As the original Transformer architecture
does not consider the order of the sequence, we follow the common
practice that incorporate positional encoding [9]. To enhance gener-
alization, we choose sine and cosine functions rather than learnable
parameters for positional encoding. This encoding is separately
applied to the spatial and temporal dimensions.

Encoder-Decoder Structure. The base model utilizes an encoder-
decoder framework inspired by Masked Autoencoder (MAE) [18].
It processes input patches with a certain masking ratio, where the
encoder takes the unmasked patches and the decoder reconstructs
the image using the encoder’s output and the masked patches. Our
focus is on capturing comprehensive spatio-temporal dependen-
cies, including both high-level and low-level relationships, with
the goal of accurately predicting values at specific time and space
coordinates. Unlike MAE, which uses a lightweight decoder for pre-
training, our model employs a full-sized decoder that plays a crucial
role in both pre-training and fine-tuning. It can be formulated as:
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Figure 2: The overview architecture of UniST, which consists of two stages: (i) large-scale spatio-temporal pre-trianing, (ii)

spatio-temporal knowledge-guided prompt learning.

Eenc = ENCODER(Ey), Yg0. = DECODER(Eenc, Epmask)s

where E,,, ;51 denotes the token embeddings for the masked patch.

3.4 Spatio-Temporal Self-Supervised Pre-train

In pretrained language models, the self-supervised learning task is
either masking-reconstruction [9] or autoregressive prediction [3].
Similarly, in vision models, visual patches are randomly masked
and the pre-training objective is to reconstruct the masked pix-
els. To further augment the model’s capacity to capture intricate
spatio-temporal relationships and intertwined dynamics, we intro-
duce four distinct masking strategies during the pre-training phase,
which are shown in the left box in the stage 1 of Figure 2. Suppose
the masking percentage is r, we explain these strategies as follows:

o Random masking. This strategy is similar to the one used in
MAE, where spatio-temporal patches are randomly masked. Its
purpose is to capture fine-grained spatio-temporal relationships.

M ~U[0,1], Ex = Ex[M < 1—r], M € RLXHXW’,

o Tube masking. This strategy simulates scenarios where data
for certain spatial units is entirely missing across all instances in
time, mirroring real-world situations where some sensors may
be nonfunctional—a common occurrence. The goal is to improve
spatial extrapolation competence.

M ~U[0,1], Ex = Ex[ :,M < 1—r], M e RE>XW",

o Block masking. A more challenging variant of tube masking,
block masking involves the complete absence of an entire block
of spatial units across all instances in time. The reconstruction
task becomes more intricate due to limited context information,
with the objective of enhancing spatial transferability.

M-1_, M _,M-1_, M_,
M ~ UN1ForRM(1, 2), Ex:Ex[:,TH :?H’TW :EW]'

e Temporal Masking. In this approach, future data is masked,
compelling the model to reconstruct the future based solely on
historical information. The aim is to refine the model’s capability
to capture temporal dependencies from the past to the future.

M = CoNCAT([1(1—p) L xH W OrL xH xw 1), Ex = Ex[M =1].

By employing these diverse masking strategies, the model can
systematically enhance its modeling capabilities from a compre-
hensive perspective, simultaneously addressing spatio-temporal,
spatial, and temporal relationships.

3.5 Spatio-Temporal Knowledge-Guided Prompt

Prompt learning plays a critical role in enhancing UniST’s general-
ization ability. Before delving into the details of our prompt design,
it is essential to discuss why pre-trained models can be applied to
unseen scenarios.

3.5.1 Spatial-Temporal Generalization. In urban prediction
tasks, the distributions of features and labels differ across domains
and cities, denoted as X4 # Xg, Y4 # Yg, where X and Y denote
features and labels, while A and B represent different cities or do-
mains. Taken A and B as a simple example, generalization involves
leveraging knowledge acquired from the A dataset and adapt it to
the B dataset. The key point lies in identifying and aligning “related”
patterns between A and B datasets. While finding similar patterns
for an entire dataset may be challenging, we claim that identi-
fying and aligning fine-grained patterns is feasible. Specifically,
we provide some assumptions that applies to prompt-empowered
spatio-temporal generalization, which are expressed as follows:
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Figure 3: Illustration of the prompt generation process.

