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Abstract—In recent years, spatiotemporal data have played a
crucial role in weather, transportation, and disease transmission
within the context of the Internet of Things (IoT). However,
due to cost constraints and sensor failures, many regions lack
observational data and remain unmonitored. This poses a chal-
lenge to the generalization of the model, which is often addressed
by spatiotemporal completion methods. However, most existing
interpolation and completion methods are limited to the data
distribution of the training regions and struggle to generalize to
out-of-distribution scenarios. This article addresses the challenge
of generalization, particularly in scenarios that require inference
from regions that have never been observed before. To over-
come this limitation, we propose an inductive generative model
for spatiotemporal extrapolation. Our approach is based on a
denoising diffusion probabilistic model (DDPM), incorporating
attention mechanisms guided by nonlocal features and dynamic
topology information. This enables our model to generalize to
previously unseen regions. Empirical evaluations of three datasets
in real-world and cross-city evaluations demonstrate the superior
performance of our approach over state-of-the-art methods.

Index Terms—Climate science, context, diffusion probabilistic
models, dynamic graph information, geology, spatiotemporal
extrapolation.

NOMENCLATURE

G Spatiotemporal graph.
V Set of nodes in spatiotemporal graph.
E Set of edges in spatiotemporal graph.
D Target node set.
C Context node set.
Y0 Target variable of target nodes.
Y t Target variable of target nodes in diffusion

step t.
X Exogenous covariates of target nodes.
YC Target variable of context nodes.
XC Exogenous covariates of context nodes.
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M Number of target nodes.
N Number of context nodes.
L Time window in dataset.
AS Static adjacency graph.
ADyn Learnable dynamic adjacency graph.
K Convolution kernel.
αt Coefficient for noise addition at diffusion

step t.
βt Ratio of noise added at step t calculated

as 1 − αt.
T Total diffusion steps in diffusion process.
t Diffusion step in diffusion process.
ε t Noise in diffusion step t.
θ Model parameters.
q Forward process in diffusion.
γ Attention module gate parameter.
Z Distribution representation of target

nodes.
ZC Distribution representation of context

nodes.
µ Mean of the normal distribution.
σ Variance of the normal distribution.

I. INTRODUCTION

SPATIOTEMPORAL data, characterized by inherent spatial
and temporal patterns, play a crucial role in numerous

real-world applications within the realm of the Internet of
Things (IoT), such as air quality monitoring [1], [2], [3],
[4], traffic status forecasting [5], [6], and social network
[7]. Traditionally, the collection of spatiotemporal data relies
heavily on fixed sensor networks. Although mobile sensing
technologies, such as Mobile CrowdSensing [8], [9], [10],
have emerged in recent years, data collection remains limited
by both the distribution of fixed sensors and the mobility of
sensing participants. Note that spatiotemporal data are often
sparse and unevenly distributed across space and time, with no
sensor network—fixed or mobile—capable of fully covering
all regions. This has led to significant research focused on
leveraging spatiotemporal correlations to infer missing data,
aiming to fill the gaps in data coverage. Numerous meth-
ods have been proposed for spatiotemporal data imputation,
including approaches based on compressed sensing, matrix
factorization [11], and deep learning [1], [12], all of which
have achieved promising results. These methods typically
operate on a predefined grid structure, assuming that data
can be collected from a fixed set of regions at each time
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Fig. 1. Spatiotemporal extrapolation. The diagrams depict the prediction of
spatiotemporal target nodes that have never been seen or trained before, lever-
aging identical spatiotemporal context nodes and corresponding exogenous
covariates.

period. By exploiting spatial correlations between regions
and temporal correlations within a single region, they can
infer missing spatiotemporal data. However, these methods
are largely transductive, meaning that they struggle to han-
dle newly added or dynamically changing sensing regions.
In practice, as shown in Fig. 1, target sensing areas often
change over time and may not have been observed. Therefore,
tackling the challenge of inductive spatiotemporal extrapola-
tion in the context of new or dynamically changing target
regions is crucial for real-world applications.

When dealing with unseen sensing regions, historical data
are often unavailable. Intuitively, generative methods can
be employed to synthesize data for such unknown regions.
Among these, the diffusion probability model, renowned for
its powerful data mining capabilities, has achieved impres-
sive results in sequence data generation [13], [14]. However,
most existing spatiotemporal diffusion probability models are
transductive during training, relying on data collected from
fixed regions where sensors were deployed [6], [12], [13].
In inductive scenarios, due to the need to add and remove noise
for all nodes and the complexity of dynamic environments, the
training process becomes challenging.

Meanwhile, in spatiotemporal extrapolation tasks, signifi-
cant nonhomogeneity often exists between the target domain D
and the known domain C in terms of spatiotemporal distribu-
tions, leading to potential inconsistency in the distribution of
target variables with the known domain. This distribution shift
may arise from differences in temporal distribution, spatial dis-
tribution, or feature distribution, requiring models to possess
cross-domain transfer capability for accurate inference under
distribution inconsistency, presenting another key challenge.

In addition, as new target sensing regions are introduced and
existing ones change, the structure of the spatiotemporal graph
becomes increasingly dynamic, and the spatial–temporal rela-
tionships between sensing data also change [15]. Therefore,
how to adapt to these dynamic graph structures and capture
the evolving correlations is the third challenge.

To address the aforementioned challenges in applying diffu-
sion probability models to spatiotemporal extrapolation tasks,
we propose a diffusion probabilistic model for spatiotemporal
extrapolation (DSTE). We first introduce graph aggregation to
aggregate the information of known regions onto the target
region and then perform noise adding training. Through the
random sampling training method, we fully train the nodes in

the dataset so that the model has the ability of extrapolation.
To address the distribution shift across different geographical
regions in extrapolation tasks, we then propose a nonlocal
factor learning module based on the neural process theory.
This is a method of using context nodes learning to take
the relationship between target variables and covariates as
an auxiliary factor to assist inferences. Finally, we design a
dynamic graph aggregation module, which uses the relation-
ships between covariates to generate dynamic graphs in real
time for auxiliary inferences. In summary, our work makes
specific contributions as follows.

1) We introduce DSTE, the pioneering diffusion probability
model and training method for spatiotemporal extrap-
olation tasks, enabling data inference in unobserved
regions.

2) To address the extrapolation challenges, we extract
nonlocal factors to enhance generalization for unknown
regions and integrate them with model training through
the loss function.

3) To adapt to dynamic topological structures in extrap-
olation scenarios, we design static subgraph sampling
with dynamic topology learning to capture time-varying
graph features and strengthen topological adaptation.

