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Abstract
Spatiotemporal Predictive Learning (SPL) is an essential research topic involving many practical
and real-world applications, e.g., motion detection, video generation, precipitation forecasting, and
traffic flow prediction. The problems and challenges of this field come from numerous data
characteristics in both time and space domains, and they vary depending on the specific task. For
instance, spatial analysis refers to the study of spatial features, such as spatial location, latitude,
elevation, longitude, the shape of objects, and other patterns. From the time domain perspective,
the temporal analysis generally illustrates the time steps and time intervals of data points in the
sequence, also known as interval recording or time sampling. Typically, there are two types of
time sampling in temporal analysis: regular time sampling (i.e., the time interval is assumed to be
fixed) and the irregular time sampling (i.e., the time interval is considered arbitrary) related closely
to the continuous-time prediction task when data are in continuous space. Therefore, an efficient
spatiotemporal predictive method has to model spatial features properly at the given time sampling
types.
In this thesis, by taking advantage of Machine Learning (ML) and Deep Learning (DL) methods,
which have achieved promising performance in many complicated computational tasks, we
propose three DL-based models used for Spatiotemporal Sequence Prediction (SSP) with several
types of time sampling. First, we design the Trajectory Gated Recurrent Unit Attention (TrajGRUAttention) with novel attention mechanisms, namely Motion-based Attention (MA), to improve
the performance of the standard Convolutional Recurrent Neural Networks (ConvRNNs) in the
SSP tasks. In particular, the TrajGRU-Attention model can alleviate the impact of the vanishing
gradient, which leads to the blurry effect in the long-term predictions and handle both regularly
sampled and irregularly sampled time series. Consequently, this model can work effectively with
different scenarios of spatiotemporal sequential data, especially in the case of time series with
missing time steps. Second, by taking the idea of Neural Ordinary Differential Equations
(NODEs), we propose Trajectory Gated Recurrent Unit integrating Ordinary Differential Equation
techniques (TrajGRU-ODE) as a continuous time-series model. With Ordinary Differential
Equation (ODE) techniques and the TrajGRU neural network, this model can perform continuoustime spatiotemporal prediction tasks and generate resulting output with high accuracy. Compared
to TrajGRU-Attention, TrajGRU-ODE benefits from the development of efficient and accurate
ODE solvers. Ultimately, we attempt to combine those two models to create TrajGRU-AttentionODE. NODEs are still in their early stage of research, and recent ODE-based models were
designed for many relatively simple tasks. In this thesis, we will train the models with several
video datasets to verify the ability of the proposed models in practical applications.
To evaluate the performance of the proposed models, we select four available spatiotemporal
datasets based on the complexity level, including the MovingMNIST, MovingMNIST++, and two
real-life datasets: the weather radar HKO-7 and KTH Action. With each dataset, we train, validate,
and test with distinct types of time sampling to justify the prediction ability of our models. In
summary, the experimental results on the four datasets indicate the proposed models can generate
predictions properly with high accuracy and sharpness. Significantly, the proposed models
outperform state-of-the-art ODE-based approaches under SSP tasks with different circumstances
of interval recording.
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Chapter 1:
1.1

Introduction

Motivation

Spatiotemporal Sequence Predictive (SSP) learning has been an essential research topic and
plays a critical role in many real-world applications, attracting widespread attention and
investigation in recent years. In real life, spatiotemporal data and phenomena often occur around
us whenever we collect data across space and time. The common cases are video clips which we
watch on social media daily and include many other complicated spatiotemporal matters related to
the scientific and industrial fields, such as the traffic flow used in the transformation and diffusion
of air pollutants in the environment, regional rainfall, radar echo, satellite images used in the
weather forecasting field, etc. Overall, SSP learning refers to the approaches used for studying and
processing these data for practical tasks ranging from many daily practical applications (e.g.,
motion prediction, physical scene understanding, traffic flow prediction) to many global-scale
applications (e.g., precipitation nowcasting, weather hazard forecasting) [1, 2, 3, 4, 5, 6, 7, 8, 9,
10]
Nowadays, we witness a tremendous and unstoppable growth of Artificial Intelligence (AI)
technology as well as Deep Learning (DL) and Machine Learning (ML) techniques, which have
been proven to be the potential solutions for complicated computational tasks. With SSP learning
tasks, researchers, and enthusiasts alike, have studied and proposed various ML algorithms and
advanced DL-based models with relatively promising performances. However, prior works
showed that the performance of a specific model varies significantly depending on the different
tasks and datasets, especially with the spatiotemporal sequences. This data type requires an
analysis of both the space and time domains, making the job complicated and challenging [3, 4, 8,
11, 12, 13, 14]. However, we are still in the early stages of the SSP field of research. Therefore,
there is still much room to modify and develop the methods by investigating the pros and cons of
previous related works and learning from the practical experiments with spatiotemporal datasets.
The spatiotemporal data's complexity stems from its properties (i.e., spatial reference, time
reference, auto-correlation, and heterogeneity) [15, 16]. From the perspective of the space domain,
the spatial reference indicates many different features associated with the spatial location, latitude,
elevation, longitude, and other terms like the distribution, intensity, and shape of objects in the
case of the image data. On the other hand, the temporal reference illustrates the evolution of things
over time. In this thesis, we are considered in the time interval between two adjacent sampled data
points and whether this interval is fixed or varying. Typically, there are two types of time sampling
in temporal analysis: regular time sampling (i.e., the time interval is assumed to be constant) and
irregular time sampling (i.e., the time interval is considered arbitrary).
Although some sequence models usually apply a standard time sampling variable and use the
concept of frame rate to sample the data, capturing samples at the same time interval is relatively
1

complicated and challenging. Moreover, various scientific spatiotemporal data, such as
continuous-time physical modelling (i.e., the data are collected in the continuous domain),
economics, and medical data analysis, do not follow the regular time sampling assumption. In
addition, data collected in real-time frequently miss values at random timesteps because of
hardware errors, noises, and other outside effects. Eventually, the spatial and temporal features
incorporate, leading to autocorrelation (i.e., spatial, and temporal correlations between near data
frames) and heterogeneity. Therefore, an efficient model must properly extract spatial and
temporal features simultaneously and learn their dependencies for a specified time sampling
assumption (regular or irregular).
Recent studies proposed approaches to solve complicated SSP tasks with fixed frame rates [1,
2, 3, 7, 11, 13, 17, 18]. Other works used the concept of irregular time sampling in continuoustime video generation and prediction [14, 19, 20, 21, 22]. However, those continuous-time models
experimented with relatively simple datasets; thus, they are not really practical for real-world
applications. Based on the observations, we attempt to build DL-based models for the overall
spatiotemporal predictive learning problem, which fits different spatial datasets and time sampling
assumptions.

1.2

Problem statement

With the given spatiotemporal sequence input, the main objective of SSP task is to forecast the
sequence output at future timesteps. To do that, we build trainable DL sequence-to-sequence
models consisting of two parts: the encoder and decoder, which we will present later. Simply put,
the encoder receives, processes the input sequence, and sends practical information to the decoder,
generating output predictions.
In our work, the spatiotemporal sequence is commonly represented by a 4-D tensor 𝑿 ∈
ℝ
; where S is the number of timesteps or the sequence length, C being the number of
channels, H and W being the height and the width of a single frame, respectively. For the
preprocessing, each sampled sequence is split into two subsequences, one used as the input data
sequence of the encoder and the other used as the target (i.e., the ground truth of the output
prediction sequence) to compare with the output prediction generated by the decoder. As such, the
main SSP problem formulation can be expressed as
𝑆×𝐶×𝐻×𝑊

𝑿 = (𝑿𝑖𝑛𝑝𝑢𝑡 |𝑿𝑡 𝑎𝑟𝑔 𝑒𝑡 ) = (𝑿(𝑡1 ) … 𝑿(𝑡𝑁 )|𝑿(𝑡𝑁+1 ) … 𝑿(𝑡𝑁+𝐾 ))
𝑿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 (𝑓𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (𝑿𝑖𝑛𝑝𝑢𝑡 )) = 𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 (𝑓𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (𝑿(𝑡1 ) …
̃ (𝑡𝑁+1 ) … 𝑿
̃ (𝑡𝑁+𝐾 ))
= (𝑿
𝑚𝑖𝑛 𝑓𝑙𝑜𝑠𝑠 (𝑿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 , 𝑿𝑡 𝑎𝑟𝑔 𝑒𝑡 )
̃ (𝑡𝑁+1 ) … 𝑿
̃ (𝑡𝑁+𝐾 )), (𝑿(𝑡𝑁+1 )
⇔ 𝑚𝑖𝑛 𝑓𝑙𝑜𝑠𝑠 ((𝑿
{
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𝑿(𝑡𝑁 )))
, (1.1)