Assumption 1. For a new dataset B, it is possible to identify fine-
grained patterns related to the training data A.

XA #XB, Ya # VB,
dxa € XA, Ya € YA, 3xp € XB,yp € YB,: Xa = Xp, Ya ® Yp-

Assumption 2. Distinct spatio-temporal patterns correspond to cus-
tomized prompts.

P} ;EP;f if D(xi,xj) > ¢,
D(P,P}) > D(Pp, Pp) if D(xi,x}) > D(xm, xn),

where x; denotes the fine-grained spatio-temporal pattern, P repre-
sents the prompt of x;, and D is the similarity between x; and x;.
Assumption 3. There exists fy that captures the mapping relation-
ship from the spatio-temporal pattern x; to prompt P;.

P; = fo(x;) where 0= argminz DisTANCE(P}, fp(x;)).
0 i

Based on these assumptions, our core idea is that for different
inputs with distinct spatio-temporal patterns, customized prompts
should be generated adaptively.

3.5.2 Spatio-Temporal Domain Knowledge. Given the afore-
mentioned assumptions, a critical consideration is how to define the
concept of “similarity” to identify and align shared spatio-temporal
patterns. Here we leverage insights from well-established domain
knowledge in spatio-temporal modeling [67, 73], encompassing
properties related to both space and time. There are four aspects to
consider when examining these properties:

e Spatial closeness: Nearby units may influence each other.

e Spatial hierarchy: The spatial hierarchical organization impacts
the spatio-temporal dynamics, requiring a multi-level perception
on the city structure.

e Temporal closeness: Recent dynamics affect future results, indi-
cating a closeness dependence.

e Temporal period: Daily or weekly patterns exhibit similarities,
displaying a certain periodicity.
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For simplicity, we provide some straightforward implementa-
tions, which are shown in the four networks in Figure 2, i.e., NET;,
NET¢p, NETs, and NETgy,. For the spatial dimension, we first em-
ploy an attention mechanism to merge the temporal dimension into
a representation termed Es. Then, to capture spatial dependencies
within close proximity, a two-dimensional convolutional neural
network (CNN), i.e, NETs., with a kernel size of 3 is employed.
To capture spatial hierarchies, we utilize CNNs with larger ker-
nel sizes, i.e., NETgy,. These larger kernels enable the perception of
spatial information on larger scales, which facilitate to construct
a hierarchical perspective. As for the temporal dimension, we em-
ploy an attention network, i.e., NET;., to aggregate the previous
M steps denoted as X.. Regarding the temporal period, we select
corresponding time points from the previous N days, denoted as X
Subsequently, we employ another attention network, i.e., NET;p,
to aggregate the periodical sequence, which captures long-term
temporal patterns. The overall process is formulated as follows:

Esc = Convyp [3](Xs),
Egp, = {Convyp[2' + 1] (X)) i € {2,3,4},
Ec = ATTENTION(X,),

Etp = ATTENTION(X)).

It is essential to emphasize that the learning of Esc, Esp, Etc, and Eyp
is not restricted by our practice. Practitioners have the flexibility
to employ more complex designs to capture richer spatio-temporal
properties. For example, Fourier-based approaches [38, 60] can be
utilized to capture periodic patterns.

3.5.3 Spatio-Temporal Prompt Learner. Given the represen-
tations of properties derived from spatio-temporal domain knowl-
edge, the pivotal question is how to generate prompts—how does
spatio-temporal knowledge guide prompt generation? Here we utilize
prompt learning techniques. While prompt learning in computer vi-
sion [20] often train fixed prompts for specific tasks such as segmen-
tation, detection, and classification. Due to the high-dimensional
and complex nature of spatio-temporal patterns, training a fixed
prompt for each case becomes impractical.

