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E-mail:

armandomtzruiz@inaoep.mx
pgomez@inaoep.mx

rfonseca@yachaytech.edu.ec

Abstract

Spatio-temporal data underpins a wide range of critical applications, including traffic forecasting, en-
ergy management and environmental monitoring. Although deep learning models such as recurrent neural
networks (RNNs) and long short-term memory networks (LSTMs) have demonstrated success in modelling
temporal dependencies, they often fail to capture the underlying graph structure inherent in many spatio-
temporal datasets. Graph Neural Networks (GNNs) and their extensions to Spatial-Temporal Graph Neural
Networks (ST-GNNs) offer a more natural framework for modelling both spatial and temporal dynamics.
However, existing ST-GNN models are highly sensitive to missing data, since it weakens graph connectivity
and undermine the effectiveness of spectral-based regularization techniques, which degrades forecasting
performance. This research proposes the development of a learning framework for ST-GNNs that improves
robustness and accuracy in missing data environments. The proposed approach aims to integrate training
strategies such as spectral based regularization or data imputation methods to address challenges associ-
ated with incomplete data. The goal is to design a unified model capable of forecasting while managing
missing values leveraging spatial dependencies within the spatio-temporal dataset. The expected contribu-
tions include the design of a modular ST-GNN architecture, empirical evaluation of imputation impacts on
forecasting and the establishment of reproducible benchmarking tools for fair comparisons with state-of-
the-art models.

Keywords: time series forecasting, graph neural networks, data imputation, spectral based regularization

1 Introduction

Spatio-temporal data plays a crucial role in a wide range of applications, including traffic flow predic-
tion, energy demand forecasting and environmental monitoring. Advances in deep learning have provided
powerful tools to analyze such data. However, in real-world scenarios, it is common for datasets to contain
missing values or sensor errors, which significantly hinders the effectiveness of standard forecasting models.
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Traditional deep learning models such as recurrent neural networks (RNNs) and long short-term memory
networks (LSTMs) [11] have been applied to spatio-temporal tasks. However, these models often ignore
the underlying graph structure that characterizes spatio-temporal datasets, limiting their accuracy and gen-
eralization capabilities. In contrast, Graph Neural Networks (GNNs) [25] are designed to to operate in
graph-structure data, making them a better fit for modelling spatial relationships [20]. Extending this idea,
Spatial-Temporal Graph Neural Networks (ST-GNNs) [13] incorporate both spatial and temporal dependen-
cies, enabling them to forecast dynamic processes over evolving networks.

ST-GNNs offer increased flexibility compared to traditional architectures, by leveraging dynamic graph
topologies. Despite their effectiveness, ST-GNNs struggle when faced with challenges such as missing
data. Missing data weakens the graph connectivity and disrupts spectral-based regularization techniques[3].
These issues limit the capabilities of ST-GNNs, reducing their ability to model long-range spatio-temporal
dependencies, which are crucial in real world applications.

To address these limitations, this research propose to design a learning algorithm that incorporates train-
ing strategies and imputation methods to enhances the robustness and accuracy of ST-GNNs in missing data
environments, to get a unified framework that tackles imputation and forecasting tasks alongside. By lever-
aging spectral-based regularization and data imputation, the goal is to develop a model that is capable of
improving forecasting performance while exploiting the inherent spatial structure of the data in scenarios
where data contains missing values.

1.1 Justification

• Spatio-temporal data is essential in real-world applications like traffic, energy and environmental fore-
casting, yet current models struggle with capturing both spatial and temporal dependencies, especially
when data has missing values.

• Traditional deep learning methods often ignore the graph structure or lack robustness in missing data
environments, leading to reduced accuracy and generalization.

• Compared to traditional deep learning architectures like convolutional neural networks or recurrent
neural networks, graph neural networks are more flexible in handling irregular and sparse data, as they
can model dynamic and incomplete topologies by leveraging the graph structure.

1.2 Problem Statement

Spatio-Temporal Graph Neural Networks have shown strong potential for time series forecasting, but
their performance degrades significantly under scenarios with missing data due to several challenges:

• Weakened graph connectivity: Missing data disrupts the graph structure, limiting the node-to-node
message passing.

• Instability in spectral methods: Sparse or incomplete graph negatively affects the convergence and
performance of spectral based approaches (citar).

These limitations prevent Spatio-Temporal Graph Neural Networks from reliable capturing long-range spatio-
temporal dependencies, which are crucial in real world forecasting applications such as traffic flow predic-
tion, energy demand forecasting or environmental monitoring.
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1.3 Research Questions

• How can deep learning architectures, such as recurrent neural networks and transformers, be inte-
grated into ST-GNNs to improve forecasting performance under conditions with missing data?

• How can training strategies -such as spectral based regularization or data imputation- enhance the
robustness and generalization of ST-GNNs in spatio temporal forecasting tasks that involves missing
data?

1.4 Hypothesis

Integrating deep learning architectures within ST-GNNs alongside training strategies (including spectral-
based regularization or data imputation) can improve the accuracy, robustness and generalization of ST-
GNNs in forecasting tasks when spatio-temporal data that contains missing values.

1.5 Objectives

1.5.1 Main Objective

Develop a learning algorithm for ST-GNNs that enhance robustness and accuracy in time series forecasting
under conditions with missing values while leveraging inherent spatial dependencies.

1.5.2 Specific Objectives

• Design training strategies, such as spectral-based regularization or transfer learning, to improve the
stability and generalization capabilities of ST-GNNs in forecasting tasks under missing value con-
ditions, achieving performance that matches or exceeds baseline models across standard metrics
(RMSE, MAE).

• Explore data imputation techniques as a complementary strategy to enhance the accuracy and robust-
ness of ST-GNNs, particularly when combined with training methods for missing data, and evaluate
their impact using standard imputation metrics (MAE, Normalized RMSE).

1.6 Scope and Limitations

1.6.1 Scope

This thesis focuses on developing a unified framework for ST-GNNs under missing data conditions. This
work aims to:

• Design and implement a cohesive model that simultaneously handles missing data and forecasting
tasks within the ST-GNN architecture.

• Explore training strategies, including spectral-based regularization, to enhance model robustness and
generalization under sparse data conditions.