4) Our model excels in spatiotemporal extrapolation, out-
performing others with an impressive reduction in mean
absolute error (MAE) on three real-world datasets.

The source code for this study can be accessed at the
following repository.1

II. PRELIMINARIES

In this section, we present definitions for the different terms
and concepts associated with spatiotemporal data discussed in
the article. Following that, we provide a concise introduction
to the denoising diffusion probabilistic model (DDPM).

A. Definitions and Notations

Definition 1 (Graph): We represent a graph as G = (V , E),
where V denotes the set of nodes, |V | represents the number
of vertices in the set, and E signifies the set of weighted edges
connecting the nodes in the graph. A represents the adjacency
matrix of graph G. As specifically designates the static matrix
detailing weighted connections influenced by spatial distances
among individual nodes within the graph.

Definition 2 (Spatiotemporal Data): We formalize spa-
tiotemporal data as a sequence Y1:L = {Y1,Y2, . . . ,YL} ∈

RK×L×dy over consecutive time, where Yl ∈ R
K×dy is the

values observed at time l by K observation nodes, such as
air monitoring stations and traffic sensors. Here, dy represents
the feature dimension of Y1:L.

Definition 3 (Exogenous Covariates): Exogenous covariates
are denoted as a sequence X1:L = {X1, X2, . . . , XL} ∈ R

K×L×dx,
where dx is the number of channels. They contribute to
the learning process as they exhibit significant correlations
with node data. These exogenous covariates are often read-
ily available from diverse sources, such as weather stations

1The code is available at https://github.com/loiter74/DSTE
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providing data on weather conditions, which can influence
air pollutant data. For all spatiotemporal data within the set
of nodes Xi ∈ R

K , we utilize the pairs {Yi,1:L, Xi,1:L}. Here,
Yi,1:L represents the target values that we aim to infer for the
corresponding nodes, while Xi,1:L denotes the variables that are
more easily accessible and are related to Yi,1:L.

Definition 4 (Context and Target Sets): In our problem, the
set of sites can be categorized into two types. One is the set
of context nodes, denoted as C, where C = {Yi,1:L, Xi,1:L}

N
i=1.

Within set C, all the data {Yi,1:L, Xi,1:L} of the nodes are
known. The other type is the set of target nodes, denoted
as D = {Yi,1:L, Xi,1:L}

M
i=1, representing the target values and

exogenous covariates of the regions we aim to infer. N and
M, respectively, correspond to the node quantities in sets C
and D. In set D, only the covariates are known, while the
target values are the objectives of our inference.

B. Diffusion Probabilistic Models

Diffusion probabilistic model, as a generative model, has
spawned various theoretical variants, including NCSN [16],
DDPM [17], and SGM [18] that involve a training method
that incorporates the addition of noise and denoising. This
process entails constructing two parameterized Markov chains
to diffuse the data with predefined noise and subsequently
reconstructing the desired samples from the introduced noise.
In the forward process, DDPM gradually distorts the raw data
distribution x0 ∼ q(x0) to converge to the standard Gaussian
distribution zt under a predesigned mechanism. Meanwhile,
the reverse chain aims to train a parameterized Gaussian
transition kernel to recover the unperturbed data distribution.
Mathematically, the definition of the forward process q is
as follows. Here, we mainly follow the theoretical model
proposed by DDPM. The diffusion time steps are denoted with
superscripts to avoid confusion between diffusion time steps
and temporal time in space–time, such as xt

q
�
xt
ˇ̌
xt−1 � = N

�
xt;
p

1 − βt xt−1, βtI
�

q
�
x1:T

ˇ̌
x0 � =

TY
t=1

q
�
xt
ˇ̌
xt−1 � (1)

where βt is a small constant hyperparameter that controls the
variance of the added noise. xt is sampled by xt = (ᾱt)1/2x0 +
(1−ᾱt)1/2ε, where αt = 1−βt, ᾱt =

Q
t α

i, and ε is the sampled
standard Gaussian noise. When T is large enough, q(xT |x0) is
close to a standard normal distribution. The reverse process
can be formalized as

pθ
�
x0:T |xT � =

TY
t=1

pθ
�
xt−1|xt�

pθ
�
xt−1|xt� = N

�
xt−1; µθ

�
xt, t

�
σ2I

�
. (2)

DDPM introduces an effective parameterization of µθ
and σ2

t . In this work, they can be defined as

µθ
�
xt� =

1
√
ᾱt

�
xt − βt

√
1 − ᾱtεθ

�
xt, t

��
σt =

r
1 − ᾱt−1

1 − ᾱt β
t. (3)

The neural network will undergo training to optimize the
variational upper bound on the negative log likelihood, which
can be estimated via the Monte Carlo algorithm. Consequently,
the DDPM would sample from the limit distribution and
then recursively generate samples xt using the learned reverse
chain. DDPM proposes that it can be trained more effectively
by a simplified parameterization schema, which leads to the
following objective:

Loss (θ) = Ex0,ε,t

h

ε − εθ �xt, t
�

2

2

i
(4)

where εθ(·) is a network estimating noise added to xt. Once
trained, target variables are first sampled from Gaussian as the
input of εθ(·) to progressively learn the distribution pθ(xt−1|xt)
and denoise xt until x0 is obtained. DDPM decomposes a dis-
tribution into a combination of Gaussians, with each step only
recovering the simple Gaussian. This capability empowers the
model to effectively represent complex distributions, making it
suitable for learning the conditional distributions in our tasks.

C. Neural Process

A neural process is a probabilistic model designed to handle
functions and distributions over functions [19]. It generalizes
Gaussian processes by leveraging neural networks. Neural
processes can learn from a small number of observed data
points to make predictions about the entire function. They
are particularly useful in scenarios where data are limited or
expensive to obtain, such as in few-shot learning tasks. The
key idea is to capture the underlying structure of the function
space, enabling the model to generate reasonable function
values for new input points based on the learned patterns from
the available data.

Algorithm 1 Training Process of DSTE
Data: The set of context node set C, the exogenous covariates
X and the target variables Y0 of the target node set D, the
static adjacency matrix As, the number of iterations Nit, the
number of diffusion steps T , noise levels sequence ᾱt

Result: Optimized noise prediction model θ
1 for i = 1 to Nit do
2 Sample t ∼ Uniform({1, . . .,T }), ε ∼ N (0, I), C⊥D ∼

Datasettrain
3 Y t ←

√
ᾱtY0 +

√
1 − ᾱtε

4 Updating the gradient ∇θ‖ε t − εθ(Y t, X, C, As, t)‖22

Let us consider a set of input points X = {x1, x2, . . . , xn} and
their corresponding target values Y = {y1, y2, . . . , yn}. A neural
process consists of two main components: an encoder and a
decoder. The encoder takes the input–output pairs (X,Y) and
encodes them into a latent representation z. Mathematically,
the encoding process can be represented as Z = Encoder(X,Y).