… 𝑿(𝑡𝑁+𝐾 )))

where 𝑿 ∈ ℝ𝑆×𝐶×𝐻×𝑊 indicates the examined sequence, consisting of S data frames at time steps
(𝑡1 𝑡2 ⋯ 𝑡𝑆 ); 𝑿𝑖𝑛𝑝𝑢𝑡 ∈ ℝ𝑁×𝐶×𝐻×𝑊 , 𝑿𝑡 𝑎𝑟𝑔 𝑒𝑡 ∈ ℝ𝐾×𝐶×𝐻×𝑊 are the input and target
sequences, respectively (i.e., 𝑆 = 𝑁 + 𝐾); 𝑿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 ∈ ℝ𝐾×𝐶×𝐻×𝑊 presents the output prediction
sequence of the model; 𝑓𝑒𝑛𝑐𝑜𝑑𝑒𝑟 , 𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 represent for the encoder and decoder of the model,
respectively; 𝑓𝑙𝑜𝑠𝑠 indicates the loss function guiding the training process.
In particular, the time interval 𝛥𝑡 = 𝑡𝑖+1 − 𝑡𝑖 between two adjacent frames is fixed for the
regular time sampling. In contrast, the time interval 𝛥𝑡 = 𝑡𝑖+1 − 𝑡𝑖 varies and depends on the given
time steps in the irregular sampling assumption. To solve the overall SSP problem, we will
examine our models with two sampling types, regular time sampling and irregular time sampling.
Furthermore, we apply our models with different spatiotemporal datasets ranging from simple
spatial features to complicated ones (i.e., different levels of spatial, temporal references,
correlation, and heterogeneity). In addition, the problem statement formula (1.1) contains the
concepts of extrapolation and interpolation tasks. To perform a specific task, we can define the
timestamps of the target frames.

1.3

Overview of our system
Overall, we build the system based on the following steps

The first step is the model designing process. The proposed DL models are essentially based
on conventional DL sequence-to-sequence models. To design the models, we are concerned with
three main elements: the model structure, model architecture, and building blocks. The overview
of this step is shown in Figure 1.1
•

Model structure: As mentioned earlier in the primary problem formulation, the models
follow the encoding-decoding system with two main parts: the encoder and the decoder.
Each component is constructed by multiple layers, which are essentially represented by
specified types of artificial neural networks. In terms of functioning, the encoder obtains
the input, processes it, then transfers essential information from the observations to the
decoder generating the output predictions.

•

Model architecture: This element illustrates the connection between the encoder and the
decoder, different layers, and small neural network cells. Therefore, the information flow
running forward and backward through the entire system, can be visualized. Since the
model architecture impacts the system's performance directly, we attempt to design a
suitable architecture for the SSP task.

•

Building blocks: These blocks represent the neural network type of each layer. We classify
the building blocks into two classes: the central block and the connection block. As such,
the central blocks have the function of learning and storing the empirical knowledge of the

3

observation, while the connection blocks process and transport the information through the
system.

Figure 1.1: Overview of the model designing process. Three main elements are the model
structure, model architecture, and building blocks.
The second step is the data selecting and sampling. Four spatiotemporal datasets are used,
including the MovingMNIST, MovingMNIST++, radar weather HKO-7, and the KTH Action. We
choose those datasets according to the order of increasing complexity in spatial features. As
demonstrated in the below section, our overall SSP task covers constant time-interval, irregularly
sampled time-series prediction, and even continuous-time video generation (i.e., the output data
are in the continuous domain). With each dataset, we apply different time-sampling methods to
evaluate the performance of models in this task. For the encoding-decoding structure, a single
examined sequence is split into two subsequences: the input data subsequence and the target
subsequence. Consequently, we can consider four sampling methods in the time domain, as
follows, and as illustrated in Figure 1.2
•
•

Regular time sampling is applied to both input and target subsequences.
Irregular time sampling is applied to the input subsequence and regular time sampling is
applied on the target subsequence.
4

•
•

Regular time sampling is applied to the input subsequence and irregular time sampling on
the target subsequence.
Irregular time sampling is applied to both input and target subsequences.

Figure 1.2: Overview of the time sampling methods. There are four cases: a) The regular
time sampling is applied to both input and target subsequences; b) The irregular time
sampling is applied to the input subsequence and the regular time sampling is applied to the
target subsequence; c) The regular time sampling is applied to the input subsequence and the
irregular time sampling to the target subsequence; d) The irregular time sampling is applied
to both input and target subsequences.
Based on the first observations, these scenarios are sorted in ascending order of difficulty. We
suppose these four scenarios can represent the overall SSP task. Then, we investigate the
performance of the proposed models with the expectation that they can work efficiently in all four
cases with different spatiotemporal datasets.
The third step indicates the training and validating processes. In this step, we define the loss
function and optimizing method guiding the training process. Besides, we employ the learning rate
updating mechanism and the early stopping method for generalization.
The final step indicates the testing process. To test models’ performance, we calculate some
famous evaluation metrics, especially image quality metrics: the Mean Square Error (MSE), Mean
Absolute Error (MAE), Structural Similarity Index Measure (SSIM), and Peak Signal to Noise
Ratio (PSNR). Finally, we present some observations and conclusions of our models based on the
results.
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1.4

Contributions
The major contributions in this thesis can be summarized as follows

•

The overall SSP task working with different temporal scenarios is proposed, as illustrated
below. Therefore, the models can handle spatiotemporal datasets with varying levels of
complexity and sampling types (i.e., the temporal, spatial references, auto-correlation,
heterogeneity).

•

We propose three novel DL-based sequence-to-sequence models which can work
effectively with the overall SSP task.
o To alleviate the impact of the vanishing gradient issue occurring quite often in
traditional Recurrent Neural Networks (RNNs), we investigate and design a novel
attention mechanism called Motion-based Attention (MA) based on the motion
characteristic analysis. Moreover, this attention mechanism has a side effect
allowing the system to learn and remember the spatial features at arbitrary time
steps. Then, the MA is integrated to the TrajGRU model to create a novel Trajectory
Gated Recurrent Unit Attention (TrajGRU-Attention). As a result, the TrajGRUAttention model is the improved version of the standard TrajGRU for the overall
SSP task.
o By taking the idea of Neural Ordinary Differential Equations (NODEs), Trajectory
Gated Recurrent Unit integrating Ordinary Differential Equation techniques
(TrajGRU-ODE) is designed as a continuous time-series model. This model can
perform continuous-time spatiotemporal prediction tasks with complex data and
generate results with high accuracy. Compared to TrajGRU-Attention, TrajGRUODE benefits from the development of efficient and accurate ODE solvers.
o To further investigate the capacity of learning continuous-time and spatiotemporal
dynamics, the TrajGRU-ODE model is combined with the Motion-Attention to
design the Trajectory Gated Recurrent Unit integrating the Attention and Ordinary
Differential Equation (TrajGRU-Attention-ODE).
•

We propose and design new model architecture, combining the conventional stacked
style and the zigzag style; this architecture enables the models to learn the extracted
features at different scaling levels and increases the memory ability of the whole
system. Therefore, it helps weaken the effect of the vanishing gradient issue.
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•

1.5

For the training process, we use the combination of two widely used errors (the Mean
Square Error (MSE) and Mean Absolute Error (MAE)) and one image quality metric
(Structural Similarity Index Measure (SSIM)) as the loss function.

Outline

The upcoming chapters are organized as follows
Chapter 2 “Literature review”: This chapter starts by introducing the fundamental knowledge of
spatiotemporal data, including temporal and spatial analysis. Then, comprehensive review of Deep
Learning will be provided, including widely used neural networks and related components to build
sequence models.
Chapter 3 “Related Work”: This chapter reviews other research efforts related to this work,
including Convolutional Recurrent Neural Networks (ConvRNNs), ODE-based models,
Generative Adversarial Networks (GANs), and transformers.
Chapter 4 “Proposed Method”: This chapter introduces three proposed models, TrajGRUAttention, TrajGRU-ODE, and TrajGRU-Attention-ODE. The model structure, architecture, and
the building blocks of each model are explained in detail.
Chapter 5 “Experiments”: This chapter starts by introducing four spatiotemporal datasets,
including the MovingMNIST, MovingMNIST++, HKO-7 and the KTH Action. Then, we conduct
experiments and analyze the results from our proposed models for the overall SSP task. Finally,
we compare them with other recent related models to demonstrate our models' ability.
Chapter 6 “Conclusion and Future Work”: This chapter summarizes the proposed models for the
overall SSP task and presents the potential improvement that could be considered in future
research.
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Chapter 2:

Literature review

In this chapter, we first present the fundamental knowledge of sequence learning. Then, some deep
learning terms will be reviewed that we will employ to build the models in this work.