To tackle this issue, we draw inspirations from memory net-
works [49] and propose a novel approach that learns a spatial mem-
ory pool and a temporal memory pool. In the prompt learning
process, these memory pools are optimized to store valuable in-
formation about spatio-temporal domain knowledge. As shown in
Figure 3, the spatial and memory pools are defined as follows:

KM; = {(ks,o, ms,O)s (ks,l, ms,l): e (ks,Nfl’ ms,Nfl)}’
KM; = {(kt o, meo), (kt,1, me1), .., (ke N—1, M N-1)}

where ks i, ms i, kti,ms i i € {0,1,...,N — 1} are all learnable pa-
rameters, and the memory is organized in a key-value structure
following existing practice [49, 59].

Subsequently, useful prompts are generated based on these opti-
mized memories. This involves using the representations of spatio-
temporal properties as queries to extract valuable memory knowl-
edge, i.e., pertinent embeddings from the memory pool. Figure 3
illustrates the process, and it is formulated as follows:
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Table 2: Performance comparison of short-term prediction on seven datasets in terms of MAE and RMSE. We use the average
prediction errors over all prediction steps. Bold denotes the best results and underline denotes the second-best results.

TaxiBJ Crowd Cellular BikeNYC Traffic]N TDrive TrafficSH
Model RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
HA 53.77 29.82 17.80 6.79 72.94 27.57 11.41 3.43 1.38 0.690 150.2 74.5 1.24 0.771
ARIMA 56.70 39.53 21.87 10.23 81.31 40.22 12.37 3.86 1.20 0.651 211.3 108.5 1.17 0.769
STResNet 45.17 30.87 5.355 3.382 24.30 14.32 8.20 4.98 0.964 0.556 220.1 117.4 1.00 0.723
ACFM 37.77 21.59 4.17 2.34 22.79 12.00 3.93 1.67 0.920 0.559 98.1 51.9 0.833 0.566
STID 27.36 14.01 3.85 1.63 18.77 8.24 4.06 1.54 0.880 0.495 47.4 233 0.742 0.469
STNorm 29.37 15.71 4.44 2.09 19.77 8.19 4.45 1.66 0.961 0.532 54.3 47.9 0.871 0.579
STGSP 45.04 28.28 7.93 4.56 39.99 21.40 5.00 1.69 0.882 0.490 94.6 47.8 1.02 0.749
MC-STL 29.14 15.83 4.75 2.39 21.22 10.26 4.08 2.05 1.19 0.833 54.2 28.1 1.00 0.720
PromptST 27.44 14.54 3.52 1.54 15.74 7.20 4.36 1.57 0.953 0.490 47.5 22.8 0.811 0.523
MAU 38.14 20.13 4.94 2.35 39.09 18.73 5.22 2.06 1.28 0.697 48.8 22.1 1.37 0.991
PredRNN 27.50 14.29 5.13 2.36 24.15 10.44 5.00 1.74 0.852 0.463 54.9 25.2 0.748 0.469
MIM 28.62 14.77 5.66 2.27 21.38 9.37 4.40 1.62 1.17 0.650 51.4 22.7 0.760 0.505
SimVP 32.66 17.67 3.91 1.96 16.48 8.23 4.11 1.67 0.969 0.556 46.8 22.9 0.814 0.569
TAU 33.90 19.37 4.09 2.11 17.94 8.91 4.30 1.83 0.993 0.566 51.6 28.1 0.820 0.557
PatchTST 42.74 22.23 10.25 3.62 43.40 15.74 5.27 1.65 1.25 0.616 106.4 51.3 1.10 0.663
iTransformer 36.97 19.14 9.40 3.40 37.01 13.93 7.74 2.53 1.11 0.570 86.3 42.6 1.04 0.655
PatchTST(one-for-all)  43.66 23.16 13.51 5.00 56.80 20.56 9.97 3.05 1.30 0.645 127.0 59.26 1.13 0.679
UniST(one-for-all) 26.84 13.95 3.00 1.38 14.29 6.50 3.50 1.27 0.843 0430 44.97 19.67 0.665 0.405
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where Esc, Egp, Etc, Etp represent four representations related to
four types of spatio-temporal domain knowledge, and Psc, Psp, Prc, Ptp
are the extracted prompts. This allows the model to adaptively se-
lect the most useful information for prediction. These prompts are
then integrated into the input space of the Transformer architecture,
which are displayed in the upper part of Figure 3.