The decoder then takes a new input point x∗ and the latent
representation Z to predict the distribution of the correspond-
ing output y∗. The prediction is formulated as p(y∗|x∗, X,Y) =

Decoder(x∗,Z). In many cases, the decoder outputs the mean µ
and variance σ2 of a Gaussian distribution, so p(y∗|x∗, X,Y) =

N (y∗; µ(x∗,Z), σ2(x∗,Z)). This formulation allows the neural
process to not only make point predictions but also quantify
the uncertainty associated with those predictions.
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Fig. 2. Proposed DSTE model framework. Attention learning is organized into multiple layers based on feature scales. Within each layer, STGNN and
nonlocal factor learning module handle the extraction of attention mechanism components, specifically V , while dynamic topology aggregation incorporates
dynamic topology to aggregate context node information into the Q and K in the attention mechanism.

III. METHODOLOGY

In this section, we propose DSTE. As illustrated in Fig. 2,
the key components are nonlocal factor learning and dynamic
aggregation modules that exploit covariate information and
adapt to dynamic scenarios. We introduce the spatiotemporal
extrapolation problem, then describe the training and sampling
stages, and finally detail the two key modules and attention-
based denoising network ε.

A. Spatiotemporal Extrapolation

Spatiotemporal extrapolation is a method of predicting data
in unknown spatiotemporal regions based on known spa-
tiotemporal data. We refer to our problem as an extrapolation
problem, using known context nodes to infer the target variable
in target nodes through the learned function f (·). Unlike other
extrapolations, we also use exogenous covariates to learn
the interaction between the target variable and exogenous
covariates for extrapolation assistance

C {X1:L,Y1:L} ,D {X1:L}
f (·)
−→ D {Y1:L} . (5)

For clarity, we denote the spatiotemporal target data within
the target set D{Y1:L} as Y and the spatiotemporal exogenous
covariates within the target set D{X1:L} as X. Furthermore, the
target data within the context set C{Y1:L} are referred to as YC ,
and the exogenous covariates within the context set C{X1:L}

are referred to as XC .

B. Inductive Diffusion Model Training

In response to the limitation that existing spatiotempo-
ral denoising diffusion probability models [13], [20] cannot
be applied to spatiotemporal extrapolation problems, we
adopt the conditional diffusion probability model proposed by
CSDI [13], utilizing spatiotemporal aggregation information as
a condition for guided diffusion model generation. The forward
noise addition process is shown as follows:

q
�
Y t
ˇ̌
Y t−1 � = N

�
Y t;

p
1 − βtY t−1, βtI

�
. (6)

Algorithm 2 Extrapolation Process With DSTE
Data: The set of context node set C, and the exogenous
covariates X of the target node set D, the static adjacency
matrix AS , the number of diffusion steps T , the optimized
noise prediction model εθ
Result: Unobserved extrapolation target values Y0

1 Sample YT ∼ N (0, I), C ∼ Datasettest
2 for t = T to 1 do
3 µθ(Y t, X, C, As, t)← 1√

ᾱt (Y
t − βt

√
1 − ᾱtεθ(Y t, X, C, As, t)

4 Reverse denoising Y t−1 ← N (µθ(Y t, X, C, As, t), σ2
t I)

The meaning of β in (6) is consistent with that in (1),
where Y represents the target spatiotemporal data for the
region. While the backward process is modified to incorporate
a conditional denoising approach, it is specifically shown as
follows:

pθ
�
Y0:T

ˇ̌
YT , X, C, As

�
=

TY
t=1

pθ
�
Y t−1

ˇ̌
Y t, X, C, As

�
. (7)

The loss function of the conditional diffusion extrapolation
model is derived from (3) and (4) as follows:

L (θ) = Ex0,ε,t

h

ε − εθ �Y t, X, C, As, t
�

2

2

i
. (8)

The improved diffusion extrapolation model integrates the
target node exogenous covariates X, the context node set C,
and an additional condition represented by the static adjacency
matrix As, which captures the static topological relationships.
The entire reverse process involves predicting the added noise
for the extrapolation target, with the goal of restoring the
original information of the noisy sample. As a result, θ is
often referred to as the noise prediction model.

The training and extrapolation processes of the model
are illustrated in the framework diagram shown in Fig. 2.
Specifically, during the training process, we start by select-
ing a context node set C and a target node set D from a
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predivided training dataset, ensuring that the two sets do not
overlap. Next, we introduce varying degrees of Gaussian noise
[17] to the target variables Y0 in the designated target node
set D, resulting in Y t. Subsequently, we use the perturbed Y t,
diffusion time step t, exogenous covariates X, the context
node set C, and the static topology between nodes As as
inputs. Through the denoising module, we aim to learn the
conditional distribution of the target variables by removing
the noise added to Y t. The extrapolation process is the reverse
of the denoising process. At this stage, the target node set
D is already specified. We initialize the target variables at
the designated positions with pure Gaussian noise YT . The
remaining inputs follow a similar structure to the training
process. Through iterative denoising steps, we progressively
restore YT to the extrapolated target values Y0.

We are not making substantial alterations to the overall
training process of the denoising diffusion model. This deci-
sion is primarily influenced by our emphasis on designing
a denoising module tailored for extrapolation problems. Our
research aims to facilitate inductive reasoning by enabling
the denoising model εθ to learn the interdependence between
conditions and target recovery.

C. Denoising Neural Network

The denoising neural network εθ is a key part in our model,
which makes DSTE have generative ability to transform YT

to Y0 by inferring added noise εt at every diffusion step t.
It mainly consists of three modules. The nonlocal factor learn-
ing aims to capture nonregional factors within spatiotemporal
data to enhance model generalization. The dynamic topology
aggregation module is designed to capture complex and time-
varying correlations between nodes in real-world scenarios.
The gradient-guided attention module extracts and integrates
relationships among features from the former two modules for
the extrapolation denoising diffusion model.