2.1

Sequence learning

There are various data types in the data science field, each of which fits a particular
circumstance and application. Based on the statistical data distributions, we can classify the data
into two groups: independent, identically distributed (i.i.d.) data and the group of data that do not
follow this assumption. For example, in signal processing, most prior algorithms are investigated
and designed for i.i.d. distributed data which share the same probability distribution and are
independent events. However, many applications are not interested in this type of data, especially
when it comes to sequential data. We can list several sequential data we meet daily, such as text
streams, audio clips, video clips, and different time-series data found in economics, medicine, and
physical sciences. These data are often analyzed in sequence as the practical knowledge lies in the
dependencies between data points within a specific series. For example, we need to watch a video
clip or read a text document sequentially to understand the content instead of looking at a single
data point. Therefore, sequence learning has been getting much more attention in recent years
because of the essential role of sequential data in real-world applications.
Sequence learning is the study of data science algorithms designed for applications requiring
sequential data [23, 24]. Many models that input and output sequential data are known as the
sequence or sequence-to-sequence models [1, 2, 3, 14, 25, 26, 27, 28]. According to the
development of artificial intelligence, various advanced sequence models have been designed to
meet the high demand of industries.
2.1.1 Temporal analysis
Essentially, temporal analysis (time series analysis) is the study of the statistical characteristics
of the time series, which is a particular type of sequential data and is collected at different points
in time [3, 15, 16, 20, 29, 30, 31, 32, 33]. By obtaining the practical information of observed data
and the dependencies within a time series, we can perform the time series forecasting task, one of
the most common use cases in the sequence learning field. For instance, predicting the motions of
an object in the future requires knowledge of its movements in a particular evolution process. From
the perspective of temporal analysis problems, continuous-time and irregularly sampled timeseries predictions are novel and challenging time-series forecasting tasks. Moreover, besides the
time-series data following the regular timestep assumption, there is also the time series with nonuniform intervals in the discrete-time domain and sequential data in the continuous-time field.
These data types often occur in real life. However, they are much more challenging to handle as
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the models must capture the state dynamics at arbitrary time steps (i.e., complex temporal reference
directly affects the other spatiotemporal properties). In this thesis, several spatiotemporal datasets
will be used and investigated to perform the overall SSP task defined below. Furthermore, the SSP
task covers the concept of the irregularly sampled time series and continuous-time prediction.
Generally, spatiotemporal data is a special type of sequential data characterized by spatial,
temporal, and spatiotemporal correlations.
2.1.2 Spatial analysis
The spatial analysis includes approaches which study and capture the knowledge from the
topological, geometric, spatial properties and the spatial dependency of spatial data [3, 15, 16, 22,
31, 32, 33]. Recently, there have been a variety of techniques using different spatial data analytic
algorithms and applied in various research fields, such as astronomy, biology, ecology, economics,
and meteorology. For instance, earth observation data, such as satellite imagery and weather radar
data, are increasingly being used to monitor and forecast atmospheric phenomena and severe
weather events. To effectively analyze these data, we must learn and understand their spatial
information; thus, spatial analysis has become a fundamental topic getting widespread attention.
However, the spatial analysis task is challenging due to many factors like spatial dependency,
heterogeneity, and transformation effects (e.g., scaling, distortion, illusion). Therefore, we need
advanced models equipped with their learning process so that they can analyze and capture detailed
knowledge.

2.2

Deep learning

Deep Learning (DL) and Machine Learning (ML) are essential science research fields of
Artificial Intelligence (AI) which allow machines to mimic human thinking and learning processes
[34]. Furthermore, these technologies can perform specific tasks even better than humans,
especially in significantly complicated applications. Essentially, DL algorithms refer to Artificial
Neural Networks (ANNs) inspired by the neural operation of the human brain. Each ANN is
constructed by composing multiple layers, and each layer refers to a differentiable parametric
function. Recently, there have been various types of ANNs designed for specific problems.
2.2.1 Convolutional Neural Network
A Convolutional Neural Network (CNN) is one of the most popular Deep Learning algorithms
for processing spatial data (e.g., 2-Dimension and 3-Dimension data), especially image data, which
has a grid pattern [34, 35, 36]. A CNN typically consists of different neural layers, and the
convolutional layer is the most important one.
A convolutional layer can take input data and assign trainable weights and biases by a set of
filters based on the convolution operator in signal processing methods. Generally, each filter is
represented by a specific kernel size directly relating to its number of learnable parameters (i.e.,
9

weights and biases). Compared to the fully connected layers, also known as linear layers, a
convolution layer can generate better performance with the image dataset because the reusability
of kernel weights following the slicing window process allows convolution layers to learn the
complicated spatial features of the data. Moreover, reducing the number of parameters can
somewhat address the overfitting issue.
In the simple case: the input 𝑰 has the size of (𝐶𝑖 , 𝐻𝑖 , 𝑊𝑖 ) and the set of convolutional filters
has the size of (𝐶𝑘 , 𝐻𝑘 , 𝑊𝑘 ), the output O can be precisely described as
𝐶 −1

𝑖
𝑶(𝑗, 𝐻𝑜 , 𝑊𝑜 ) = 𝑩(𝑗) + ∑𝑞=0
𝑾(𝑗, 𝑞, … ) ∗ 𝑰(𝑞, … ),

(2.1)

where, “∗” denotes the convolution operation; 𝑾 refers the learnable weights and has the size of
(𝐶𝑖 , 𝐶𝑘 , 𝐻𝑘 , 𝑊𝑘 ), 𝑩 refers to the biases. As the result, the output size (𝐶𝑜 , 𝐻𝑜 , 𝑊𝑜 ) can be expressed
as
𝐻𝑜 =
𝑊𝑜 =

𝐻𝑖 +2𝐻𝑝 −𝐻𝑑 (𝐻𝑘 −1)−1

+1

𝐻𝑠
𝑊𝑖 +2𝑊𝑝 −𝑊𝑑 (𝑊𝑘 −1)−1
𝑊𝑠

+1

(2.2)

𝐶𝑜 = 𝐶𝑘 ,

where, the padding 𝑝(𝐻𝑝 , 𝑊𝑝 ), the dilation 𝑑(𝐻𝑑 , 𝑊𝑑 ), and the stride 𝑠(𝐻𝑠 , 𝑊𝑠 ) present the
hyperparameters of the convolutional layer besides the kernel size 𝑘(𝐻𝑘 , 𝑊𝑘 ). Figure 2.1 illustrates
the computational process of a common convolutional layer.

Figure 2.1: The computational process of a convolutional layer.

In addition, we can also apply the convolution layer to process the sequential data with a size
of (𝑁, 𝐶𝑖 , 𝐻𝑖 , 𝑊𝑖 ). In that case, the output data can be computed as
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𝐶 −1

𝑖
𝑶(𝑛, 𝑗, 𝐻𝑜 , 𝑊𝑜 ) = 𝐵𝑖𝑎𝑠(𝑗) + ∑𝑞=0
𝑾(𝑗, 𝑞, … ) ∗ 𝑰(𝑛, 𝑞, … ),

(2.3)

In this work, we are also concerned with the transposed convolutional layer or deconvolutional
layer, which can be seen as the gradient of the layer below [37]. Typically, encoding-decoding
systems combine convolutional and deconvolutional layers for feature extraction.
2.2.2 Recurrent Neural Network
A recurrent neural network (RNN) is a particular type of artificial neural network designed
with the ability to process temporal information; thus, it can handle sequential data like time-series
data [38, 39]. As mentioned earlier, typical sequential data includes several data points; for
example, a time series consists of data points at different time steps that are dependent and related.
In terms of the structure, each RNN is commonly equipped with an internal mechanism to learn
those dependencies, which stores the input information as hidden states. With each pair of data
input at a specific time step and a hidden state at the previous time step, the network will process
to generate the new form, containing the information of prior inputs. This recurrent computation
works as an internal loop for sequence learning, extended over all observed timestamps of a
particular sequence. However, a simple RNN cannot remember the information about the inputs
seen in many time steps before, especially when it comes to long-range series. Consequently, this
leads to the vanishing gradient problem decreasing the system's overall performance.
Recently, there have been various variants of RNNs proposed for different purposes, and they
are generally distinguished based on the internal mechanism. For example, Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) are two widely used RNNs and the base
techniques of many advanced recent sequence models. The core idea of LSTM and GRU is the
concept of memory in DL that allows the networks to learn long-term dependencies and store the
realistic representations of the input. Essentially, they use gated operations to regulate, understand
and forget the information of sequence data.
The LSTM algorithm was first proposed by Hochreiter and Schmidhuber (1997) to address
the gradient vanishing issue [40]. Overall, an LSTM neural cell uses three gates, including the
forget gate, the input gate, the output gate, and the cell state, as shown in Figure 2.2.
It can be seen in Figure 2.2 that at a specific timestep t, an input 𝑿𝑡 , a previous hidden state
𝑯𝑡−1 and a previous cell state 𝑪𝑡−1 are fed into the input gate 𝑰𝑡 performing the representation
learning task, the forget gate 𝑭𝑡 removing unnecessary information of the previous cell state, and
the output gate 𝜪𝑡 keeps useful information of previous inputs. Then, the updated cell state 𝑪𝑡
storing the knowledge of the recent input is computed based on the obtained values at timestep t.
Finally, the current hidden state 𝑯𝑡 is calculated based on the values of the output gate and the
updated cell state. Hence, the common LSTM algorithms can be formulated as follows
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𝑰𝑡 = 𝜎(𝑾𝑥𝑖 𝑿𝑡 + 𝑾ℎ𝑖 𝑯𝑡−1 + 𝑾𝑐𝑖 ∘ 𝑪𝑡−1 + 𝑩𝑖 )
𝑭𝑡 = 𝜎(𝑾𝑥𝑓 𝑿𝑡 + 𝑾ℎ𝑓 𝑯𝑡−1 + 𝑾𝑐𝑓 ∘ 𝑪𝑡−1 + 𝑩𝑓 )
𝑪𝑡 = 𝑭𝑡 ∘ 𝑪𝑡−1 + 𝑰𝑡 ∘ 𝑡𝑎𝑛ℎ( 𝑾𝑥𝑐 𝑿𝑡 + 𝑾ℎ𝑐 𝑯𝑡−1 + 𝑩𝑐 )
𝜪𝑡 = 𝜎(𝑾𝑥𝑜 𝑿𝑡 + 𝑾ℎ𝑜 𝑯𝑡−1 + 𝑾𝑐𝑜 ∘ 𝑪𝑡−1 + 𝑩𝑜 )
𝑯𝑡 = 𝜪𝑡 ∘ 𝑡𝑎𝑛ℎ( 𝑪𝑡 ),