• Evaluate this unified framework across standard real-world spatio-temporal datasets, such as METR-
LA, PEMS-BAY, AQI or PM2.5, using standard metrics (RMSE, MAE, NRMSE) to measure the
perfomance of the proposed model.
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• Provide reproducible benchmarks comparisons for state-of-the-art forecasting and imputation models,
offering empirical insights about the impact of imputation in forecasting tasks.

The development of a unified ST-GNNs framework represents a significant contribution to the field by
closing the gap between imputation and forecasting, which usually are addressed separately.

1.6.2 Limitations

The research has the following constraints:

• The implementation of ST-GNNs with integrated imputation and complex training strategies can re-
quire significant computational resources, which can affect scalability to large graphs.

• The evaluation will be performed on well-known datasets, with the possible case of use of a real-world
dataset and synthetic dataset.

• In the proposed framework, the graph structure is assumed to be given as part of the spatio-temporal
dataset. Therefore, learning the graph structure will not be addressed within the scope of this project.

1.7 Expected Contributions

1. Development of a Unified Framework
Creation of an integrated ST-GNN based model that simultaneously performs time series forecasting
and data imputation under spatio-temporal datasets with missing values, reducing the need for separate
pre-processing steps and improving robustness in real-world scenarios.

2. Empirical Analysis of Imputation Impact on Forecasting Tasks
Systematic evaluation of how different imputation strategies affect forecasting accuracy, offering new
observations and insights into the design of learning algorithms for incomplete datasets.

3. Benchmarking and Reproducible Research Tools
Establishment of a reproducible benchmarking environment,including open-source code and stan-
dardized evaluation protocols, to ensure reproducibility and facilitate fair comparisons with other
GNN architectures.

2 Background

The fundamental concepts behind forecasting with spatio temporal graph neural networks is grounded
mainly on concepts focused on statistics, graph theory and neural networks. This section contains the
theoretical background related to the present project.

2.1 Time Series

Often, a time series is defined as a sequence of time-ordered observations which describe how a system
or a phenomenon evolves over time[3]. Formally, a time series can be defined in terms of a stochastic
process [2]. A stochastic process is a family of random variables {Xt|t ∈ T} defined in a probability space
(Ω,F , P ), where T is the index set. A realization of a stochastic process is a function t ∈ T −→ Xt(w) for
a fixed w ∈ Ω. Thus, a time series {xt}t∈T is a realization of a given stochastic process {Xt|t ∈ T} where
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∃ω ∈ Ω such that ∀t ∈ T , xt = Xt(ω). It is important to mention that if Xt(ω) ∈ R, then the time series
is univariate, and if Xt(ω) ∈ Rn then the time series is multivariate. When the time series is defined in a
discrete domain, then the index set is T = Z; for real time processes, the index set is T = R or T = [0,∞).
In practice, the time series observed is a finite segment {xt}t∈T0 where T0 ⊂ T.

2.1.1 Time Series Forecasting

Time series forecasting is centered around predicting future values of the time series given past historical
observations [17]. Let {xt} be a given time series. The forecasting process consists on estimating the value
of xt+1, written as x̂t+1 with the goal of minimizing an error function, usually in terms of xt+1− x̂t+1. This
task can be divided in two types [3]: single-step-ahead forecasting, which consist in predicting single future
observations of the time series once at a time, i.e, the target is y = xt+H at time t for some H ∈ N, which
is called prediction horizon of the time series, and multi-step-ahead forecasting, with target y = xt+1:t+H

where the prediction is an interval of multiple time steps. The time series forecasting models[?] usually take
the form

ŷi,t+1 = f(yi,t−k, xi,t−k) + ϵi,t+1, (1)

where f is a prediction function which is learned from the model and ϵi,t+1 is a noise term. The work of
Masini et al. [14] also mentions that the function f can be defined as the conditional expectation function
f(yi,t−k, xi,t−k) = E(yi,t+h|xi,t) for a given horizon h = 1, 2, ..., H , i.e., the expected value of yi,t+h given
the previous observations xi,t.

2.1.2 Time Series Imputation

Conversely, the aim of time series imputation is to estimate and fill missing or incomplete data points within
a time series. Let (Ω,F , P ) be a probability space and {Xt|t ∈ Z}, Xt = (X1,t, X2,t, ..., Xn,t) an n-variate
stochastic process. A missing value mask is a binary vector defined as Mt = (m1,t,m2,t, ...,mn,t) where
mi,t = 0 iff the value Xi,t from the time series is missing or mi,t = 0 iff Xi,t is an observed value from
the time series [2]. Given observations from a time series Xi,t:t+T , T ∈ Z, with missing values indicated
with the mask Mi,t:t+T , it can be defined X̃i,t:t+T as the sequence with no missing values. The goal of time
series imputation[?] is to find an estimate X̂i,t:t+T which minimizes the following error function:

L(X̂i,t:t+T , X̃i,t:t+T ,Mi,t:t+T ) =
t+T∑
τ=t

n∑
i=1

m̄i,τ · ℓ(x̂i,τ , x̃i,τ )
n∑

i=1
m̄i,τ

, (2)

where ℓ(·, ·) is an element-wise error function and m̄i,τ is the logical complement of mi,τ .
In this domain, Jin et al.[3] consider two approaches : in-sample imputation, which consists in filling

missing values on known data, and out-of-sample imputation, which refers to the estimation of missing
values in unknown data. In the work by Marisca et al. [?], they propose two different policies to inject
missing data: based on associating to each observation a probability p of being removed:

• Point missing: In this setting, each observation from the time series is associated to a probability p
of being removed.
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• Block missing: In this case, the probability p is associated to each time step t, and it represents the
probability of injecting missing values for a random number S ∼ U(a, b), a < b, of consecutive time
steps.

2.1.3 Deep Learning Models for Time Series Analysis

Here we present some examples of statistical and deep learning models commonly used for time series
analysis.

• Auto Regressive Integrated Moving Average (ARIMA): ARIMA is a model that combines an auto
regressive (AR) component with a moving average (MA) for past information, with an integrated
differentiation to make the time series stationary [2]. Given the backwards operator Bkyt = yt−k for
a lag k, the ARIMA model with parameters p, q, and d is defined as:

(1− ϕ1B − · · · − ϕpB
p)

AR(p)
(1−B)dyt
d differences

= µ+ (1 + θ1B + · · ·+ θqB
q)

MA(q)

εt, (3)

where ϵt is an error term, p is the order of the auto regressive component, q is the order of the moving
average component and d is the degree of differentiation.