1) Nonlocal Factor Learning Module (Pretraining): To
minimize information loss from context nodes during aggre-
gation, we propose a nonlocal factor learning module (Fig. 3).
This module maps the features of target and context nodes
into a Gaussian-form nonlocal factor via a neural network. The
design aims to comprehensively capture global dependencies
among nodes and incorporates uncertainty in node interactions.
Through pretraining, this module learns cross-spatiotemporal
nonlocal interaction patterns.: The raw data consist of target
variables and exogenous covariates for all nodes, denoted as
{Y , X} ∈ [C,D]. The input is first processed by a spatiotempo-
ral graph neural network (STGNN), which comprises a stacked
temporal convolutional network (TCN) and a graph neural net-
work (GNN). The TCN employs convolutional layers instead
of recurrent ones to efficiently capture long-term dependencies
in sequential data [21], while the GNN extracts spatial features
based on the static topology AS . This process provides the
foundational spatiotemporal representations required for the
pretraining of the nonlocal factor learning module

µF = Encµ
�
GNN

�
TCN

��
Y t ‖X

��
, AS

��
σF = Encσ

�
GNN

�
TCN

��
Y t ‖X

��
, AS

��
. (9)

After processing through GNN and TCN layers, the target
node set (D) and context nodes (C) are mapped through linear
layer normalization modules Encµ(·) and Encσ(·) to form their
respective node mappings

µFC = Encµ (GNN (TCN ([YC ‖XC ]) , AS ))

σFC = Encσ (GNN (TCN ([YC ‖XC ]) , AS )) (10)

where Encµ(·) and Encσ(·) output the mean µ and variance σ,
forming the Gaussian nonlocal factor F[C,D] ∼ N (µ, σ2).
Leveraging the pretrained factors F[C,D] and the static adja-
cency matrix AS , we perform nonlocal factor fusion between
target nodes (D) and context nodes (C) as follows:

µ̄F = σ̄2
F

0@µF
ı
σ2

F +
X

n∈NC
1 (m)

AS µFC

ı
σ2

FC

1A
σ̄2

F =

24σ−2
F +

X
n∈NC

1 (m)

�
σFC /AS

�−2

35−1

(11)

where µF and σF are the pretrained factor parameters derived
from the encoding process and µ̄F and σ̄F represent the
comprehensively fused nonlocal factor distribution at the target
node. N 1

C(m) denotes the first-order neighborhood of context
nodes surrounding the target node m

log p (Y |C, X, A) ≥ Eq
�
log pnp (Y |C, F, X, A )

�„ ƒ‚ …
(b) log-likelihood Term

− KL (q (F |C ∪ D ) ‖p (F|C) )„ ƒ‚ …
(c) KL Regularization

. (12)

During the pretraining process, we utilize the aggregated
information from target node set (D,Y = Y0) and context
nodes (C) as the prior distribution while using pure noise as
target nodes D,Y ∼ N (0, 1) and the aggregated information
from context nodes (C) as the posterior distribution. The KL
divergence between these distributions serves as a constraint,
while the target values of the posterior distribution are trained
against Y0 using negative log likelihood. This approach ulti-
mately yields our pretrained model. The loss function of the
pretraining phase is illustrated in (12).

In the pretraining phase, we establish a framework where
the aggregated information from the target node set (D,Y =

Y0) and context nodes (C) serves as the prior distribution.
Concurrently, we employ pure Gaussian noise for target
nodes D,Y ∼ N (0, 1) combined with aggregated context
node (C) information to form the posterior distribution.
We constrain the model using the KL divergence between
these distributions while simultaneously training with nega-
tive log likelihood between the posterior distribution’s target
values and Y0. This comprehensive approach results in our
robust pretrained model. This process establishes an implicit
association between exogenous covariates and target variables
(see [2] for proof of the formulas).

2) Dynamic Topology Aggregation Module: To ensure
inductive generalization, we sample partial spatiotemporal
subgraphs across time windows and learn dynamic target-
context correlations within each subset (Fig. 4). Fig. 5 presents
the internal architecture of the dynamic correlation module.
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Fig. 3. Nonlocal factor learning. Converting the output of the TCN and GNN
into a normal distribution through Encµ(·) and Encσ(·). These transformation
modules enable the representation of spatiotemporal features as probabilistic
distributions, capturing both the expected values and their associated uncer-
tainties.

Fig. 4. Hybrid modeling overview. Red (target) and yellow (context) nodes
form the spatiotemporal graph. Arrows show dynamic learning; lines show
static topology. Static and dynamic modules together enable comprehensive
spatial feature representation.

However, we have noted that in real-world scenarios, the
correlation between regions is not solely determined by their
geographical distances. Various factors such as weather con-
ditions, terrain, construction of transportation infrastructure,
and traffic policies can contribute to complex interconnections
between regions. This correlation may not be linearly related
to geographic distance, and in some cases, it may exhibit
exponential decay with an increase in distance, a phenomenon
commonly referred to as the distance decay effect. Addi-
tionally, it is sometimes observed that points farther apart
exhibit stronger correlations compared to other nodes in the
network.

Accounting for this relationship is crucial in spatiotemporal
extrapolation tasks. While statistical methods informed by
prior knowledge may seem reliable, applying such meth-
ods in dynamically complex scenarios is often impractical.
On the one hand, different application scenarios may
require distinct statistical approaches, necessitating exten-
sive research to devise a theoretically sound statistical
method for newly emerging contexts, which might lack
timeliness in urgent situations. On the other hand, the cor-
relation structure in spatiotemporal contexts may change
over time, and failure to account for such changes in sta-
tistical methods could result in the failure of correlation
predictions.

To address these challenges, we propose a dynamic topol-
ogy aggregation module that combines static sampling with
dynamic graph learning for extrapolation tasks. This innova-

tive approach leverages the efficiency of static graph sampling
while incorporating the flexibility of dynamic graph learning.
The module’s core functionality is to learn time-varying
dynamic correlations between target and context nodes and
efficiently aggregate contextual information onto the target
nodes

ADyn = (X ?K1)(XC ?K1) . (13)

Equation (13) illustrates the aggregation process of our
dynamic graph, accomplished by employing the same channel
convolution ?K1 as the target node and the exogenous covari-
ates feature extraction module of the context. This convolution
operation learns the co-variant feature extraction between the
target node and the context nodes, resulting in the computation
of the dynamic correlation matrix ADyn ∈ R

M×N×dx′ . Here,
M and N represent the quantities of target and context nodes
in the inference process, respectively, and dx′ denotes the
dimension of features after ?K1

HDT = (YC ?K2) ADyn. (14)

Equation (14) further illustrates the process of aggregating
the dynamic graph matrix of the context nodes onto the target
node after feature extraction. HDA ∈ R

M×dy′×L represents the
aggregated values of the dynamic context, where dy′ denotes
the values after channel convolution and L represents the time
length.