(2.4)

where “∘” is Hadamard product; (𝑾𝑥𝑖 , 𝑾𝑥𝑓 , 𝑾𝑥𝑐 , 𝑾𝑥𝑜 ), (𝑾ℎ𝑖 , 𝑾ℎ𝑓 , 𝑾ℎ𝑐 , 𝑾ℎ𝑜 ) and 𝑾𝑐𝑜 are
learnable weights; (𝑩𝑖 , 𝑩𝑓 , 𝑩𝑐 , 𝑩𝑜 ) are the biases. Typically, these parameters are assigned by
applying neural network layers such as fully connected layers.

Figure 2.2: LSTM cell.
A slightly more dramatic variation on the RNNs is the Gated Recurrent Unit (GRU),
introduced by Cho et al. (2014) [41]. The GRU cell combined the forget and input gates into a
single gate, called the update gate. Moreover, GRU networks cross off the concept of the cell state.
As a result, the GRU model is more straightforward than the LSTM model, and they have found
that the GRU-based models can generate better results than LSTMs for specific tasks and datasets
[42, 43]. Figure 2.3 illustrates the internal mechanism of a GRU unit.
Based on Figure 2.3, the main formulas of a standard GRU cell can be expressed as
𝒁𝑡 = 𝜎(𝑾𝑥𝑧 𝑿𝑡 + 𝑾ℎ𝑧 𝑯𝑡−1 + 𝑩𝑧 )
𝑹𝑡 = 𝜎(𝑾𝑥𝑟 𝑿𝑡 + 𝑾ℎ𝑟 𝑯𝑡−1 + 𝑩𝑟 )
̃ 𝑡 = 𝑡𝑎𝑛ℎ( 𝑾𝑥ℎ 𝑿𝑡 + 𝑹𝑡 ∘ (𝑾ℎℎ 𝑯𝑡−1 ) + 𝑩ℎ )
𝑯
̃ 𝑡 + 𝒁𝑡 ∘ 𝑯𝑡−1 ,
𝑯𝑡 = (1 − 𝒁𝑡 ) ∘ 𝑯

(2.5)

where 𝒁𝑡 , 𝑹𝑡 represent the update gate, reset gate, respectively, regulating the information flows;
̃ 𝑡 indicates the memory state storing the new information of the recent input data; “∘” denotes
𝑯
the Hadamard product; (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ), (𝑾ℎ𝑧 , 𝑾ℎ𝑟 , 𝑾ℎℎ ) are learnable weights;
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(𝑩𝑖 , 𝑩𝑓 , 𝑩𝑐 , 𝑩𝑜 ) are the biases; “tanh” refers to the Tanh activation function, “𝜎” refers to the
Sigmoid function. Typically, these parameters are assigned by applying neural network layers such
as fully connected layers.

Figure 2.3: GRU cell.
2.2.3 Ordinary Differential Equation Neural Network
In mathematics, an Ordinary Differential Equation (ODE) is a differential equation containing
an independent variable and one or more of its derivatives with respect to that variable. ODEs
occur quite often in many real-life contexts related to sciences, physics, meteorology, and
economics since they are mathematical descriptions of those events' changing and evolution
processes [44, 45]. For example, we can derive a simple ODE function demonstrating the rate of
change as
𝑑𝑦
𝑑𝑥

= 𝑓(𝑦, 𝑥).

(2.6)

Inspired by ODEs, Chen et al. proposed the Neural Ordinary Differential Equation network
(NODE), a new class of deep learning techniques applied to time series data, especially with nonuniform intervals and continuous-time data [19]. Regarding the component structure, NODEs can
be seen as continuous variants of residual networks [19, 46]. For the state updating, the popular
residual connection is commonly described as
𝑯𝑖 = 𝑯𝑖−1 + 𝑓𝜃𝑖 (𝑯𝑖−1 , 𝜃𝑖 ),

(2.7)

where 𝑓𝜃𝑖 indicates a specific building block (i.e., the composition of multiple neural layers)
containing trainable parameters 𝜃𝑖 . Typically, a particular residual network consists of numerous
discrete building blocks.
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Instead of defining discrete blocks in residual networks, NODEs use only a single
approximation continuous function 𝑓𝜃 represented by a specific neural network. For temporal
analysis, this function indicates the derivative of a particular state at a specific time step
𝑑𝜢(𝑡)
𝑑𝑡

= 𝑓𝜃 (𝜢(𝑡), 𝜃, 𝑡),

(2.8)

where 𝜃 presents the set of learnable parameters of the function 𝑓𝜃 , also called the ODE network.
Solving this ODE, we obtain the following result
𝑡

𝑖
𝜢(𝑡𝑖 ) = 𝜢(𝑡𝑖−1 ) + ∫𝑡=𝑡

𝑖−1

𝑓𝜃 (𝜢(𝑡), 𝜃, 𝑡)𝑑𝑡.

(2.9)

Finally, the integral of function f can be solve by numerical methods that approximate a
solution at various discrete evaluation points [45]. Runge-Kutte (RK) and Adam-Bashforth
methods are two popular groups of ODE numerical methods [47]. Thanks to the evolution of
mathematic programming systems, there are various ODE solvers using these ODE methods,
which are implemented in different programming languages and frameworks. Consequently, we
can rewrite (2.9) as
𝜢(𝑡𝑖 ) = 𝑂𝐷𝐸𝑆𝑜𝑙𝑣𝑒𝑟(𝑓𝜃 (𝜢(𝑡), 𝜃, 𝑡), 𝜢(𝑡𝑖−1 ), 𝑡𝑖−1 , 𝑡𝑖 , 𝑂𝐷𝐸𝑚𝑒𝑡ℎ𝑜𝑑 ),

(2.10)

Equation (2.10) can be analyzed as an implicit layer defined to satisfy some joint condition of
input and output [48]. In this thesis, we will implement one of the most straightforward RK method
- Euler’s method. Basically, this numerical method operates as the iterative method used to solve
first-order differential equations. For instance, we will analyze (2.6). The Euler’s method
approximate values (𝑥𝑖 , 𝑦𝑖 ) when the slope

𝑑𝑦
𝑑𝑥

, an initial condition (𝑥0 , 𝑦0 ), and the time interval

xi are given. Then, we can find the values (𝑥𝑖 , 𝑦𝑖 ) by applying the following recursive formulas
{

𝑥𝑖 = 𝑥𝑖−1 + 𝛥𝑥𝑖
𝑑𝑦

𝑦𝑖 = 𝑦𝑖−1 + 𝑑𝑥𝑖−1 𝛥𝑥𝑖

(2.11)

𝑖−1

Based on some initial observations, NODEs are more efficient in terms of parameters
compared to residual networks because they apply the same weight matrix at each time step.
Furthermore, NODEs benefit from the long-term historical development of numerical ODE
methods, which allow them to model continuous state dynamics. Therefore, NODEs open a new
approach for learning the representations in the continuous space of neural networks and are
applied to continuous-time prediction tasks. They are also called ODE-based models in DL
techniques. Figure 2.4 compares the process of residual networks and NODEs.
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Figure 2.4: Overall structure of residential network and NODE.
2.2.4 Backpropagation through time
Backpropagation Through Time (BPTT) is the weight updating algorithm used in the training
process of sequence models. The objective of backpropagation methods is to adjust the trainable
weights of models to optimize the cost function (i.e., minimize the error). To do that, they
mathematically apply the derivative chain rule and compute the gradients [43, 49].
2.2.4.1 Backpropagation through time for RNNs
To describe a common BPTT algorithm for RNNs, we examine a simple model as
𝜢𝑡 = 𝑓𝑅𝑁𝑁 (𝜢𝑡−1 , 𝑿𝑡 , 𝑾𝑅𝑁𝑁 )
𝑷𝑡 = 𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 (𝜢𝑡 , 𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟 )
1

𝐿 = 𝑓𝑙𝑜𝑠𝑠 ({𝑷𝑡 }𝑡=1,…,𝑇 , {𝑿𝑡 }=1,…,𝑇 ) = 𝑇 ∑𝑇𝑡=1 𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 ),

(2.12)

where 𝑓𝑅𝑁𝑁 , 𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 , 𝑓𝑙𝑜𝑠𝑠 present the RNN with learnable weights 𝑾𝑅𝑁𝑁 , decoder network with
learnable weights 𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟 , and loss function, respectively; 𝜢𝑡 , 𝑿𝑡 indicate the hidden state and
input data at timestep t ; Pt indicates the final output prediction at timestep t; the loss function
value 𝐿 is calculated using the set of predictions {𝑷𝑡 }𝑡=1,…,𝑇 and inputs {𝑿𝑡 }=1,…,𝑇 . As such, the
entire step-by-step process of a typical BPTT algorithm for RNNs is illustrated as follows
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First, the prediction at each timestep is computed straightforwardly using the input and hidden
state. As introduced earlier, the internal mechanism of RNNs works as a loop across time, known
as the rolling RNNs. Therefore, the networks need to be unrolled to run backward, as shown in
Figure 2.5.