• Long Short-Term Memory (LSTM): Long Short-Term Memory (LSTM) networks are a type of
recurrent neural network (RNN) which uses three gating mechanisms: an input gate, a hidden gate
and an output gate [4]. The input of xt and the output ht−1 from the previous step are combined into
the current input vector it as follows:

it = γ(Wixt + Uiht−1 + bi) (4)

where γ(·) is any sigmoidal function and Wi, Ui, bi are the parameters. Then, the three gates are
computed as follows:

gt = σ(Wgxt + Ught−1 + bg), (5)

ft = σ(Wfxt + Ufht−1 + bf ), (6)

ot = σ(Woxt + Uoht−1 + bo), (7)

where σ(·) is the sigmoid function, gt, ft, ot are the input, forget and output gates respectively.

• Gated Recurrent Units (GRU): A GRU uses two mechanisms, an update gate and a reset gate [4].
Both gates depend on xt and ht−1, which are computed as:

rt = σ(Wrxt + Urht−1 + br), ut = σ(Wuxt + Uuht−1 + bu), (8)

where σ(·) is the sigmoid function and the parameters have the same meaning as the LSTM. An
intermediate output h′t is given by the following expression:

h′t = tanh(Wxt + U(rt ⊙ ht−1) + b), (9)

where ⊙ is the element-wise multiplication. Finally, the output of the GRU layer is given by:

ht = ut ⊙ ht−1 + (e− ut)⊙ h′t, (10)

where e is the column vector whose columns are equal to 1.
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• Transformers: The transformer architecture is based on finding the relationships between various
input segments using the dot product [27]. Let {xi}ni=1 ∈ Rd be a set of data points. The main com-
ponent of the transformer architecture is the self-attention operation, which first consists in calculated
the normalized correlations between input segments xi and all others j = 1, 2, ..., n:

wij = softmax(xTi xj) =
ex

T
i xj∑

k

ex
T
i xk

, (11)

where
n∑

j=1
wij = 1 and 1 ≤ i, j ≤ n. Next, for a given input xi, a weighted sum of all input segments

{xi}nj=1 is applied to define zi as:

zi =

n∑
j=1

wijxj , ∀1 ≤ i ≤ n. (12)

Furthermore, the self-attention operator in transformers is utilized to build three different matrices
Q,K and V , called query, key and value matrices respectively, defined as Q = Wqxi,K = Wkxi
and V = Wvxi, where Wq,Wkand Wv are learnable weight matrices. The output matrix is expressed
then as:

Z = softmax(
QKT

√
dk

)V. (13)

The transformer architecture is generally composed of two components referred to as encoders and
decoders. These two components process the information using the self-attention operator in layers,
so every input segment is processed against every other vector in the dataset to get an output from the
model.

2.2 Graph Neural Networks

A Graph Neural Network (GNN) is a deep learning model designed to process graph structured data. The
first model was proposed by Scarselli et al. [25]. Let G = (N,E) be a graph where N is the set of nodes
and E is the set of edges. The set N(i) = {j ∈ N |(n,m) ∈ E} is called the neighborhood of node i and
the set co(i) = {(i, j) ∈ E|j ∈ N} denotes the set of arcs having node i as the vertex.

In their fundamental work, each node of a graph is represented as a state xi ∈ Rs, which encapsulates
all the information of the neighborhood of node i, including the labels of each adjacent node and arc.
Then, with a function fw, usually called transition or aggregation function, the dependence of a node i with
its neighborhood can be expressed and, in the same manner, a function gw usually called output function
describes how the information regarding node i will be produced.

If the function fw is a contraction function with respect to the state, i.e., ∃µ ∈ [0, 1) such that ||fw(x)−
fw(y)|| ≤ µ||x− y||, ∀x, y states, then according to Banach’s Fixed Point Theorem [18], if the function fw
is applied iteratively, it will converge to a unique fixed state x′. Then, the GNN model of Scarselli et al.[25]
can formally be described by the following system:

xi(t+ 1) = fw(li, lco(i), xN(i)(t), lN(i)) (14)

oi(t) = gw(xi(t), li) (15)
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where l denotes the labels of the nodes and arcs and oi is the output about the concept that represents
node i. This iterative method allows message passing between nodes so they share similarities in their
embeddings [19] until a fixed point is reached.

The learning algorithm in GNNs consists on estimating the parameter w given a finite set of graphs
G = {G = (N,E)|N is the set of nodes, E is the set of edges} from the transition and output functions
such that a function φw approximates the data in the learning data set defined as:

L = {(Gi, ni,j , ti,j)|Gi = (Ni, Ej) ∈ G;ni,j ∈ Ni, ti,j ∈ Rm}, (16)

where i ∈ [1, |G|], q ∈ [1, |Ni|] and ti,j is the desired target associated to the j-th node ni,j ∈ Ni. The
learning task can be posed as the minimization of the cost function:

ew =

|G|∑
m=1

|Nm|∑
k=1

(tm,k − φw(Gm, nm,k))
2 (17)

Furthermore, the learning algorithm is composed by the following steps:

1. The states xi are iteratively updated by equations (11) and (12) until at time T they approach a fixed
state. This convergence is guaranteed based on Banach’s fixed point theorem and the definition of the
transition functions as contraction maps.

2. The gradient ∂ew(T )
∂w is computed based on the backpropagation-through-time algorithm.

3. The weights w are updated according to the gradient computed on the previous step based on the
traditional framework of gradient descent.

This is the general description of how a graph neural network is trained. However, the training of spatio-
temporal graph neural networks is based on similar principles, and will be explained in Section 2.2.3.

2.2.1 Taxonomy of GNNs

According to Wu et al. [20], GNNs can be classified in the following types:

1. Recurrent GNNs: These models are the first that were defined as GNNs [25], and they aim to learn
representations with recurrent neural architectures. In these models the node in a graph constantly
exchanges information with its neighbors until a stable state is reached.

2. Convolutional GNNs: These models generalize the concept of convolution from grid data to graph
data. They can be spectral-based, which have a mathematical foundation in graph signal processing
using the Laplacian matrix of the graph, or they can be spatial based, where the graph convolutions
are based on a node’s spatial relations. Unlike recurrent GNNs, convolutional GNNs stack layers of
graph convolutions to extract high level node representations.