3) Gradient-Guided Attention Module: The denoising
attention guidance module plays a crucial role in the extrapo-
lation denoising diffusion model (Fig. 6). The main purpose of
this part is to extract the relationship between the target node
features and the context-aggregated features obtained from
the nonlocal factor learning module as well as the dynamic
topology aggregation module. For the sake of clarity, we
use the predicted target Y t at the previous diffusion step t
as the input of the attention module [22]. The input is
processed by the above two modules to form HDT and HF .
Samples of HF are then drawn from the normal distribution
N (µ̄F , σ̄

2
F). Then, as shown in Fig. 6, a cross-attention block

is utilized to measure the dependencies between HDT and HF .
The following equations illustrate the process:

Qca = HF ·WQ
ca

Kca = HF ·WK
ca

Vca = HDT ·WV
ca (15)

Hca = softmax
�

QcaKT
ca

√
dh

Vca

�
(16)

where Hca represents the results, and WQ
ca, WK

ca, WV
ca are

matrices that can be learned. To enhance the spatial rela-
tionship mining in nonlocal factor information, we employ
self-attention to obtain as follows [similar to (16)]:

Qsa = HF ·WQ
sa

Ksa = HF ·WK
sa

Vsa = HF ·WV
sa. (17)

Finally, a gated fusion mechanism is proposed to integrate
the outputs Y t−1

Y t−1 = Linear (γ · Hsa + (1 − γ) · Hca) (18)
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where Y t−1 is the gradient-guided attention output and serves
as the input in the next diffusion step and γ is a learnable
parameter used to balance the self-attention outputs and cross-
attention outputs.

D. Joint Variational Lower Bound for Factor-Augmented
Diffusion Models

To integrate extrapolated factor learning into the diffu-
sion model in a principled manner, we employ a variational
Bayesian framework. Specifically, we reformulate the train-
ing objective by incorporating the learned nonlocal factors
into the evidence lower bound (ELBO) of the diffusion
process. The resulting variational lower bound is given
by

log p (Y |C, X, A ) ≥ Eq
�
log pdiff (Y |C, F, X, A )

�„ ƒ‚ …
(a) Diffusion Model Term

+ Eq
�
log pnp (Y |C, F, X, A )

�„ ƒ‚ …
(b) Neural Process Term

− KL (q (F|C ∪ D) ‖p (F |C ) )„ ƒ‚ …
(c) KL Regularization

. (19)

The formula presents the variational lower bound (ELBO) for
the joint log marginal likelihood of observations Y , under the
scenario where a diffusion model and a neural process share a
latent variable space R. The interpretation of each term is as
follows.

1) Diffusion Model Term: This term represents the expected
log likelihood of the observed data Y given the context
C, latent variable R, input X, and optional condition A, as
modeled by the diffusion model. It measures how well the
diffusion model explains the observations under the current
latent representation.

2) Neural Process Term: This term quantifies the modeling
capacity of the neural process for the same observations,
conditioned on the shared latent variable R. By sharing R,
the neural process can leverage richer context information to
enhance generalization.

3) KL Regularization Term: This term is the
Kullback–Leibler (KL) divergence between the variational
posterior q(R|C ∪ D) and the prior p(R|C). It acts as a
regularizer, constraining the latent variable distribution to stay
close to the prior, thus preventing overfitting and promoting
better generalization.

The objective of optimizing this ELBO is to jointly improve
the explanatory power of both the diffusion model and the
neural process with respect to the observed data while main-
taining a reasonable latent variable distribution. By sharing the
latent space R, both models can complement each other, fully
utilizing both context and observation information to enhance
generative and generalization capabilities.

Proof: To achieve joint training of diffusion models and
neural processes, this section introduces a shared noise
latent variable space and defines the joint interaction factor
F = (Fdiff, Fnp). Here, Fdiff represents the interaction factor of
the diffusion model and Fnp represents the interaction factor of
the neural process. During training, F serves simultaneously

as the output of the neural process and as the conditional input
of the diffusion model, thereby achieving joint optimization of
both models.

According to the joint probability decomposition, we have

p (Y |C, X, A) =

Z
pdiff (Y , Fdiff |C, F, X, A )

× pnp
�
Fnp |C, X, A

�
dF. (20)

Introducing the variational distribution q(F|C∪D) to approx-
imate the posterior distribution and according to Jensen’s
inequality

logEq
�

f (x)
�
≥ Eq

�
log ( f (x))

�
. (21)

We obtain

log p (Y |C, X, A)

= logEq

"
pdiff (Y , Fdiff|C, F, X, A) pnp

�
Fnp|C, X, A

�
q (F|C ∪ D)

#
≥ Eq

"
log

pdiff (Y , Fdiff|C, F, X, A) pnp
�
Fnp|C, X, A

�
q (F|C ∪ D)

#
. (22)

During joint training, we assume that Fdiff = Fnp = F,
i.e., the interaction factor is shared between the diffusion
model and neural process. In this case, (4.23) can be further
simplified to

log p (Y |C, X, A) ≥ Eq
�
log pdiff (Y |C, F, X, A)

�
+ Eq

�
log pnp (Y |C, F, X, A)

�
− KL (q (F|C ∪ D) ‖p (F|C)) . (23)

IV. EXPERIMENTS

In this section, we first introduce the datasets, baselines,
evaluation metrics, and experiment settings. Subsequently,
to validate the effectiveness of our model, we present the
following questions and address them in Section IV-D.

1) Q1: Can our proposed extrapolation model outper-
form other baseline methods and achieve state-of-the-art
results in various environments?

2) Q2: What is the effectiveness of the components in our
model, such as DS, DT, and GAttn?

3) Q3: Is the model sensitive to hyperparameters and prone
to overfitting?

4) Q4: Is our model robust in extrapolated regions, and can
it maintain good performance in different unseen areas,
including cross-city scenarios?

A. Dataset

Beijing [23] contains air quality indexes (AQI) from
35 stations and district-level meteorological attributes. We
aim to extrapolate the AQI of PM2.5, PM10, and NO2,
using meteorological attributes such as temperature, humidity,
pressure, wind speed, wind direction, and weather as exoge-
nous covariates. The key statistics of the Beijing dataset are
summarized in Table I.

London is similar to the Beijing dataset, with the same data
format and 24 stations. During training, we input hourly data
with a time period of 24 h. It is worth mentioning that the
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final dataset used in London and Beijing is a combination of
AQI dataset and exogenous covariate dataset represented by a
grid. The exogenous covariate of each AQI monitoring station
is the corresponding content within the current grid.

We use datasets in grid form as covariates mainly due
to the following reasons: 1) monitoring covariates such as
temperature and humidity is relatively easy, and detection
often only requires simple physical principles; AQI data, on
the other hand, requires complex optical sensing or chemical
detection techniques. Detectors are expensive and require
frequent maintenance. In addition, due to various reasons
such as price, the data of these covariates are relatively rich,
making it easier and more practical to infer discrete missing
information from the known rich information.