Figure 2.5: Rolling RNN and unrolling RNN structures
To optimize the loss function, we employ the chain rule to compute the gradients regarding
the trainable weights of the loss function. With respect to the weights 𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟 , the derivative of
the loss function can be simply calculated using the single-variable chain rule (i.e., the
differentiable function is dependent on a single variable)
𝑇

𝑑𝐿
𝑑𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟

1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 )
= ∑
𝑇
𝑑𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟
𝑡=1

𝑇

=
=

1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 )
𝑑𝑷𝑡
∑
𝑇
𝑑𝑷𝑡
𝑑𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟

𝑡=1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 ,𝑿𝑡 )
𝑇
∑𝑡=1
(𝜢 ,𝑾
𝑇
𝑑𝑓

𝑑𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟 (𝜢𝑡 ,𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟 )

1

𝑑𝑒𝑐𝑜𝑑𝑒𝑟

𝑡

𝑑𝑒𝑐𝑜𝑑𝑒𝑟 )

𝑑𝑾𝑑𝑒𝑐𝑜𝑑𝑒𝑟

(2.13)

Based on (2.13), we run the network backward and calculate each gradient separately, then
combine them to get the derivative of the loss function. Similarly, we compute the derivative of
the loss function regarding the weights 𝑾𝑅𝑁𝑁 , as illustrated below
𝑇

𝑑𝐿
1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 )
= ∑
𝑑𝑾𝑅𝑁𝑁 𝑇
𝑑𝑾𝑅𝑁𝑁
𝑡=1

𝑇

𝑇

1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 ) 𝑑𝑷𝑡
1
𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 , 𝑿𝑡 ) 𝑑𝑷𝑡 𝑑𝜢𝑡
= ∑
= ∑
𝑇
𝑑𝑷𝑡
𝑑𝑾𝑅𝑁𝑁 𝑇
𝑑𝑷𝑡
𝑑𝜢𝑡 𝑑𝑾𝑅𝑁𝑁
𝑡=1

𝑡=1

1

= ∑𝑇𝑡=1
𝑇

𝑑𝑓𝑙𝑜𝑠𝑠 (𝑷𝑡 ,𝑿𝑡 ) 𝑑𝑷𝑡 𝑑𝑓𝑅𝑁𝑁 (𝜢𝑡−1 ,𝑿𝑡 ,𝑾𝑅𝑁𝑁 )
𝑑𝑷𝑡

𝑑𝜢𝑡
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𝑑𝑾𝑅𝑁𝑁

(2.14)

Because of the recurrent computation, the hidden state 𝜢𝑡 depends on both the previous state
𝜢𝑡−1 and the weights 𝑾𝑅𝑁𝑁 . Therefore, we use multiple-variable chain rule to expand the total
derivative of f RNN with respect to 𝑾𝑅𝑁𝑁 as
𝑑𝑓𝑅𝑁𝑁 (𝜢𝑡−1 , 𝑿𝑡 , 𝑾𝑅𝑁𝑁 )
𝑑𝑾𝑅𝑁𝑁
=

𝛿𝑓𝑅𝑁𝑁 (𝜢𝑡−1 , 𝑿𝑡 , 𝑾𝑅𝑁𝑁 ) 𝑑𝜢𝑡−1 𝛿𝑓𝑅𝑁𝑁 (𝜢𝑡−1 , 𝑿𝑡 , 𝑾𝑅𝑁𝑁 ) 𝑑𝑾𝑅𝑁𝑁
+
𝛿𝜢𝑡−1
𝑑𝑾𝑅𝑁𝑁
𝛿𝑾𝑅𝑁𝑁
𝑑𝑾𝑅𝑁𝑁

=

𝛿𝑓𝑅𝑁𝑁(𝜢𝑡−1 ,𝑿𝑡 ,𝑾𝑅𝑁𝑁 ) 𝑑𝜢𝑡−1
𝛿𝜢𝑡−1

𝑑𝑾𝑅𝑁𝑁

+

𝛿𝑓𝑅𝑁𝑁 (𝜢𝑡−1 ,𝑿𝑡 ,𝑾𝑅𝑁𝑁)
𝛿𝑾𝑅𝑁𝑁

(2.15)

Based on the above equations, we can find all the gradients. Then, we apply a specified
optimization algorithm (i.e., an optimization algorithm for differentiable functions) to update the
parameters to minimize the loss function. Recently, several optimization algorithms have been
used in the DL training process that we will introduce later in this section.
2.2.4.2 Backpropagation through time for NODEs
Unlike the backpropagation algorithm of RNNs running across the hidden states with the
discrete sampling time, NODEs require an algorithm for computing in the continuous domain. In
particular, the gradients are computed using the implicit function theorem for continuous-time
backpropagation.
First, we examine a simple ODE problem given an initial value as
𝑑𝜢(𝑡)

{

= 𝑓(𝜢(𝑡), 𝑡, 𝑾)

𝑑𝑡

𝜢(𝑡0 ) = 𝜢0

,

(2.16)

where 𝑓 indicates the ODE network with the collection of learnable parameters 𝑾. For the forward
computation, the hidden states 𝜢(𝑡) at arbitrary timestep can be solved by different integration
methods (i.e., ODE methods) given the initial state 𝜢(𝑡0 ) and the ODE network 𝑓, as illustrated
in (2.9) and (2.10). For the continuous-time modelling, we consider a scalar-valued loss function
as the following
𝑡1

𝑚𝑖𝑛𝑾 𝐿 (𝜢(𝑡1 )) = 𝑚𝑖𝑛𝑾 𝐿 (𝜢(𝑡0 ) + ∫ 𝑓(𝜢(𝑡), 𝑡, 𝑾) 𝑑𝑡)
𝑡0

𝑠. 𝑡.
𝑑𝜢(𝑡)

{

𝑑𝑡

= 𝑓(𝜢(𝑡), 𝑡, 𝑾)

𝜢(𝑡0 ) = 𝜢0
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(2.17)

The above problem formulation is referred to as the constrained optimization problem. To
solve this problem, we need to compute the gradient of the loss function 𝐿 with respect to the
parameters 𝑾 as
𝑡 𝑑𝑓(𝜢(𝑡),𝑡,𝑾)

𝑑𝐿
𝑑𝑾

= ∫𝑡 1

𝑑𝑾

0

(2.18)

𝑑𝑡

To compute the loss gradient, we can apply two methods, the forward and adjoint methods.
With the forward approach, we can directly use the total derivative to express the right-hand side
of (2.18) as
𝑡1 𝑑𝑓(𝜢(𝑡),𝑡,𝑾)

∫𝑡0

𝑑𝑾

𝑡 𝛿𝑓(𝜢(𝑡),𝑡,𝑾)

𝑑𝑡 = ∫𝑡 1

𝛿𝑾

0

In this equation, we are concerned about the quantity

+

𝛿𝑓(𝜢(𝑡),𝑡,𝑾) 𝑑𝜢(𝑡)
𝛿𝜢(𝑡)

𝑑𝑾

𝑑𝑡

(2.19)

𝑑𝜢(𝑡)
𝑑𝑾

, which is complex and challenging

to compute as it depends on the size of the collection of parameters 𝑾. Typically, we need to split
this collection into small equal pieces and then implicitly derive the ODE problem with respect to
each element of 𝑾. As a result, the problem turns into solving a new system of various ODEs and
takes considerable computation efforts.
In [19], Chen et al. proposed a reverse-mode differentiation method for training continuoustime models based on the Adjoint Sensitivity method that addresses the computational complexity
issue [50]. By observing that problem (2.17) is an equality constraint optimization, we can solve
it using the Lagrange method. With the adjoint method, an adjoint state playing the same role as
the Lagrange multiplier is defined as
𝛿𝐿

(2.20)

𝒂(𝑡) = 𝛿𝜢(𝑡)