4 PERFORMANCE EVALUATIONS
4.1 Experimental Setup

To evaluate the performance of UniST, we conducted extensive
experiments on more than 20 spatio-temporal datasets. Due to the
page limit, we select a few representative results on below, and a
full benchmark can be found in the arXiv version!.

Datasets. The datasets we used cover multiple cities, spanning
various domains such as crowd flow, dynamic population, traffic
speed, cellular network usage, taxi trips, and bike demand. Appen-

dix Table 4 and Table 5 (arXiv) provide a summary of the datasets

Uhttps://arxiv.org/abs/2402.11838

we used. These spatio-temporal datasets originate from distinct
domains and cities, and have variations in the number of variables,
sampling frequency, spatial scale, temporal duration, and data size.

Baselines. We compare UniST with a broad collection of state-
of-the-art models for spatio-temporal prediction, which can be
categorized into five groups:

e Heuristic approaches. History average (HA) and ARIMA.

e Deep urban prediction approaches. We consider state-of-
the-art urban ST prediction models, including STResNet [67],
ACFM [35], MC-STL [68], STGSP [71], STNorm [8], STID [46],
and PromptST [70].

e Video prediction approaches. We compare with competitive
video prediction models from the popular benchmark, including
PredRNN [56], MAU [5], MIM [57], SimVP [13], and TAU [50].

e Multivariate time series forecasting approaches. We con-
sider state-of-the-art multivariate time series forecasting mod-
els, including PatchTST [41] and iTransformer [37]. For a fair
comparison, we also train PatchTST for all datasets, denoted as
PatchTST(one-for-all).

e Meta learning approaches. To evaluate the generalization capa-
bility, we consider meta-learning approaches including MAML [12]
and MetaST [63].

Metrics. We employed commonly used regression metrics, in-
cluding Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE). For more detailed information of the datasets, baselines,
and metrics, please refer to Appendix A, B, and Appendix D (arXiv).

4.2 Short-Term Prediction

Setups. Following previous practices [23, 41], both the input step
and prediction horizon are set as 6, i.e., 6 — 6. For baselines, we
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Table 3: Performance comparison of long-term prediction on
three datasets in terms of MAE and RMSE. We use the average
prediction errors over all prediction steps. Bold denotes the
best results and underline denotes the second-best results.

TaxiNYC Crowd BikeNYC

Model RMSE MAE RMSE MAE RMSE MAE
HA 61.03  21.33  19.57 8.49 11.00 3.66
ARIMA 68.0 28.66  21.34 8.93 11.59 3.98
STResNet 29.54  14.46 8.75 5.58 7.15 3.87
ACFM 32.91 13.72 6.16 3.35 4.56 1.86
STID 2474 11.01 4.91 2.63 4.78 2.24
STNorm 31.81  11.99 9.62 4.30 6.45 2.18
STGSP 28.65 1038  17.03 8.21 4.71 1.54
MC-STL 29.29  17.36 9.01 6.32 4.97 2.61
MAU 26.28 9.07 20.13 8.49 6.18 2.13
PredRNN 21.17 7.31 19.70  10.66 5.86 1.97
MIM 6336 29.83  15.70 8.81 7.58 2.81
SimVP 20.18 9.78 5.50 3.13 4.10 1.71
TAU 2497  10.93 5.31 2.81 3.89 1.73
PatchTST 30.64 17.49 5.25 2.83 5.27 1.65
iTransformer 33.81 11.48 6.94 2.63 6.00 2.02

PatchTST(one-for-all) 3450  10.63 6.39 2.92 6.02 1.83
UniST (one-for-all)  19.83 6.71 4.25 2.26 3.56 1.31

train a dedicated model for each dataset, while UniST is evaluated
across all datasets.