3. Graph Autoencoders: These are unsupervised learning methods that encode node/graph attributes into
a latent vector space to reconstruct graph data from the encoded information.

4. Spatial-Temporal GNNs: These aim to learn hidden patterns from spatial-temporal graphs, which
can be found in domains like traffic speed forecasting, environmental monitoring and human action
recognition. The key idea is to consider both spatial and temporal dependencies at the same time,
by utilizing spatial and temporal modules based on graph convolution and deep learning architectures
like recurrent neural networks respectively.

8



Figure 1: Basic architecture of a Spatio-Temporal Graph Neural Network (ST-GNN) for time series forecast-
ing. The model integrates spatial dependencies through graph convolutional layers and temporal dynamics
through recurrent or convolutional modules.

2.2.2 Spatial-Temporal Graph Neural Networks

Spatial-Temporal Graph Neural Networks (ST-GNNs) were originally proposed in the work of Yu et al.
[13], they incorporate spatial information by considering the relationship between nodes in the graph and
temporal information taking into consideration the evolution of node attributes over time. These models
are ideal for time series forecasting and imputation when there is a graph associated to the time series that
represent the spatial relations between the nodes.

A typical ST-GNN architecture has three components and can be observed in Figure 1:

1. Data processing module: Constructs the spatio-temporal graph from raw inputs, including defining
the graph structure and aligning temporal sequences.

2. Spatio-temporal graph learning module: Learns joint spatial and temporal dependencies from the data.
This is typically achieved by combining spatial modeling through GNN variants (e.g., Spectral Graph
Convolutional Networks (Spectral GCN), Spatial GNNs, or Graph Attention Networks) with temporal
modeling through Recurrent Neural Networks (RNNs) or Temporal Convolutional Networks (TCNs).

3. Task-specific prediction module: Maps the learned spatio-temporal representations to outputs suitable
for the downstream task, such as forecasting future values.

The most common model utilized for processing the spatial dependencies is the Spectral GCN [?], based
on the graph convolution, which takes the graph Fourier transform and the Inverse graph Fourier transform
to achieve the transformation from the spatial domain to the spectral domain. Both transforms are defined
as follows:

F(x) = UTx, (18)

F−1(x) = Ux, (19)

where U is the eigenvector matrix of the normalized Laplacian of the graph. Based on this idea, the graph
convolution is defined with the following equation:

g ⋆ x = F−1(F(g)⊙F(x)) = U(UT g ⊙ UTx), (20)
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where ⊙ is the element-wise multiplication and UT g represents the filter on the spectral domain.

2.2.3 The Graph Model

The construction of the graph for the Spatial-Temporal GNN can be defined according to several criteria. Jin
et al. [12] define the Spatial-temporal Graph which characterizes the relationships between the nodes and
a certain spatial and temporal range. Given a time series Xt ∈ RN×F where N is the number of nodes and
F is the number of features, a spatial-temporal graph is represented as a graph Gt = (V,Et, At) where V is
the set of nodes, Et is the edge set and A is the adjacency matrix At = {aij}. Both Et and At are assumed
to change over time. Then, some of the construction methods to define the graph Gt are the following:

1. Topology based graphs: These kind of graphs are constructed based on given topology structures
inherent to the problem at hand, like road networks [12]. The adjacency matrix is defined as:

atij =

{
1, if vi connects with vj

0, otherwise
(21)

2. Distance based graph: If there exist a spatial relationship according to a distance between the nodes
of the graph, a Gaussian radial basis function can be used to define the distance-based adjacency
matrix:

atij =

{
exp(−||dtij ||2)

σ , if dtij < ϵ

0, otherwise
(22)

where dtij denotes the distance between node i and node j at time t, ϵ is a defined threshold and σ is a
hyperparameter to control the distribution.

3. Similarity based graph: These graphs typically are constructed based on he similarity of time series.
The Pearson correlation coefficient can be used to calculate the similarity between time series, and to
define the adjacency matrix as aij = ρi,j , where ρi,j is the Pearson correlation coefficient between
time series associated to node i and the time series associated to node j.

2.2.4 Learning Algorithm for Spatial-Temporal GNNs

The learning algorithm that will be approached in this project is based on the works of Cini and Marisca [?].
The model used by Cini and Marisca relies on a RNN temporal module and a spatial module which utilizes
a diffusion convolution model to propagate the information of each node through the underlying graph. It
also incorporates an encoder/decoder scheme to represent the spatio-temporal data in a latent space which
includes the node embeddings.

To start with the description of the algorithm, let G = (V,E) be a static graph with |V | = N nodes and its
weighted adjacency matrix A ∈ RN×N . The diffusion matrix row stochastic can be defined as P = D−1A)
where D = diag(A1̂) and 1̂ is the vector with all components equal to 1. Let Xt ∈ RN×F be a multivariate
time series with F = number of attributes per node. The sampling of this time series can be done with
windowing using H and W as the horizon and window respectively. Then, we get the sampling of the time
series:

Xt = (Xt−W+1, Xt−W+2, ..., Xt) ∈ RW×N×F (23)
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Yt = (Xt+1, Xt+2, ..., XT−H) ∈ RH×N×F (24)

The training set then is the set of indices Strain = {t = W,W + 1, ..., T − H}. The valid mask matrix
Mt ∈ {0, 1}H×N×F represents the valid observations of the target values (1 = valid observation).

The forward computation is as follows:

1. Linear encoding and node embeddings: The input data is transformed using a linear encoding
to represent the complete information (time series and graph properties) in the same latent space.
Formally, ∀s ∈ t−W + 1, t−W + 2, ..., t and each node n:

Zs,n = WencXs,n + benc + En, (25)

where En ∈ Rd is the vector of node embeddings, Wenc ∈ RF×d is a learnable weight matrix, benc is
a bias term and Zs,n ∈ RN×d.

2. Temporal module: The temporal processing is made by evaluating a RNN model (GRU) to the time
series of each node:

Hn = RNN(Zt−W+1,n, Zt−W+2,n, ..., Zt,n; θRNN ) ∈ Rd. (26)

Then, stacking all the Hn we get H = [H1;H2; ...;HN ] ∈ RN×d.