In other words, we can choose the Lagrange multiplier formula that helps solve the Lagrange
problem effectively. According to this adjoint state (i.e., the Lagrange Multiplier of the Lagrange
function), the loss derivative is computed as
𝑑𝐿

𝑡

𝛿𝑓(𝜢(𝑡),𝑡,𝑾)

0

𝛿𝑾

= ∫𝑡 1 𝒂(𝑡)𝑇
𝑑𝑾

𝑑𝑡

(2.21)

Based on the definition the chain rule, the total derivative of the adjoint state with respect to
time is derived as
𝑑𝒂(𝑡)
𝑑𝑡

𝛿𝑓

= −𝒂(𝑡)𝑇 𝛿𝜢(𝑡)

(2.22)

Consequently, the backward process of the adjoint state can be illustrated as
𝑡

𝛿𝑓(𝜢(𝑡),𝑡,𝑾)

1

𝛿𝜢(𝑡)

𝒂(𝑡0 ) = 𝒂(𝑡1 ) + ∫𝑡 0 𝒂(𝑡)𝑇

𝑑𝑡

(2.23)

To solve (2.21) and (2.23), we can use another numerical integrator (i.e., an ODE solver) to
get the required gradients for the optimization task.
18

2.2.5 Attention mechanism
As mentioned earlier about the concept of the memory ability of sequence models, we will
introduce the attention mechanism, another component boosting the memorization and recognition
ability of the system, especially with long-term sequence prediction tasks.
Attention is a concept widely used in sequence models, especially sequence-to-sequence
models. In particular, attention mechanisms have been researched and implemented in two famous
sequence-to-sequence models, including RNNs [51, 52, 53] and transformers [54, 55, 56, 57]. In
DL, the attention mechanism is typically implemented by a composition of artificial neural layers
helping the system focus and pay greater attention to certain parts when processing the sequential
data across time. Therefore, the system can acknowledge more effectively the heterogeneity and
correlation in the long-range series. Consequently, it plays a vital role in supporting the memory
mechanism of the model.
In [54, 58, 59], attention mechanisms have been proven effective in translation and generation
tasks and used in state-of-the-art models, especially with Natural Language Processing (NLP)
applications. Generally, there are two main attention types in sequence-to-sequence models: the
general attention and self-attention modules. These two types are classified based on how they are
integrated into the network’s architecture and what information they will manage. For instance,
the general attention component controls and quantifies the interdependence between the input and
the target sequence (i.e., the goal is to create the connection between each output data point at the
decoder and an observed series at the encoder). In contrast, the self-attention component helps
each part of the system (i.e., the encoder and the decoder) learn the correlation and heterogeneity
between each data point with the rest in the given sequence. In RNN-based models, these two
attention mechanisms are illustrated in Figures 2.6 and 2.7.

Figure 2.6: Self-attention mechanism used in RNN models.
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Figure 2.7: General attention used in RNN models.
In the internal operation, a standard attention layer usually employs three components: the
queries 𝑸, keys 𝑲, and values 𝑽. Essentially, the values 𝑽 represent the hidden states generated by
the encoder, the keys 𝑲 indicate some significant characteristics of these states, and the queries 𝑸
relate closely to the concerned knowledge (i.e., they can be the output hidden states generated by
the decoder). For example, we can assume this process as reading a multi-volume story. Until now,
we have read the first four chapters and attempted to predict the content of the upcoming chapter
while waiting for the next chapter. In this scenario, the contents of the first four chapters indicate
the values 𝑽. Then, we can analyze those contents and acknowledge them by different
perspectives. For example, four popular critical lenses are used in literary criticism: a Marxist lens,
a Deconstructionist lens, a Feminist lens, and a Psychoanalytical lens [60]. Those four lenses
represent the keys 𝑲 allow us to obtain the contents with different meanings. Ultimately, the
queries 𝑸 illustrate the expected content of the next chapter according to a pair of 𝑽 and 𝑲.
Mathematically, the common attention mechanism uses three main steps. The first step is to
analyze the relationship 𝑺 between the queries and the keys by using similarity calculation methods
or neural network layers with learnable weights 𝑓𝑾 , as shown below
𝑺 = 𝑓𝑾 (𝑸, 𝑲)
(2.24)
Hence, we create a bond between the expected information and the key characteristics of observed
information through a set of learnable parameters. For the normalization purpose, the relationship
value 𝑺 then goes through a specified activation function, usually the SoftMax function.
𝑺𝑛 = 𝑆𝑜𝑓𝑡𝑀𝑎𝑥( 𝑺)
(2.25)
The value 𝑺𝑛 is also called as the alignment score indicating the attention weights of each observed
states regarding to the expected states 𝑸. Finally, we assign these weights according to the values
𝑽 to compute the context vector representing the attention information
𝑪 = 𝑓(𝑺𝑛 , 𝑽)
(2.26)
where 𝑓 indicates the product between 𝑺𝑛 and 𝑽, and can be represented by a neural network layer
with learnable parameters. Consequently, this common attention mechanism can be integrated into
any sequence-to-sequence model to improve the overall performance.
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2.2.6 Activation layer
In ANNs, an activation function is added to the end of nodes and layers to help the network
learn nonlinear information by mapping the linear transformation of previous computations to a
high-dimensional nonlinear space [61]. Therefore, the models can extract more complicated
features. Furthermore, most activation functions are derivative, so they can be easily dropped in
the DL models. As a side effect, it could alleviate the gradient vanishing problem in the training
process when it involves to many deep ANNs.
Until now, there have been a variety of activation functions with different mathematical
equations, and they are employed, depending on the specific purposes of the model. In this work,
we applied five activation functions, including the Sigmoid function, Tanh function, Softmax
function, RELU function, and Leaky RELU function. A detailed comparison of these activation
functions can be found in [61].
2.2.7 Image quality assessment
Image quality assessment is one of the essential fields of digital image processing [62, 63].
The main objective is to design and propose mathematical formulas for image quality metrics. For
instance, the peak-signal-to-noise ratio (PSNR) and the structural similarity index measure (SSIM)
are two famous image metrics illustrating the visual quality of images. In the DL field, those
metrics are considered as the loss functions guiding the training process as well as the evaluation
metrics to qualify the model’s performance. In our work, we will apply SSIM as a component of
our loss function. The SSIM metric can be expressed as
𝑆𝑆𝐼𝑀(𝑿, 𝒀) = 𝑙(𝑿, 𝒀) ⋅ 𝑐(𝑿, 𝒀) ⋅ 𝑠(𝑿, 𝒀)

=(

2𝜇𝑿 𝜇𝒀 +𝐶1

2 +𝜇 2 +𝐶
𝜇𝑿
1
𝒀

2𝜎 𝜎 +𝐶

𝜎

+𝐶

𝑿 𝒀
2
𝑿𝒀
3
) ⋅ (𝜎2+𝜎
2 +𝐶 ) ⋅ (𝜎 𝜎 +𝐶 ),
𝑿

𝒀

2

𝑿 𝒀

(2.27)

3

where 𝑙(𝑿, 𝒀) denotes the luminance comparison function which measures the closeness of the two images
luminance; 𝜇𝑿 , 𝜇𝒀 present the mean values of two analyzed images, respectively; 𝑐(𝑿, 𝒀) is the contrast
comparison function which measures the closeness of the contrast of the two images based on their standard
deviation (𝜎𝑿 , 𝜎𝒀 ); 𝑠(𝑿, 𝒀) is the structure comparison function which measures the correlation

coefficient between the two images; (𝐶1 , 𝐶2 , 𝐶3 ) are the positive constant values used to avoid a

null denominator. The values of the SSIM are in  0,1 and the higher the SSIM value is, the higher
the image quality of the results is.
The formulation of the PSNR metric can be expressed as
𝑀𝐴𝑋 2

𝐼
𝑃𝑆𝑁𝑅(𝑿, 𝒀) = 10 𝑙𝑜𝑔10 (𝑀𝑆𝐸(𝑿,𝒀)
),
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(2.28)

where 𝑀𝐴𝑋𝐼 presents the pixel intensity’s maximum value, 𝑀𝑆𝐸(𝑿, 𝒀) refers to the Mean Square
Error between 𝑿 and 𝒀. A higher PSNR value provides a higher image quality. A detailed
comparison of these metrics can be found in Reference [64].
2.2.8 Loss function
To guide the training process and evaluate the model's performance, we need to initially define
a loss function, also known as a cost function. Typically, the loss function refers to a differentiable
function whose gradient is computed to investigate the rate of change at a specified point.
Depending on the DL task, a loss function is proposed to guide the whole training process to find
the optimal collection of model parameters. Overall, we need the ground truth label to compare
with the resulting output of the model, especially with a supervised learning problem. For the
classification task, the Cross-entropy loss function is commonly used [65]. For prediction and
regression tasks, the two popular cost functions are Mean Square Error (MSE) and Mean Absolute
Error (MAE). They are also called L2 loss and L1 loss. For many image processing tasks, image
quality assessment is also considered to be a potential loss function.
During the training process, the loss function of DL models usually has various local optima;
therefore, minimizing the training loss function does not guarantee that we can find the globally
optimal collection of parameters. Moreover, we must also choose a suitable optimization algorithm
for the defined loss function to update the parameters appropriately.
2.2.9 Optimization
Generally, we train the DL model to find the collection of parameters which show the optimal
results in the defined loss function. Therefore, the model’s parameters represent the entire system.
During the training process, the model will apply a specific optimization algorithm to update its
learnable parameters in order to optimize the loss function.
Recently, there have been many different types of optimization algorithms [66]. Based on the
property of the loss function, we can classify the optimization algorithm into two groups:
algorithms that use derivative information (e.g., bracketing, local descent, first-order, and secondorder algorithms) and algorithms that do not use derivative information (e.g., direct algorithm,
stochastic algorithms, population algorithms). In our thesis, we focus on the group using derivative
information as we apply the backpropagation algorithms in our DL models. For training DL
models, First-order algorithms are the most commonly used, including Gradient Descent [67],
Momentum [68], Adagrad [69], RMSProp [70], and Adam algorithm [71]. A detailed comparison
of these optimization algorithms can be found in [67]. The Adam optimizer is the most popular
algorithm because of its stability and adaptive features. Thus, we will apply the Adam optimizer
to train all the models.
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Chapter 3:

Related works

Recently, there have been several DL-based models showing promising performances in SSP
tasks. In this thesis, sequence-to-sequence models, which input and output sequential data, are
investigated. To the best of our knowledge, they can be divided into main groups for the SSP task:
Convolutional Recurrent Networks (ConvRNNs), Ordinary Differential Equation-based (ODEbased) models or Neural Ordinary Differential Equations (NODEs), Generative Adversarial
Networks (GANs), and Transformers.

3.1

Convolutional recurrent networks (ConvRNNs)

Essentially, ConvRNNs are proposed and designed based on two popular types of DL
methods: RNNs and CNNs. The main difference between these two types is the ability to process
temporal and spatial features of data. For instance, CNNs can effectively handle spatial data, such
as images, using the convolution operation of their filters [72]. However, when the data comes in
sequence like time series, CNNs cannot learn the dependencies between sampled points because
the features of each data frame are extracted separately by the same collection of filters. In that
scenario, RNNs turn out to be a powerful solution because they can learn the dependencies and
correlation within the given series as the standard RNN mechanisms work as a loop in which an
output hidden state at a particular time step will be an input of the system at the next time step.
Generally, traditional RNNs employ fully connected layers for the feature extraction task; this
leads to an explosive increase in the number of trainable weights, especially when it comes to a
sequence of complex spatial data (e.g., high-resolution videos). Furthermore, the fully connected
layers (i.e., linear layers) apply the matrix multiplication in the transitions between states and
inputs so that spatial information is not encoded effectively [1, 2, 10]. For the SSP tasks, the
spatiotemporal phenomena will be sampled as sequences of multiple spatial frames at specific time
steps. Therefore, an efficient spatiotemporal predictive model must adequately deal with spatial
and temporal features. Based on the observations of the distinct abilities of RNNs and CNNs, Shi
et al. proposed the Convolutional Long-Short Term Memory (ConvLSTM) [1]. They used this
technique to build a sequence-to-sequence model for the precipitation nowcasting problem, one of
the fundamental applications in the SPL field.
3.1.1 Convolutional Long-short Term Memory (ConvLSTM) and Convolutional Gated
Recurrent Unit (ConvGRU) networks
In the ConvRNNs group, Convolutional Long-short Term Memory (ConvLSTM) and
Convolutional Gated Recurrent Unit (ConvGRU) are two prior variants. Essentially, ConvLSTM
[1] and ConvGRU [73, 74] networks are extensions of LSTM and GRU, as illustrated below.
Besides the recurrent operation, they are equipped with convolutional structures by integrating the
convolutional neural layers in the input-to-state and state-to-state transitions. Therefore, they can
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handle spatiotemporal data based on the built-in spatiotemporal memory mechanism. Furthermore,
instead of using matrix multiplications, the convolution operator helps the network work with
high-dimension information (e.g., 3-Dimension, 4-Dimension tensors) without fattening it and
deals with the redundancy problem of the fully connected layers. The principal formulas of a
ConvLSTM cell can be expressed as [1]
𝑰𝑡 = 𝜎(𝑾𝑥𝑖 ∗ 𝑿𝑡 + 𝑾ℎ𝑖 ∗ 𝑯𝑡−1 + 𝑾𝑐𝑖 ∘ 𝑪𝑡−1 + 𝑩𝑖 )
𝑭𝑡 = 𝜎(𝑾𝑥𝑓 ∗ 𝑿𝑡 + 𝑾ℎ𝑓 ∗ 𝑯𝑡−1 + 𝑾𝑐𝑓 ∘ 𝑪𝑡−1 + 𝑩𝑓 )
𝑪𝑡 = 𝑭𝑡 ∘ 𝑪𝑡−1 + 𝑰𝑡 ∘ 𝑡𝑎𝑛ℎ( 𝑾𝑥𝑐 ∗ 𝑿𝑡 + 𝑾ℎ𝑐 ∗ 𝑯𝑡−1 + 𝑩𝑐 )
𝜪𝑡 = 𝜎(𝑾𝑥𝑜 ∗ 𝑿𝑡 + 𝑾ℎ𝑜 ∗ 𝑯𝑡−1 + 𝑾𝑐𝑜 ∘ 𝑪𝑡−1 + 𝑩𝑜 )
𝑯𝑡 = 𝜪𝑡 ∘ 𝑡𝑎𝑛ℎ( 𝑪𝑡 )

(3.1)

Basically, similar to an LSTM cell, a ConvLSTM cell uses four components to regulate the
information flows: the input gate 𝑰𝑡 encodes the input data 𝑿𝑡 at the current time step, and the
hidden state 𝑯𝑡−1 , cell state 𝑪𝑡−1 at the previous time step, to generate the representation form;
the forget gate 𝑭𝑡 helps the network remove unnecessary information; the cell state 𝑪𝑡 containing
information of both previous and current decoded features is calculated based on the outputs of
the gates; the new state 𝑯𝑡 is updated by letting the cell state go through the output gate 𝜪𝑡 . In
(3.1), “∗” denotes the convolution operator; “∘” denotes the Hadamard product; “𝜎” refers to the
Sigmoid function; (𝑾𝑥𝑖 , 𝑾𝑥𝑓 , 𝑾𝑥𝑐 , 𝑾𝑥𝑜 ), (𝑾ℎ𝑖 , 𝑾ℎ𝑓 , 𝑾ℎ𝑐 , 𝑾ℎ𝑜 ), 𝑾𝑐𝑜 , and (𝑩𝑖 , 𝑩𝑓 , 𝑩𝑐 , 𝑩𝑜 ) are
the trainable weights and biases of convolutional layers. Figure 3.1 shows the operation of a
ConvLSTM cell

Figure 3.1: ConvLSTM cell.
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The main formulas of the ConvGRU cell can be expressed as
𝒁𝑡 = 𝜎(𝑾𝑥𝑧 ∗ 𝑿𝑡 + 𝑾ℎ𝑧 ∗ 𝑯𝑡−1 + 𝑩𝑧 )
𝑹𝑡 = 𝜎(𝑾𝑥𝑟 ∗ 𝑿𝑡 + 𝑾ℎ𝑟 ∗ 𝑯𝑡−1 + 𝑩𝑟 )
̃ 𝑡 = 𝑓𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (𝑾𝑥ℎ ∗ 𝑿𝑡 + 𝑹𝑡 ∘ (𝑾ℎℎ ∗ 𝑯𝑡−1 ) + 𝑩ℎ )
𝑯
̃ 𝑡 + 𝒁𝑡 ∘ 𝑯𝑡−1
𝑯𝑡 = (1 − 𝒁𝑡 ) ∘ 𝑯

(3.2)

In (3.2), “∗” indicates convolution operator and “∘” denotes Hadamard product; “𝜎” refers to the
Sigmoid activation function; (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ), (𝑾ℎ𝑧 , 𝑾ℎ𝑟 , 𝑾ℎℎ ), and (𝑩𝑖 , 𝑩𝑓 , 𝑩𝑐 , 𝑩𝑜 ) present the
learnable weights and biases, respectively of convolutional layers; 𝒁𝑡 , 𝑹𝑡 represent the update gate
̃ 𝑡 presents the memory state storing
and reset gate, respectively, regulating the information flows; 𝑯
new information of the recent input data. Figure 3.2 shows the operation of a ConvGRU cell

Figure 3.2: ConvGRU cell.
Generally, a DL model needs the main structure and architecture so that some small modules,
such as neural layers (e.g., convolutional, recurrent, and activation layers), can be built up
accordingly. For example, sequence-to-sequence systems usually use the encoding-decoding
structure, including two main parts: the encoder and decoder [1, 2, 3, 13]. Recently, various types
of model architecture have been analyzed, illustrating how neural modules communicate with each
other [75, 76]. From the architectural perspective, we can investigate the depth of a system based
on the number of neural layers and their connection styles. For example, the ConvLSTM model in
[1] applied the encoding-decoding structure and stacked architecture with multiple neural layers,
as illustrated in Figure 3.3.
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Although the ConvLSTM and the ConvGRU models can learn spatiotemporal information
and apply them in general-purpose sequence modelling, their performance is relatively limited due
to their simple structure. From the perspective of the time domain, these two models follow the
regular time interval sampling assumption because the transition learning only focuses on the
dependencies between every two adjacent frames and ignores the time variable of each frame.
Furthermore, at each iteration of the recurrent computation process, their memory mechanism uses
only one previous hidden state. As a result, the systems might forget the representation states seen
in many time stamps before, especially with long-term sequences. Therefore, many researchers
consider ConvLSTM and ConvGRU as the baseline ConvRNNs to modify and design new
approaches.