Results. Table 2 presents the short-term prediction results, with a
selection of datasets due to space constraints. The complete results
can be found in Table 11 and Table 12 in Appendix E (arXiv). As we
can observe from Table 2, UniST consistently outperforms all base-
lines across all datasets. Compared with the best baseline of each
dataset, it showcases a notable average improvement. Notably, time
series approaches such as PatchTST and iTransformer exhibit infe-
rior performance compared to spatio-temporal methods. This under-
scores the importance of incorporating spatial dependency as prior
knowledge for spatio-temporal prediction tasks. Another observa-
tion is that PatchTST(one-for-all) performs worse than PatchTST
dedicated for each dataset, suggesting that the model struggles to
directly adept to these distinct data distributions. Moreover, base-
line approaches exhibit inconsistent performance across diverse
datasets, indicating their instability across scenarios. The consistent
superior performance of UniST across all scenarios underscores
the significant potential and benefits of a one-for-all model. More-
over, it demonstrates UniST’s capability to orchestrate diverse data,
where different datasets can benefit each other.

4.3 Long-Term Prediction

Setups. Here we extend the input step and prediction horizon
to 64 following [23, 41]. This configuration accommodates pro-
longed temporal dependencies, allowing us to gauge the model’s
proficiency in capturing extended patterns over time. Similar to
the short-term prediction, UniST is directly evaluated across all
datasets, while specific models are individually trained for each
baseline on respective datasets.

KDD ’24, August 25-29, 2024, Barcelona, Spain

EE UniST I MAML [ SimvP [ ATFM I STID
[ MetaST [ PatchTST [ TAU [ PredRNN
20
9
— — — = UniST (zero-shot) -
= [®)
kel >
g 15 7@
z &
w 5w
<
10 <
= B s
F-—= = 3
. B
Crowd BikeNYC
(a) Performance on Few-shot (1%) and Zero-shot Scenarios
11 X 7
— — — = UniST (zero-shot) G
el
: 53
fusl v
< 8
w
< | et | | | | P B T[T = w
= 7 38
5 1

Crowd BikeNYC
(b) Performance on Few-shot (5%) and Zero-shot Scenarios

Figure 4: (a) Few-shot performance of UniST and baselines on
Crowd and BikeNYC datasets using only 1% of the training
data. (b) Few-shot performance of UniST and baselines using
only 5% of the training data. The Dashed red lines denote the
zero-shot performance of UniST.

Results. Table 3 shows the long-term prediction results. Even with
amore extended prediction horizon, UniST still consistently outper-
forms all baseline approaches across all datasets. Compared with
the best baseline of each dataset, it yields an average improvement
of 10.1%. This highlights UniST’s capability to comprehend tem-
poral patterns effectively and its robustness in generalizing across
extended durations. Table 13 in Appendix E (arXiv) illustrates the
complete results.

4.4 Few-Shot Prediction

Setups. The hallmark of large foundation models lies in their ex-
ceptional generalization ability. The few-shot and zero-shot evalua-
tions are commonly employed to characterize the ultimate tasks for
universal time series forecasting [66, 74]. Likewise, the few-shot
and zero-shot prediction capability is crucial for a universal spatio-
temporal model. In this section, we assess the few-shot learning
performance of UniST. Each dataset is partitioned into three seg-
ments: training data, validation data, and test data. In few-shot
learning scenarios, when confronted with an unseen dataset during
the training process, we utilized a restricted amount of training
data, specifically, 1%, 5%, 10% of the training data. We choose some
baselines with relatively good performance for the few-shot set-
ting evaluation, We also compare with meta-learning baselines, i.e.,
MAML and MetaST, and pretraining and finetuning-based time
series method, i.e.,, PatchTST.

Results. Appendix Table 14 to 16 (arXiv) illustrate the overall few-
shot results. Due to the space limit, Figure 4 only illustrates the 1%
few-shot learning results on two datasets. In these cases, UniST still
outperforms all baselines, it achieves a larger relative improvement
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Figure 5: Ablation studies on four traffic speed datasets:
Chengdu (CD), Shanghai (SH), Changsha (CS), and Jinan (JN).
(a) illustrates the results of removing a prompt guided by one
type of spatio-temporal knowledge. (b) presents the results
of varying the number of learnable embeddings in the tem-

poral and spatial memory pools.

over baselines compared to long-term and short-term predictions.
The transferability can be attributed to successful knowledge trans-
fer in our spatio-temporal prompt.

4.5 Zero-Shot Prediction

Setups. Zero-shot inference serves as the ultimate task for assess-
ing a model’s adaptation ability. In this context, after training on
a diverse collection of datasets, we evaluate UniST on an entirely
novel dataset—i.e., without any prior training data from it. The test
data used in this scenario aligns with that of normal prediction and
few-shot prediction.