3. Spatial module: With a kernel of k neighbors on the graph, the diffusion convolution combines
”forward” message passing [?] and ”backwards” message passing with the matrices P and P T re-
spectively, then it is defined with the following equation:

Φ(H) =

K∑
k=0

(P kHθ
(f)
k + (P T )kHθ

(b)
k ), (27)

with θ
(f)
k , θ

(b)
k learnable parameters. Let U = Φ(H) ∈ RN×s.

4. Linear decoder: The information of each node is then projected to each horizon step to reshape it:

On = UnWdec + bdec ∈ RH·F , (28)

Ŷt = reshape(O,H,N, F ), (29)

where Wdec ∈ Rd×(H·F ) is a learnable weight matrix and bdec ∈ RH·F is the bias term.

The loss function is calculated based on the work of Wu et al. [8], which is called MaskedMAE. The loss
function is defined as follows over a batch B:

L(θ) =

∑
t∈B

H∑
τ=1

N∑
n=1

F∑
f=1

Mt,τ,n,f · |ŷt,τ,n,f − yt,τ,n,f |∑
t∈B

∑
τ,n,f

Mt,τ,n,f
, (30)

where θ includes all the learnable parameters Wenc, benc, θRNN , {θ(·)k },Wdec and bdec.
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The learning algorithm starts follows a gradient descent approach. For this, the expected loss over the
training set is minimized:

min
θ

Et∼Strain [L(θ)] (31)

Then the algorithm proceeds as follows:

1. Sampling of the sequential batch of windows {Xt, Yt,Mt}t∈B .

2. The forward computation is performed to get ŷt = FORWARD(Xt, P ).

3. The loss function L(θ) is computed.

4. Computation of the gradient∇θL using backpropagation-through-time in the temporal dimension W
through the RNN. Since the graph P is constant, the gradient only affects the parameters θ.

5. The update of the parameters is done with Adam optimizer: θ ←− Adam(θ,∇L, γ), where γ is the
learning rate.

6. At the end of each epoch, the model goes through the validation step using metrics like MAE or
RMSE until the maximum number of epochs is reached or following an early stopping strategy. A
checkpoint which saves the information about the parameters of the model is created.

7. Finally, the model is tested using the best checkpoint (the model with the best metric) to assess its
performance.

A block diagram of the learning algorithm is presented in Fig. 2. Note that the green blocks is where
the contribution of this work is most likely to be implemented, since the temporal and spatial modules
are flexible and are compatible with other kind of deep learning models and graph convolutions (through
spectral based regularization). Also, the loss function can also be modified and adapted in terms of variables
that may be aggregated to the model.

2.2.5 Spectral-Based Regularization

In machine learning, ”regularization” refers to the penalization of the error term with the objective of im-
proving the estimation of model parameters [?]. Given the loss function L(θ) = l(fθ(x), y) of a learning
model, the regularization can be represented formally as

R(θ) = L(θ)− λφ(θ), (32)

where λ ∈ [0,∞) is a hyperparameter that controls the strength of the regularization.
Regularization based on spectral methods encourages the smoothness of node embeddings, meaning hat

connected nodes have similar feature representations. This concept is grounded on graph spectral theory
, given that the adjacency matrix A encodes the graph structure and the Laplacian matrix L allows the
processing of the graph in a frequency domain.

The Laplacian matrix of a graph G = (N,E) can be defined as follows:

L(u, v) =


du, u = v

−1, (u, v) ∈ E

0, otherwise

(33)
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Figure 2: Overview of the training loop for the proposed ST-GNN model. Each sample uses a window of
W past steps, encoded linearly with the node embeddings, and then processed temporally by a RNN and
spatially by a diffusion convolution; a linear decoder outputs the H-step forecast. After the computation of
the gradient∇L(θ), the optimization is made with Adam; the validation is performed at each epoch to save
the best checkpoint, to finally report the final metrics obtained from the test set.
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where du is the degree of node u ∈ N . It can also be written as L = D −A, where D =
∑
j
Aij .

In GNNs, this kind of regularization can be applied in two sections of its architecture:

1. In the message passing process between the nodes.

Hk+1 = σ(AHkW k), (34)

where H is the matrix that represents the attributes of the nodes, W is a weight matrix and σ is an
activation function.

2. In the loss function.

Ltotal = Ltask + λfTLf, (35)

where λ ∈ (0, 1] is a regularization hyperparameter.

2.3 Temporal and Spatio-Temporal Dependencies

In the scope of the present work, it is imporant to make the distinction how a single observation in the
network changes over time and how information is shared across the network structure [26]. These are
represented by temporal dependencies and spatio-temporal dependencies.

In the first case, a temporal dependency is given naturally by the definition of time series, since it refers
to the correlation that exists between a specific state of a node of the graph (i.e., an observation of a variable
in the time series) at current time t and its own previous states t− 1, t− 2, .... It is assumed that the future
value of a node is conditioned by its own history.

On the other hand, the spatio-temporal dependency occurs when there is an interaction when the state
of a node i in time step t is influenced by the state of the neighboring nodes j in past time steps. The
similarity between neighboring nodes already represents the spatial dependency, thus, the spatio-temporal
dependency is represented by the signal that propagates through the graph via message-passing from node
to node through time.

3 Related Work

In recent times, although limited [?], there has been significant progress in time series forecasting and
missing data imputation, through the application of deep learning models [3].

Despite this progress, most of the existing works have approached these two challenges separately. This
separation limits robustness of current models and applicability to real world scenarios where imputation
and forecasting are related tasks.

This section reviews works for forecasting and imputation, which involves the utilization of a GNN model
as their main architecture.

3.1 Works in Time Series Forecasting

The fundamental work of Wang et al. (2020) [21] focuses on the temporal classification/regression prob-
lem which consists on building a function that maps a multivariate time series to a discrete class label or real
value response. They propose a model called sparse functional multilayer perceptron (SFMLP) for handling
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missing values in time series covariates. Simeunovic et al. (2022) [22] propose to take a graph signal pro-
cessing perspective to model multi-site photovoltaic production time series as signals on a graph to capture
their spatio-temporal depencencies. There are two approaches in this work: the graph-convolutional long
short term memory (GCLSTM) and the graph convolutional transformer (GCTrafo) models.