IntelLab [24] dataset contains information about data col-
lected from 54 sensors deployed in the Intel Berkeley Research
Laboratory between February 28 and April 5, 2004. Temper-
ature is in degrees Celsius. Humidity is temperature-corrected
relative humidity, ranging from 0% to 100%. Light is in luxes.
Voltage is expressed in volts, ranging from 2 to 3, and is highly
correlated with temperature [24]. We multiply the obtained
voltage value by 100 to represent Voltage100. Due to the
misalignment of the original data’s time, we have reduced
the average processing interval of the data to 10 min, and the
input time period is 12 h. Fill in the missing value with 0 and
provide a prompt when calculating the loss during training,
indicating that the information does not enter the input. Here,
we conducted experiments on all four variables as target values
and only presented the experimental results of voltage as the
extrapolation target to demonstrate the potential of our system
for more practical physical quantities.

B. Baselines

In establishing our baseline models, we select classical
statistical and machine learning methods alongside repre-
sentative neural network approaches. We opt for inverse
distance weighting (IDW) [25], a classical interpolation tech-
nique widely used for spatial extrapolation tasks. Additionally,
classical machine learning baselines include k-nearest neigh-
bors (KNNs) [26] and random forest (RF) [27]. Within our
machine learning repertoire, we incorporate XGBoost [28],
an algorithm that leverages a gradient-boosting framework
to effectively amalgamate predictions from multiple weak
learners.

Among neural network methods, we employ both determin-
istic and probabilistic models. For deterministic approaches,
we include ADAIN [29], which combines MLP and RNN
architectures to aggregate data features, and Vision Trans-
former (ViT) [30], which applies self-attention mechanisms
to capture long-range spatiotemporal dependencies. For proba-
bilistic methods, we utilize STGNP [2], which provides results
as probability distributions rather than deterministic values.
We also incorporate generative approaches, including the
GAN-based method GPNv2 [31] and diffusion-based methods
PriSTI [3] and CaPaint [32].

Fig. 5. Target and context node features are projected to compute a dynamic
adjacency matrix via tensor multiplication. This matrix aggregates context
predictions to targets, followed by normalization and projection to update
target predictions, enabling adaptive, time-varying relationship learning.

Fig. 6. Gradient-guided attention module. Diagram shows (a) overall aggrega-
tion module and (b) cross-attention module. The overall aggregation module
integrates self-attention and cross-attention through a gated fusion mechanism
to process the input data with shape N×T ×c, where c is the feature channel
and generates the output Y t−1 for the next diffusion step. The cross-attention
module measures the dependencies between HF .

Fig. 7. During training/validation, each iteration selects mutually exclusive
target and context sets from the N training nodes. In testing, context nodes
come from these N nodes, while target nodes are M distinct test nodes, all
within the test interval.

C. Evaluation Strategy and Hyperparameters

Our experimental setup closely follows the design of [2].
As illustrated in Fig. 7, prior to training, three nodes are
randomly selected from the dataset to form the final test set,
and they are excluded from the training set. The remaining
nodes are categorized into target nodes and conditional nodes
during each training iteration, with N nodes chosen as targets
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Fig. 8. PM2.5 extrapolation results on the Beijing dataset from April 3 to 7,
2017. The blue regions and lines represent our proposed method, while the red
crosses indicate the ground truth. The dashed box highlights that our method
demonstrates superior spatiotemporal extrapolation capability compared to
other methods.

and M nodes as conditions, ensuring that 3M = 7N. In the
final testing phase, all (N + M) nodes are used as conditions
to evaluate the three nodes selected before training, which are
not part of the training set. The dataset is temporally divided
into three segments: an 80% training set, a 10% validation set,
and a 10% test set.

In the experimental process, we set the diffusion training
parameters, including the diffusion step size T as 100 and
β0 and βT as 0.0001 and 0.2, respectively. We adopted the
quadratic schedule for other noise levels following [13], which
is formalized as:

βt =

�
T − t
T − 1

p
β1 +

t − 1
T − 1

p
βT

�2

. (24)

The embedding of diffusion time and temporal encoding is
realized through sine and cosine embeddings, building upon
prior studies [13], [14]. The learning rate decreases from 0.001
to 0.0001 at 75% of the total epochs. The internal feature
channels of each layer within the attention module are 16, 32,
64, 128. After attention computation, the channels are merged,
and the merged outputs are passed through two linear layers
to produce the final outputs.

D. Results

1) Overall Performance (Q1): We evaluate our proposed
method on the Beijing dataset, which includes three target
variables: PM2.5, PM10, and NO2, along with exogenous
covariates such as wind direction, wind speed, and rainfall.
In the comparative methods, all approaches utilize exogenous
covariates as auxiliary information. In the experimental results,
we observe that neural network methods outperform traditional
statistical and machine learning methods in terms of MAE,
root-mean-square error (RMSE), and mean absolute percent-
age error (MAPE).

Partial results, as shown in Fig. 8, demonstrate the superior
inference accuracy of our model around the peak in the violet
and brown boxes compared to other methods of machine learn-
ing and neural networks. Among the early machine learning
methods, KNN, IDW, and RF have their own characteristics.
KNN is known for its simplicity in handling data based on
proximity in the feature space. IDW is often used in spatial
interpolation scenarios with its unique distance—weighted
approach. RF utilizes multiple decision trees for better
generalization.

TABLE I
HOURLY STATISTICS FOR BEIJING AQI DATASETS

XGBoost, a top-performing method in machine learning,
tends to exhibit relatively stable changes in the temporal
dimension, with a limited representation of time features. For
conciseness, the fitting results of some methods during this
time interval are not illustrated.

Among neural network methods, we use both deterministic
and probabilistic models. In deterministic models, ADAIN is
considered a deterministic method that combines RNNs and
fully connected layers.

ViT uses the Vision Transformer architecture, which applies
the self-attention mechanism from natural language process-
ing to image-like data by treating spatiotemporal patches
as sequences of tokens, enabling it to capture long-range
dependencies and global contextual information effectively.

In probabilistic models, STGNP is currently considered
the state-of-the-art method. However, our proposed method,
DSTE, is outperforming previous methods across all metrics
and significantly outshines STGNP on some data subsets.

GPNv2 is a GAN-based method that uses dual attention
mechanisms (spatiotemporal image correlation attention and
channel-spatial attention) to mitigate echo attenuation in radar
precipitation nowcasting.