Results. Figure 4 also compares the performance of UniST (zero-
shot) and baselines (few-shot). As observed, UniST achieves remark-
able zero-shot performance, even surpassing many baselines trained
with training data that are highlighted by red dashed lines. We at-
tribute these surprising results to the powerful spatio-temporal
transfer capability. It suggests that for a completely new scenario,
even when the displayed overall patterns are dissimilar to the data
encountered during the training process, UniST can extract fine-
grained similar patterns from our defined spatial and temporal
properties. The few-shot and zero-shot results demonstrate the
powerful generalization capability of UniST.

5 STUDY AND ANALYSIS ON UNIST
5.1 Ablation Study

The prompts play an essential role in our UniST model. Here we
investigate whether the designed spatial and temporal properties
contribute to the overall performance. We use ‘s’ to denote spatial
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Figure 6: Embeddings visualization of spatial and temporal
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Figure 7: (a) and (b): Comparison of the mean value of inputs
in each memory embedding, where the inputs assign the
highest attention weight to the memory embedding. (c) and
(d): Comparison of the attention weight on each memory
embedding for two distinct datasets.

closeness and hierarchy, ‘p’ for temporal periodicity, and ‘c’ for
temporal closeness. we compare the overall design that incorporates
all three properties with three degraded versions that individually
remove ‘s’, ‘p’, or ‘c’. Figure 5(a) shows the results on four traffic
speed datasets. As we can observe, removing any property results
in a performance decrease. The contributions of each spatial and
temporal property vary across different datasets, highlighting the
necessity of each property for the spatio-temporal design.

Additionally, we explore how the number of embeddings in the
memory pools affects the final performance. As seen in Figure 5(b),
increasing the number from 128 to 512 improves performance across
the four datasets. When further increasing the number to 1024, the
performance remains similar to 512, suggesting that 512 is the
optimal choice.

5.2 Prompt Learner

In this section, we conduct in-depth analyses of the prompt learner.
To provide a clearer understanding, we leverage t-Distributed Sto-
chastic Neighbor Embedding (t-SNE) to visualize the embeddings of
both the spatial and temporal memory pools. Specifically, we plot
the initial state and the optimized state in Figure 6. Notably, from
the start state to the final optimized state, the embeddings gradually
become diverged in different directions. This suggests that, through-
out the optimization process, the memory pools progressively store
and encapsulate personalized information.

Next, we delve into the memorized patterns of each embedding
within the temporal memory pool. Specifically, we first select the
inputs based on the attention weights. For each embedding, we
aggregate the corresponding input spatio-temporal data with the
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highest attention weight. Then, we calculate the mean value of the
extracted spatio-temporal data. Figure 7(a) and Figure 7(b) illustrate
the results for two datasets (Crowd and TrafficSH). As we can
see, the memorized patterns revealed in the prompt tool exhibit
remarkable consistency across different urban scenarios. This not
only affirms that each embedding is meticulously optimized to
memorize unique spatio-temporal patterns, but also underscores
the robustness of the spatial and temporal memory pools across
different scenarios.

Moreover, we examine the extracted spatio-temporal prompts
for two distinct domains. Specifically, we calculate the mean at-
tention weight for each embedding in the context of each dataset.
Figure 7(c) and Figure 7(d) illustrate the comparison results. As
we can observe, the depicted attention weight distributions for the
two datasets manifest striking dissimilarities. The observed distinc-
tiveness in attention weight distributions implies a dynamic and
responsive nature in the model’s ability to tailor its focus based
on the characteristics of the input data. The ability to dynamically
adjust the attention weights reinforces UniST’s versatility and uni-
versality for diverse datasets.

5.3 Scalability

Scalability is a crucial characteristic for universal models, therefore,
we explore the scaling behavior of our UniST model. Our investiga-
tion specifically concentrates on observing changes in training loss
and prediction performance as we vary the model parameter size.
Figure 8 depicts the training loss and testing RMSE of UniST with
varying parameter sizes. Regarding training loss (left figure), sev-
eral key observations emerge: (i) across different parameter sizes,
the training loss consistently decreases and gradually converges
with increasing training steps; (ii) increasing the parameter size
accelerates the convergence of the training loss; (iii) there exist di-
minishing marginal returns, suggesting that reducing the training
loss becomes progressively harder as parameter size increases. The
right figure illustrates the reconstruction RMSE on the testing set,
showing similar trends to the training loss.