Moreover, Oskarsson et al. (2023) [23] proposed a temporal graph neural network model for forecasting
of graph structured irregularly observed time series. This approach introduces a time continuous latent state
in each node, following a linear ordinary differential equation defined by the output of a Gated Recurrent
Unit (GRU). Although research on the topic of forecasting from partial observations is limited [?], the most
recent work from Kim et al. (2025) [24] proposes a new method for multivariate time series forecasting with
missing values, called temporal matrix factorization-based graph neural network (TMF-GNN). The concept
of temporal matrix factorization is used to reconstruct partially observed MTS data.

Table 1: Summary of recent state-of-the-art works in time series forecasting.

Year Authors Architecture Baselines Datasets Performance

2020 Wang et al. Functional MLP LSTM PBC, C-MAPSS,
synthetic data

RMSE = 11.97

2022 Simeunovic et al. ST-GNN STAR, STCNN,
SVR, ED-LSTM

Synthetic and real
dataset

NRMSE = 3.350
NMAE = 7.23

2023 Oskarsson et al. GNN GRU-D, Trans-
former, LG-ODE

PEMS-BAY, METR-
LA, USHCN

MSE = 0.071

2025 Kim et al. TMF-GNN TMF, TRMF,
NoTMF

Google Flu Trends,
AQI, PM2.5

RMSE20% = 0.029
RMSE30% = 0.035
RMSE40% = 0.034

3.2 Works related to Imputation

For the imputation task, Ma et al. (2020)[?] proposed an imputation methodology named transferred
long short-term memory-based iterative estimation (TLSTM-IE) where the imputation occurs in consecutive
missing values with large missing rates. The work of Marisca et al. (2022) [?] regarding data imputation
of time series rely on attention-based architectures to reconstruct missing data points by conditioning the
reconstruction only on the available observations on the time series.

Cini et al. (2022) [?] proposes the first imputation method using GNNs, with an architecture named
GRIN, which reconstructs missing data in the different channels of a multivariate time series by learning
spatio-temporal representations through message passing.

Also, the work of Chen et al. (2023) [9] proposes an adaptive graph recurrent network (AGRN) which
learns variable and time specific dependencies without domain knowledge, combining a graph convolution
module with a spatio-temporal fusion module based on a Gated Recurrent Unit (GRU).

3.3 Discussion

A through review of recent works related to our proposed research reveals that much of the current work
in time series forecasting have the assumption of complete datasets. This significantly limits the applicability
to real world scenarios where data sparse is common. Furthermore, many baseline models are not based on
GNNs, which make the direct and balanced comparisons with other GNN models infrequent.
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Table 2: Summary of recent state-of-the-art works in time series imputation.

Year Authors Architecture Baselines Datasets Performance

2020 Ma et al. LSTM, Transfer
Learning

ARIMA, SVR,
LASSO, RNN

PM2.5 RMSE = 0.0864

2022 Marisca et al. Attention-based
model

GRIN, SAITS,
BRITS, rGAIN

PEMS-BAY,
METR-LA, AQI

MAE50% = 0.79
MAE75% = 0.97
MAE95% = 1.68

2022 Cini et al. GNN BRITS, rGAIN,
KNN, MPGRU

PEMS-BAY,
METR-LA, AQI,
CER-E

MAEbm = 0.41
MAEpm = 0.29

2023 Chen et al. AGRN Mean, kNN,
BRITS, GRIN

AQI, PEMS-BAY,
METR-LA

MAE = 0.67

Regarding imputation tasks, their impact on forecasting performance is not widely analized in depth,
despite the inherent connection between imputation precision and forecasting accuracy.

Finally, although the recent work of Kim et al. (2025) [24] is promising, it does not consider spatial
dependencies, as it relies on matrix factorization and graph convolutional network-based regularization for
handling missing values in time series.

The main distinction between related works and the proposed framework lies in the architectural handling
of missing values. Unlike traditional two-stage approaches that treat imputation as an isolated pre-processing
task -which may introduce bias before the model can take input- the proposed approach integrates imputation
directly into the learning algorithm. By optimizing imputation and forecasting jointly, the model ensures
that the filled values will be defined specifically to maximize forecasting accuracy.

4 Research Proposal

This section includes the general steps and guidelines for the completion of this project.

4.1 Methodology

1. Background and Related Work
The project requires a continuous comprehensive review of topics relevant to GNNs and time series
forecasting. Initial efforts were focused on studying published works on GNNs and ST-GNNs to
develop a solid understanding of the general domain. Subsequently, attention was directed toward the
issue of data sparsity in time series and the training strategies that can be implemented in ST-GNNs
to address this issue, in order to gain deeper understanding of the specific challenges of this project.

2. Experimental Design
The research design for this project is planned according to the following activities, which may change
in the course of the realization of the project:

• Approach. The proposed approach is to implement a ST-GNN using the Python library tsl [?],
which is designed to ease the development of graph neural networks for spatio-temporal data
processing. This library is built using PyTorch, PyTorch Geometric and PyTorch Lightning
[10], ensuring cohesive framework that spans from data preprocessing to model deployment.
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The datasets METR-LA, PEMS-BAY, AQI and USHCN [?] will be used for training, testing
and validation of the proposed architecture. The properties of each dataset can be found in Table
3.

Dataset Domain # Sensors Missing Data Typical Tasks

METR-LA Traffic (speed) 207 Yes (NaNs due to
sensor outages)

Forecasting,
Imputation

PEMS-BAY Traffic (speed) 325 Yes (generally
sparse/minor gaps)

Forecasting

AQI (Beijing
Multi-Site)

Air quality 12 Yes (missing
timestamps/values)

Forecasting,
Imputation

USHCN v2.5 Climate (monthly) ≈1219 Some gaps/flags;
homogenized series

Forecasting,
Imputation

Table 3: Summary of METR-LA, PEMS-BAY, AQI, and USHCN v2.5 datasets including missing data and
typical tasks.

• Evaluation metrics. For this project, the following metrics were initially selected to measure
the performance of the proposed model, which are also widely used in the existing research.

– Mean Absolute Error (MAE): The average of the absolute differences between predicted
and actual values.

MAE = 1
n

n∑
i=1
|yi − ŷi|

– Root Mean Squared Error (RMSE): The square root of the average of squared differences
between predicted and actual values.