PriSTI introduces a conditional diffusion framework for
spatiotemporal imputation that extracts spatiotemporal depen-
dencies as global priors and employs geographic-aware noise
estimation to transform random noise into missing values.

CaPaint introduces a causal spatiotemporal framework that
identifies causal regions via Vision Transformer attention and
performs diffusion-based inpainting on noncausal areas to
enhance model performance and interpretability.

Our proposed method, DSTE, outperforms previous meth-
ods in all metrics. This improvement is attributed to the
powerful distribution-capturing capabilities of the diffusion
probability model used in our method. The results are provided
in Table II. Underlined values indicate the best performance
among the other models.

Simultaneously, we employ the continuous ranked probabil-
ity score (CRPS) as our evaluation metric. CRPS assesses the
compatibility of the estimated probability distribution with the
observed value. The calculation details of CRPS are introduced
as follows. For a missing value x with an estimated probability
distribution D, CRPS measures the compatibility of D and x,
defined as the integral of the quantile loss Λα

CRPS
�
D−1, x

�
=

Z 1

0
2Λα

�
D−1 (α) , x

�
dα (25)
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TABLE II
PERFORMANCES OF DSTE AND THE BASELINES

Fig. 9. Ablation study. DSTE is the full model. “w/o F” removes nonlocal
factor learning.

where α ∈ [0, 1] represents the quantile levels, D−1(α) is the
α-quantile of distribution D, and I is the indicator function.
The quantile loss function Λα is defined as

Λα

�
D−1 (α) , x

�
=
�
α − Ix<D−1(α)

� �
x − D−1 (α)

�
. (26)

Following [2], as our distribution of missing values is
approximated by generating 100 samples, we compute quantile
losses for discretized quantile levels with 0.05 ticks:

CRPS
�
D−1, x

�
≈

1
19

19X
i=1

2Λi×0.05
�
D−1 (i× 0.05) , x

�
. (27)

We compute CRPS for each estimated missing value and
use the average as the evaluation metric, formalized as

CRPS
�
D, X̃

�
=

P
x̃∈X̃ CRPS

�
D−1, x̃

�
|X̃|

. (28)

2) Ablation Study (Q2): To assess the contribution of each
component to the overall performance of our model and
address Q2, we conducted an ablation study, and the results
are presented in Fig. 9. In each study, we modified the
corresponding part while keeping other settings unchanged.

a) Effect of Nonlocal Factor: We remove the nonlocal
factor learning module, retaining only STGNN, and use its
output directly as input for attention mechanisms Q and K,
with all other modules unchanged (w/o F). The results of the
ablation study indicate a significant performance decline when
the module is absent. This suggests that utilizing distribution
for information aggregation is effective in extrapolation tasks.

TABLE III
EVALUATION METRICS FOR DIFFERENT REGIONS

b) Effect of Side Encoding: As the nonlocal factor
learning module includes Encside, i.e., the covariate encoding
module, we systematically test the performance of this module
by removing Encside while keeping other modules unchanged
(w/o side). The results indicate a performance decrease when
Encside is removed, but the magnitude of the decline does not
exceed that observed without that case. This simultaneously
demonstrates the effectiveness of Encside in conjunction with
the remaining parts of nonlocal factor learning module.

c) Effect of Dynamic Topology Aggregation: To validate
the effectiveness of our dynamic information topology, we
conduct experiments by removing the dynamic graph learning
module and only using the static topology for information
aggregation in the DT module (w/o DT). The experimental
results show that without the extraction of dynamic features,
the performance of the module decreases to some extent.

d) Effect of GAttn: In this section, we investigate the
effects of different attention mechanisms. First, we conduct
ablation experiments by removing the entire attention module
to verify the effectiveness of our proposed gradient-guided
attention mechanism (w/o GAttn). The experimental results
demonstrate that the attention module successfully learns the
relevance between the aggregated context nodes’ information
and the target nodes and utilizes the learned information to
better eliminate noise. Next, we experiment with the allocation
of QKV in the attention module. We compare the performance
of self-attention applied only to distributed aggregated infor-
mation (r/p S A) and the performance of using the distributed
aggregated information as Q and dynamical topological aggre-
gated information as KV (r/p KV). The experimental results
show that the original GAttn setting contributes the most to the
performance in these settings, indicating that the query subject
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Fig. 10. Region evaluation. We categorize Beijing air quality monitoring
stations into three regions—near center (blue), middle (green), and far from
center (red)—using a normal distribution approach. It calculates mean distance
and standard deviation, computes Z-scores, and assigns stations to regions
based on predefined thresholds. The resulting map visually displays the spatial
distribution, with each region represented by a distinct color and concentric
circles indicating standard deviations.

of the attention mechanism should be the distributed aggre-
gated information of the target node. While using aggregated
topological information as the query content also provides
information, it should not be overly incorporated.

3) Hyperparameter Study (Q3): We conduct experiments
to assess the performance of DSTE under various hyperpa-
rameter settings. Initially, we focus on experimentation with
the number of feature channels. We fix the number of layers
at 4 and experiment with different channel quantities, specifi-
cally at [u, 2u, 4u, 8u], where u = [4, 8, 16, 32, 64]. The results
indicate a gradual increase in accuracy with an increase in
the number of channels, but the parameter count rises sharply.
As shown in Fig. 10, in the experimental plots, we observe that
around u = 16, the performance of the experiment stabilizes.
Further increasing the number of channels has little impact on
the results but significantly increases the training parameters.
Consequently, for the final experiment, we opt for u = 16 as
our channel parameter.

4) Spatial Sensitivity (Q4):
a) Intracity: The sensitivity of our model to extrapolated

positions, especially at the edges, which are far from the city
center, is a key consideration for tasks involving space extrap-
olation. The adaptability and generalization of the model to
out-of-distribution content are crucial. Categorizing air quality
monitoring stations into three groups based on geographical
distribution, using Z-scores. Z-scores measure how far a data
point is from the mean in terms of standard deviations. The
formula is Z = (X − µ)/σ, where X is the data point and
µ and σ represent the mean and standard deviation of the data
points, respectively.