These observations indicate that UniST has shown scalability
behaviors,wherein larger models generally exhibit improved perfor-
mance. However, unlike large language and vision models [2, 26],
the scalability in spatio-temporal prediction shows diminishing
marginal returns. This may stem from the relative lack of diversity
in spatio-temporal data compared to language or visual datasets.
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6 CONCLUSION

In this work, we address an important problem of building a univer-
sal model UniST for urban spatio-temporal prediction. By leverag-
ing the diversity of spatio-temporal data from multiple sources, and
discerning and aligning underlying shared spatio-temporal patterns
across multiple scenarios, UniST demonstrates a powerful capa-
bility to predict across all scenarios, particularly in few-shot and
zero-shot settings. A promising direction for future work entails
the integration of various spatio-temporal data formats, such as
grid, sequence, and graph data. Our study inspires future research
in spatio-temporal modeling towards the universal direction.
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APPENDIX
A DATASETS
A.1 Basic Information

Here we provide more details of the used datasets in our study.
We collect various spatio-temporal data from multiple cities and
domains. Table 4 summarizes the basic information of the used
datasets, and Table 5 (arXiv) reports the basic statistics. Specifically,
values for Crowd and Cellular datasets in Table 2, Table 3, Table 13
(arXiv), Table 14 (arXiv) and Figure 4 should be scaled by a factor
of 10%.

A.2 Data Preprocessing

For each dataset, We split it into three non-overlapping periods:
the first 70% of the period was used as the training set, the next
15% as the validation set, and the final 15% as the test set. To ensure
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no overlap between train/val/test sets, we removed intermediate
sequences. We have normalized all datasets to the range [-1,1].
The reported prediction results are denormalized results.

B BASELINES

e HA: History average uses the mean value of historical data for
future predictions. Here we use historical data of corresponding
periods in the past days.

o ARIMA: Auto-regressive Integrated Moving Average model a
widely used statistical method for time series forecasting. It is
a powerful tool for analyzing and predicting time series data,
which are observations collected at regular intervals over time.

e STResNet [67]: It is a spatio-temporal model for crowd flow
prediction, which utilizes residual neural networks to model the
temporal closeness, period, and trend properties.

e ACFM [35]: Attentive Crowd Flow Machine model is proposed
to predict the dynamics of the crowd flows. It learns the dynamics
by leveraging an attention mechanism to adaptively aggregate
the sequential patterns and the periodic patterns.

o STGSP [71]: This model propose that the global information and
positional information in the temporal dimension are important
for spatio-temporal prediction. To this end, it leverages a semantic
flow encoder to model the temporal relative positional signals.
Besides, it utilizes an attention mechanism to capture the multi-
scale temporal dependencies.

e MC-STL [68]: It leverages an state-of-the-art training techniques
for spatio-temporal predition, the mask-enhanced contrastive
learning, which can effectively capture the relationships on the
spatio-temporal dimension.

e MAU [5]: Motion-aware unit is a video prediction model. it broad-
ens the temporal receptive fields of prediction units, which can
facilitates to capture inter-frame motion correlations. It consists
of an attention module and a fusion module.

e PredRNN [56]: PredRNN is a recurrent network-based model. In
this model, the memory cells are explicitly decoupled, and they
calculate in independent transition manners. Besides, different
from the memory cell of LSTM, this network leverages zigzap
memory flow, which facilitates to learn at distinct levels.

e MIM [57]: Memory utilize the differential information between
adjacent recurrent states, which facilitates to model the non-
stationary properties. Stacked multiple MIM blocks make it pos-
sible to model high-order non-stationarity.

e SimVP [13]: It is a simple yet very effective video prediction
model. It is completely built based on convolutional neural net-
works and uses MSE loss. It serves as a solid baseline in video
prediction tasks.

e TAU [50]: Temporal Attention Unit is the state-of-the-art video
prediction model. It decomposes the temporal attention into two
parts: intra-frame attention and inter-frame attention, which
are static and dynamical, respectively. Besides, it introduces a
novel regularization, i.e, differential divergence regularization,
to consider the impact of inter-frame variations.

o STID [46]: It is a MLP-based spatio-temporal prediction model,
which is simple yet effective. Its superior performance comes
from the identification of the indistinguishability of samples in
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Table 4: The basic information of the used datasets.