RMSE =

√
1
n

n∑
i=1

(yi − ŷi)2

– Mean Absolute Percentage Error (MAPE): It expresses the accuracy as a ratio defined by
the following expression:

MAPE = 100 1
n

n∑
t=1
|yi−ŷi

yi
|

• Baselines Given the present project, we would choose between three kinds of baselines:

(a) Traditional Time Series models: ARIMA (AutoRegressive Integrated Moving Average) [2]
or LSTM (Long Short-Term Memory) [4] for forecasting tasks.

(b) Deep learning baselines for imputation or forecasting: RNN based models such as GRU
(Gated Recurrent Unit)[4] .

(c) Existing GNN models for spatio-temporal data: STGCN [13], Graph WaveNet [8] or TMF-
GNN [24].

The choice of these baselines will depend on the open-source implementation availability and
compatibility with the chosen datasets.

3. Model Development and Training Strategies In this part of the research, we will divide the main
activities in the following:
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(a) Model Architecture Development. The main goal is to make the architecture modular, allow-
ing flexible integration of imputation tasks and spectral based regularization techniques. This
will allow the proposed model to tackle forecasting tasks in environments with missing data by
leveraging the proposed ideas regarding training strategies, variants of loss function and even
spectral based regularization methods. The flexibility of the spatial and temporal module to
choose different models to approach the spatial and temporal processing allow the model to
adapt imputation mechanisms for forecasting architectures [?].

(b) Missing Data. Missing values will be treated in two different ways:

• Allow the model to learn directly with sparse data.
• Define a pre-processing imputation to study the effects on ST-GNNs with sparse data.

(c) Training Strategies. For the training strategies, the following are the techniques that initially
will be tested on the proposed model:

• Spectral regularization to apply smoothness over the nodes of the graph or the loss function
using Laplacian based constraints.

• Simulation of missing values at different sparsity levels (10%, 20%, 30% and 50%) during
training to improve model robustness.

• Combine forecasting loss with regularization loss to define a joint objective loss function.

4. Assessment of the Model

The experimental evaluation will be conducted using well known spatio-temporal datasets (METR-
LA, PEMS-BAY, AQI), which are representative benchmarks for different domains, like traffic fore-
casting and environmental monitoring. To simulate real world levels of missing values, various levels
of missingness will be introduced in these datasets. The experimental setup will assess the capabilities
of the model regarding forecasting with incomplete data and with preprocessing imputation strategies.

Model performance will be evaluated using standard forecasting metrics which were mentioned on
the Research Design, both for forecasting and imputation task. Furthermore, these metrics then will
be used for rigorous statistical testing to validate the signficance of performance differences.

Ablation studies will be performed to isolate the contributions of the key ideas like spectral-based reg-
ularization, transfer learning or imputation methods to verify the influence of the proposed strategies
and the impact on overall model performance.

4.2 Work Plan

The following diagram serves as the activity guide for the execution of this project.

5 Preliminary Results

The goal of the preliminary experiments was to become familiar with the ST-GNN model in forecasting
tasks by designing synthetic datasets to evaluate and compare its performance against traditional baseline
models. Moreover, the results of this work have been accepted for presentation as a poster at the Mexican
International Conference on Artificial Intelligence 2025 [7].

18



Figure 3: Proposed timeline of research activities from 2024 to 2028.

5.1 Datasets

The datasets were designed following a sinusoidal function with additive Gaussian noise, which can be
represented with Equation 33. Each time series simulates the behavior of a node in a graph over time, with
individual patterns designed to introduce varying levels of correlation and complexity.

xi(t) = sin(
10t

T
+ i) + ϵi(t), for i ∈ {1, 2, 3, 4}, (36)

where T = 1000 are the time steps, xi(t) is the value of the time series associated to node i at time step
t and ϵi(t) ∼ N (0, σ2).

An additional time series, x0(t), was constructed using three different schemas to reflect varying degrees
of inter-node dependency:

1. Sum-based dependency: Time series x0 is the sum of the rest of the time series.

x0(t) =
4∑

i=1

xi(t). (37)

2. Mean-based dependency: Time series x0 is the mean of the rest of the time series.

x0(t) =
1

4

4∑
i=1

xi(t). (38)

3. Product-based dependency: Time series x0 is the multiplication of the rest of the time series.

x0(t) =
4∏

i=1

xi(t). (39)
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Figure 4: The graph associated to the synthetic data [7]. Each node represents a time series, edges represent
statistically significant Pearson correlations between node pairs. Edge labels indicate the correlation coeffi-
cients, reflecting the strength of pairwise dependencies.

This schema introduces an explicit dependency structure, considering linear and non linear dependencies,
allowing us to test the model’s ability to capture node relationships and exploit spatial correlations in the
time series.

The graph structure was defined based on the Pearson correlation coefficient between each pair of time
series; the weight of each edge represents statistically significant correlations (see Fig. 4). This synthetic
setup provides complete control over spatial and temporal attributes, which enables detailed analysis of the
robustness and generalization of the model under different scenarios.

5.2 Spatio-Temporal GNN Model

The spatio-temporal forecasting model used for these experiments is based on the architecture proposed
by Li et al. [?], which integrates temporal encoding via Gated Recurrent Units (GRUs) and spatial modeling
using Spectral Graph Convolutional Networks (Spectral GCNs) informed by diffusion processes.

The model processes inputs sequences in two stages:

1. Temporal encoding: For each node, a GRU processes its historical time series to extract latent
temporal features.

2. Graph-based spatial encoding: The node embeddings are passed through a spectral graph convo-
lution layer, which performs message passing across the graph based on the connectivity defined by
the similarity matrix.

This approach enables the model to jointly learn temporal dynamics and spatial correlations encoded in
the graph structure. Training is performed end-to-end, using a mean squared error loss between the predicted
and ground-truth future values.
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5.3 Baseline Models and Metrics

To contextualize the performance of the ST-GNN model, we implemented two widely-used forecasting
baselines:

• ARIMA: A classical autoregressive integrated moving average model [?], fit independently to each
series.

• LSTM: A deep learning model based on Long Short-Term Memory units, which models temporal
dependencies but do not consider spatial dependencies [3].

All models are evaluated on a multi-step-ahead forecasting task, where the objective is to predict future
values of node 0 given historical data from all nodes. The dataset is split into training (70%), validation
(10%), and test (20%) subsets. Each model is trained for 100 epochs with a forecasting horizon of H = 12.

We use two standard regression metrics to evaluate forecasting accuracy: RMSE and MAE; these metrics
quantify both average and squared prediction errors across different models and scenarios.