We choose inference positions as shown in Fig. 11, par-
ticularly focusing on the edge positions. Baseline method is
STGNP. Each position is marked with a different color and
represented accordingly on the bar chart. Randomly chosen

positions are represented in yellow on the bar chart. Context
nodes are chosen randomly from the same test nodes, exclud-
ing the inference positions at this time. In experiments on the
Beijing dataset, we find that the fully connected topological
structure ensures adequate adjacency information, impacting
regions less on extrapolation results. This underscores the
robust distribution-capturing ability of the diffusion probability
model, even in edge positions. Quantitative results for the three
spatial groups are listed in Table III.

b) Cross-City: To validate the generalization capability
of our proposed spatiotemporal extrapolation method, we
conduct cross-city air quality experiments. Specifically, we
treat the London air quality dataset as the target domain
for cross-domain extrapolation, selecting the current state-of-
the-art extrapolation method STGNP and the diffusion-based
method CaPaint as comparison baselines. All models are
trained on the Beijing air quality dataset and then evaluated
on the London dataset for predicting PM2.5, PM10, and NO2
concentrations.

Fig. 12 shows that our model consistently outperforms all
baselines across every air quality indicator in cross-domain
evaluation. Particularly for the NO2 indicator, where base-
line methods exhibit high cross-domain inference errors on
London data, our model effectively ensures cross-domain
inference performance through diffusion mechanisms that gen-
erate representations consistent with the target distribution.
This validates the effectiveness and generalization capability
of our proposed method.

V. RELATED WORK

A. Spatiotemporal Extrapolation

The goal of spatiotemporal extrapolation tasks is to pre-
dict the state of never-before-seen spatiotemporal points by
leveraging existing data and models through inference and
prediction methods. Early approaches employed statistical and
machine learning methods, such as kriging [33]; these meth-
ods have limitations in complex scenarios due to underlying
assumptions. KNN [26] and RF [27] are both computation-
ally complex and exhibited sensitivity to outliers. Gaussian
processes [34] use flexible kernels to learn spatiotemporal
dependencies. However, constructing kernels is computation-
ally demanding. Matrix completion methods [11] capture
spatiotemporal patterns with a low-rank matrix assumption.
However, this approach becomes ineffective when confronted
with scenarios that do not adhere to the low-rank assumption.

In neural network methods, Cheng et al. [29] propose a
model, utilizing recurrent neural networks and multilayer per-
ceptrons. Han et al. [35] improve performance by combining
graph convolutional networks with a multi-channel attention
module. The above methods are not considered uncertain and
lack exploration of topological relationships. Wu et al. [5]
proposed an inductive method, involving sampling different
subgraphs and reconstructing them. However, it cannot lever-
age covariate information relevant to the target variables and
fails to capture dynamic changes in node correlations.

Other work introduces generative models to learn the inher-
ent distribution of spatiotemporal data and capture uncertainty.
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Fig. 11. Hyperparameter study. In the scenario where the number of channels is given by [u, 2u, 4u, 8u], with u taking values from the set [4, 8, 16, 32, 64],
the corresponding model performance is compared across various measurement metrics. The number of GAttn Layers represents the count of gradient-guided
attention mechanism layers selected in our model. The magenta line represents the overall number of parameters in the model.

Fig. 12. Cross-city air quality prediction performance comparison. This figure presents cross-domain extrapolation results where models are trained on
Beijing and tested on London. The comparison includes STGNP, DSTE(w/o F) (our method without nonlocal factor), and our full method across three air
quality indicators (PM2.5, PM10, and NO2) using MAE and RMSE metrics. (a) and (b) PM2.5 prediction results. (c) and (d) PM10 prediction results.
(e) and (f) NO2 prediction results. Our method outperforms baselines across all metrics, with particularly significant improvements in NO2 prediction,
validating the effectiveness and generalization capability of the proposed diffusion model in cross-domain scenarios.

Hu et al. [2] employed neural processes, utilizing the KL
divergence between the target node and context nodes as a
guarantee for the correlation between nodes during training.
Zhang et al. [36] considered different scales of geographical
space in real-world scenarios. The former may face instability
in training due to the simultaneous consideration of prediction
accuracy and node neighborhood consistency, while the latter
struggles in training instability and pattern collapse [37].

B. Spatiotemporal Diffusion Probability Model

The early proposal of the diffusion probability model was
put forth by Sohl-Dickstein et al. [38] and later refined by

Ho et al. [17], resulting in its application in the field of image
generation, known as DDPM. Due to its notable performance
and stability relative to other generative models [39], DDPM
has garnered widespread attention.

Tashiro et al. [13] introduced the first diffusion proba-
bility model imputation framework for spatiotemporal data,
named CSDI, which utilizes self-attention mechanisms to
independently learn temporal and feature-wise correlations.
Building on this work, Liu et al. [3] considered spatial
topology to enhance spatiotemporal correlations. However, the
former struggles with capturing spatial correlations, making
it challenging to address missing values in spatial contexts.
The latter, spatial attention mechanism significantly increases
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the time complexity of model training and inference phase, n
target points, m conditional information nodes, O((n + m)2),
and n � m, while our method achieves a time complexity
of O(n2). Besides, our model is inductive, while this model is
transductive.

Hu et al. [20] designed a universal spatiotemporal pretrain-
ing encoder to extract and compress conditional information.
However, the shared spatiotemporal encoding module for both
time and space completion limits the learning capability of
the model in kriging tasks. This results in the model being
able to only interpolate spatiotemporal data for positions that
have been previously trained, lacking the ability to infer
positions that have never been encountered, as well as not
being able to perform the spatiotemporal extrapolation tasks
mentioned in our article. Zheng et al. [6] propose a diffusion
model-based image super-resolution technique that extracts
fine-grained information from coarse-grained data in urban
settings. It is limited by the specific scenarios of super-
resolution, posing challenges in effectively inferring dynamic
and irregular spatiotemporal graph data. CaPaint [32] is a
causal structure plugin for spatiotemporal prediction that lever-
ages self-supervised reconstruction with a Vision Transformer
to automatically identify causal and noncausal regions in the
data and employs a diffusion model to generatively inpaint
noncausal regions, thereby improving the generalizability and
interpretability of the model, particularly in scenarios with
scarce data or distribution shifts.

VI. CONCLUSION

Aiming to predict values of never-before-seen regions by
utilizing information from neighboring nodes and exogenous
covariates within the target region, we introduce conditional
diffusion probability models, leveraging their robust capability
to capture sequence distributions and conditional generative
capacity. To explore the relationship between covariates and
target variables and utilize them, we integrate a nonlocal factor
learning module to comprehensively combine information,
and dynamic graph generation captures evolving topology. In
extensive experiments, the proposed method demonstrates a
significant improvement in accuracy compared to previous
state-of-the-art approaches. Although our method performs
well on datasets such as weather quality, it encounters inad-
equacies when dealing with tasks like traffic flow prediction.
Traffic patterns are often influenced by unpredictable nonnat-
ural factors such as traffic accidents. How to extract the true
physical or causal correlation between covariates and target
variables in noise information will be worth exploring.
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