Yuan Yuan, Jingtao Ding, Jie Feng, Depeng Jin, and Yong Li

Dataset Domain City Temporal Duration Temporal interval Spatial partition
20130601-20131030
TaxiB] Taxi GPS Beijing, China ;giigggi:;giiggig Half an hour 32X 32
20151101-20160410

Cellular Cellular usage Nanjing, China 20201111-20210531 Half an hour 16 * 20
TaxiNYC-1 Taxi OD New York City, USA  20160101-20160229 Half an hour 16 * 12
TaxiNYC-2 Taxi OD New York City, USA  20150101-20150301 Half an hour 20 * 10
BikeNYC-1 Bike usage New York City, USA  20160801-20160929 One hour 16 *8
BikeNYC-2 Bike usage New York City, USA  20160701-20160829 Half an hour 10 * 20
TDrive Taxi trajectory New York City, USA  20150201-20160602 One hour 32 X 32
Crowd Crowd flow Nanjing, China 20201111-20210531 Half an hour 16 * 20
TrafficCS Traffic speed Changsha, China  20220305-20220405 Five minutes 28 x 28
TrafficWH  Traffic speed Wuhan, China 20220305-20220405 Five minutes 30 X 28
TrafficCD  Traffic speed Chengdu, China 20220305-20220405 Five minutes 28 X 26
Traffic]N Traffic speed Jinan, China 20220305-20220405 Five minutes 32x 18
TrafficNJ Traffic speed Nanjing, China 20220305-20220405 Five minutes 32x24
TrafficSH Traffic speed Shanghai, China 20220127-20220227 Five minutes 28 X 32
TrafficSZ Traffic speed Shenzhen, China 20220305-20220405 Five minutes 24 %X 18
TrafficGZ  Traffic speed  Guangzhou, China  20220305-20220405 Five minutes 32 X 26
TrafficGY  Traffic speed Guiyang, China 20220305-20220405 Five minutes 26 X 28
TrafficT] Traffic speed Tianjin, China 20220305-20220405 Five minutes 24 X 30
TrafficHZ  Traffic speed Hangzhou, China ~ 20220305-20220405 Five minutes 28 x 24
TrafficZZ  Traffic speed Zhengzhou, China  20220305-20220405 Five minutes 26 X 26
TrafficBJ Traffic speed Beijing, China 20220305-20220405 Five minutes 30 X 32

spatio-temporal dimensions. It demonstrates that it is promis-
ing to design efficient and effective models in spatio-temporal
predictions.

STNorm [8]: It proposed two types of normalization modules:
spatial normalization and temporal normalization. These two
normalization methods can separately consider high-frequency
components and local components.

PatchTST [41]: It first employed patching and self-supervised
learning in multivariate time series forecasting. It has two essen-
tial designs: (i) segmenting the original time series into patches
to capture long-term correlations, (ii) different channels are op-
erated independently, which share the same network.
iTransformer [37]: This is the state-of-the-art multivariate time
series model. Different from other Transformer-based methods, it

employs the attention and feed-forward operation on an inverted
dimension, that is, the multivariate correlation.

MAML [12]: Model-Agnostic Meta-Learning is an state-of-the-
art meta learning technique. The main idea is to learn a good
initialization from various tasks for the target task.

MetaST [63]: It is an urban transfer learning approach, which uti-
lizes long-period data from multiple cities for transfer learning. by
employing a meta-learning approach, it learns a generalized net-
work initialization adaptable to target cities. It also incorporates
a pattern-based spatial-temporal memory to capture important
patterns.

PromptST [70]: It is the state-of-the-art pre-trianing and prompt-
tuning approach for spatio-temporal prediction.
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