5.4 Experimental Setup

The experiment was repeated for each dependency setting (sum, mean and product setting). The models
were trained for 100 epochs each; then, we calculated the metrics RMSE and MAE using the test set.

Table 4 summarizes the key hyper-parameters used for training the LSTM and ST-GNN models. Both
models were trained using the same learning rate, batch size, and number of epochs to ensure a fair com-
parison. While the LSTM uses a larger hidden size (64 vs. 32), the ST-GNN compensates by incorporating
node embeddings and a graph convolutional layer with a kernel size of 2, which means that each graph
convolution will consider the information of the next two neighbors of a given node. This architectural
design allows ST-GNN to model spatial relationships between nodes in addition to temporal dependencies.
Additionally, the ST-GNN had fewer trainable parameters (12.1k) compared to the LSTM (17.9k), resulting
in faster training times. Figure 3 illustrates the predicted versus true values of the target time series (Node
0, which is dependent of the rest of the nodes) across the three dependency settings.

Table 4: Summary of hyperparameters used for the LSTM and ST-GNN models. Both models were trained
under identical learning conditions to ensure a fair comparison.

Hyperparameter LSTM ST-GNN
Input size 1 1
Hidden size 64 32
Horizon 12 12
RNN layers 1 (LSTM) 1 (GRU)
GNN kernel size – 2
Node embeddings – Yes
Learning rate 0.001 0.001
Batch size 32 32
Max epochs 100 100
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0.9

Figure 5: Sum-based time series.

0.9

Figure 6: Mean-based time series.

0.9

Figure 7: Product-based time series.

Figure 8: Forecasting results for the dependent time series under three synthetic dependency settings: (a)
sum-based, (b) mean-based, and (c) product-based [7]. The plots illustrate the ground truth versus model
predictions.
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5.5 Discussion

Table 5 summarizes the forecasting accuracy across both synthetic settings. The reported values for the
deep learning models (LSTM and ST-GNN) represent the mean and standard deviation computed over 10
independent training runs. For the ARIMA model, the forecast was computed independently for each of
the five time series, and the final metrics is the average of the previous results, followed by calculating the
overall standard deviation.

The results showed that the ST-GNN outperforms the ARIMA model by a large margin in all synthetic
scenarios, which highlights the limitations of traditional statistical methods when handling multivariate and
spatially dependent time series.

The comparison between ST-GNN and LSTM revealed the following findings:

• Mean-based setting: LSTM achieved slightly lower RMSE than ST-GNN, suggesting that in scenarios
with weak spatial dependencies, temporal models should be enough for the forecasting task at hand.

• Sum-based setting: ST-GNN significantly outperformed LSTM, indicating that spatial modeling is
crucial when the target series aggregates multiple sources.

• Product-based setting: Both deep learning models performed comparably, showing that they could
capture nonlinear dependencies. The benefit of spatial modeling was less pronounced in this case.

To assess that the observed performance gaps were statistically significant, we conducted a Welch’s
independent-sample t test on the ten repeated runs of the deep-learning models and the five ARIMA models.
For the RMSE in the mean-based scenario, ST-GNN vs LSTM yielded t = 61.4 (df ≈ 15.7, p < 10−18);
ST-GNN vs ARIMA yielded t = 36 (df ≈ 4.2, p < 10−4). Similar results were obtained for the MAE
score and the sum-based scenario, confirming that the improvements are statistically significant in a linear
dependency scenario.

In the multiplicative setting, ST-GNN and LSTM achieved statistically similar performance (t ≈ 17.9, df ≈
18, p > 0.05), suggesting both models can learn the non linear dependency. In contrast, ARIMA performed
significantly worse (t ≈ −4.54, df ≈ 9, p < 0.01); including a multiplicative dependency revealed that
both ST-GNN and LSTM were able to achieve low error, while ARIMA failed, highlighting the importance
of nonlinear modeling capacity. It is important to mention that in this setting, the benefit of explicit spatial
modeling in ST-GNN was not as pronounced as in the sum-based scenario.

Note that the ten runs for each deep learning model differ only in random initializations; therefore the
independence assumption is approximated. The ARIMA results were averaged over five series, whose
forecast errors could be correlated. These factors may affect slightly the t-statistics, so the reported p-values
must be interpreted considering these observations.

Interestingly, while the LSTM performs slightly better than the ST-GNN in the mean-based setting, the
ST-GNN achieves better results in the sum-based setting. This suggests that the ST-GNN has better perfor-
mance when the target node has higher variability due to the mean-based dependency and stronger spatial
correlation with other nodes.

The results obtained provide insights about incorporating graph-based spatial structure into forecasting
models, which can enhance the performance in structured time series domains.

6 Final Remarks

Spatio-temporal forecasting with missing data remains an open challenge, especially in real world ap-
plications like traffic flow forecasting, environmental monitoring and energy consumption. Current models
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Table 5: Forecasting performance of ARIMA, LSTM, and ST-GNN models (mean ± std) on three synthetic
scenarios where Node 0 is the mean, sum or product of other time series.

Setting Model RMSE MAE

Mean
ST-GNN 0.098 ± 0.0003 0.076 ± 0.0003
ARIMA 1.073 ± 0.640 1.038 ± 0.650
LSTM 0.091 ± 0.0002 0.091 ± 0.002

Sum
ST-GNN 0.131 ± 0.0005 0.098 ± 0.0005
ARIMA 1.230 ± 0.450 1.190 ± 0.480
LSTM 0.117 ± 0.001 0.116 ± 0.001

Product
ST-GNN 0.095 ± 0.001 0.074 ± 0.001
ARIMA 1.053 ± 0.667 1.017 ± 0.679
LSTM 0.087 ± 0.001 0.087 ± 0.001

based on statistical approaches or deep learning methods normally rely on complete datasets or do not con-
sider the impact of imputation in forecasting tasks.

Therefore, this research aims to improve model robustness and accuracy in missing data scenarios by
exploring training strategies that incorporate spectral regularization, transfer learning and data imputation.

As expected contributions, this research aims to propose a unified ST-GNN framework for forecasting
sparse spatio-temporal time series, to get empirical insights into the effect of imputation on forecasting
performance, and benchmark comparison against state-of-the-art models with clearly documented and re-
producible evaluation tools.
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