Figure 3.3: Encoding-decoding model structure with the stacked architecture.
3.1.2 Trajectory Gated Recurrent Unit (TrajGRU) networks
In terms of structured recurrent connection for spatiotemporal modelling, most motion
patterns' spatial locations are changeable over time. In particular, some complicated motions
present the data's heterogeneity property. For example, we can assume that a small motion pattern
is represented by a fixed collection of image pixels at specific location points in the grid pattern.
When this pattern rotates, it changes the location points and neighbourhood set, referring to the
nearby pixels. If we apply a collection of vectors to illustrate the movement in the object's pixels,
the rotation will change the direction of each vector over time. This observation demonstrates the
deficiency of conventional ConvRNNs like ConvLSTM and ConvGRU since the convolutional
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layers apply location-invariant filters to the analyzed sequence [2, 77]. When defining the
convolutional layers with fixed parameters like kernel size, dilation, and padding, these layers use
their filters, slicing horizontally and vertically each frame of the given sequence so that the
connection structure and weights are unchangeable for all the locations. As a result, the standard
ConvLSTM and ConvGRU cannot effectively handle sequences with chaotic motions and many
transformations like rotation, scaling, or more generic warping. Thus, a possibly temporal solution
to address this issue is data manipulation to generate new data with those transformation effects.
However, we have to consider the data size because massive training sets will require many
resources.
In [78], Max Jaderberg et al. demonstrated that we could do better with the spatial transformer,
which explicitly allows the spatial manipulation of data within the network by inserting this
learnable module into the model. Based on the fundamental idea of the learnable spatial
transformer module, Shi et al. proposed the Trajectory Gated Recurrent Unit (TrajGRU) model
that can learn the location-variant structure for the recurrent connection and capture the
spatiotemporal corrections effectively [2]. To visualize the connection structure of the rotation or
scaling, we can use ML optical flow algorithms to analyze the flow fields illustrated by a set of
vectors with specified magnitudes and directions. Moreover, we can also imagine and predict the
motions based on changing the flow fields over time [79, 80]. Therefore, the TrajGRU employed
a spatial transformer network to produce the continuous optical flows representing the location
indices at each time step. Specifically, this network is constructed by combining a set of
convolutional and activation layers. Then, it combines the data frame at a specified time step and
the previous hidden state as the input data. Hence, the main formulations of a TrajGRU cell can
be expressed as
𝑼𝑡 , 𝑽𝑡 = 𝛾(𝑿𝑡 , 𝜢𝑡−1 )

𝐿

𝒁𝑡 = 𝜎 (𝑾𝑥𝑧 ∗ 𝑿𝑡 + ∑ 𝑾ℎ𝑧,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯𝑡−1 , 𝑼𝑡,𝑙 , 𝑽𝑡,𝑙 ) + 𝑩𝑧 )
𝑙=1
𝐿

𝑹𝑡 = 𝜎 (𝑾𝑥𝑟 ∗ 𝑿𝑡 + ∑ 𝑾ℎ𝑟,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯𝑡−1 , 𝑼𝑡,𝑙 , 𝑽𝑡,𝑙 ) + 𝑩𝑟 )
𝑙=1
𝐿

̃ 𝑡 = 𝑓𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (𝑾𝑥ℎ ∗ 𝑿𝑡 + 𝑹𝑡 ∘ (∑ 𝑾ℎℎ,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯𝑡−1 , 𝑼𝑡,𝑙 , 𝑽𝑡,𝑙 )) + 𝑩ℎ )
𝑯
𝑙=1

̃ 𝑡 + 𝒁𝑡 ∘ 𝑯𝑡−1 ,
𝑯𝑡 = (1 − 𝒁𝑡 ) ∘ 𝑯

(3.3)

where 𝑿𝑡 , 𝑯𝑡−1 indicate the input data at time step 𝑡 and the previous hidden state at time step
𝑡 − 1, respectively; 𝛾 presents the spatial transformer network; 𝑼𝑡 , 𝑽𝑡 denote the continuous flow
fields and each of them is divided into L small sets presenting L different connection links in the
transition; 𝑤𝑎𝑟𝑝 is a function used to combine the sets of flows and the hidden state to generate
an intermediate representation with approximated location information. From the perspective of
the model structure, TrajGRU is relatively similar to ConvGRU: the information flows at each
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̃ 𝑡 represents the memory state,
time step are controlled by the update gate 𝒁𝑡 and reset gate 𝑹𝑡 ; 𝑯
which is modified according to the reset gate and information flows at each time step; eventually,
the new state 𝑯𝑡 is generated based on the memory state, the update gate output and the previous
hidden state. In terms of the learnable parameters, (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ) denote the input-to-state
transition weights; (𝑾ℎ𝑧,𝑙 , 𝑾ℎ𝑟,𝑙 , 𝑾ℎℎ,𝑙 ) denote the state-to-state transition weights at each local
link; (𝑩𝑧 , 𝑩𝑟 , 𝑩ℎ ) denote the biases; the structure generating network 𝛾 also have a collection of
learnable parameters which help the model learn the connection topology. Finally, “∗” denotes the
convolution operator; “∘” denotes the Hadamard product; 𝜎 refers to the Sigmoid function;
𝑓𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (… ) refers to the activation to get the memory state, which can be the Tanh function in
most of the cases. Figure 3.4 and 3.5 show the spatial transformer module (the structure-generating
network) and the operation of a TrajGRU cell, respectively.

Figure 3.4: Spatial transformer module.

Figure 3.5: TrajGRU cell.
In [2], the TrajGRU model used the encoding-decoding structure and stacked style. For
learning the spatiotemporal references at different levels (i.e., the high-level states illustrate the
local information, the low-level states present the global representation), this model inserts
resampling blocks (e.g., down-sampling and up-sampling layers) between adjacent TrajGRU
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layers. In particular, these resampling modules are implemented by the convolutional and
deconvolutional layers. Furthermore, the decoder allows reversed layers compared to the encoder.
As such, the information flows are processed from the global spatiotemporal representations to the
local features at the encoder and vice versa at the decoder. Eventually, the lowest level neural layer
at the decoder will generate the final predictions. The representation states at this layer are
constructed by their higher-level features so that they can contain both local and global information
about the target sequence. As a result, the output predictions can maintain high sharpness
compared to the target. Therefore, this model architecture can make more sense than the
conventional stacked architecture of the ConvLSTM illustrated in Figure 3.3. Figure 3.6 shows the
detailed information of the TrajGRU model, including the overall structure, architecture, and
building blocks.

Figure 3.6: TrajGRU model: the encoding-decoding structure, the stacked architecture with
reversed decoding layers.

3.1.3 Convolutional Recurrent Networks with advanced memory mechanisms
The spatiotemporal memory mechanism is the fundamental component of a specified
ConvRNN, illustrating the ability to process data as time passes. Based on the reported
observations, the internal mechanism of a neural cell and the model architecture significantly
29

impact the memory ability of the model. With conventional ConvRNNs, their internal operations
usually use only one cell state to store the knowledge of previous input information (e.g., the cell
̃ 𝑡 in the ConvGRU layer). In the case of long sequences, this
state 𝑪𝑡 in the ConvLSTM layer, 𝑯
memory cell state needs to handle both short-term dependencies (i.e., the correlation between two
adjacent frames) and long-term dependencies (i.e., the correlation between the current frame and
frames at many timesteps before). This leads to the information overload and vanishing gradient
issues. Therefore, a potential solution to improve the performance of the standard ConvRNN
models is adjusting the memory mechanisms according to different SSP tasks. From the
perspective of the model architecture, many prior studies proved that increasing the depth of the
neural networks can exponentially benefit feature extraction and sequence modelling [3, 81, 82,
83]. For the sequence models, the concept of neural network depth is analyzed in the time (i.e., the
number of representations between two given timesteps are captured) and space domains (i.e., the
number of extracted spatial hidden states at a specified timestamp). Therefore, in the case of the
stacked architecture shown in Figure 3.6, we can increase the number of neural layers to generate
more states at each time step. However, this will cause a tremendous increase in the number of
trainable parameters.
In [3, 13, 81], Wang and al. proposed PredRNN, PredRNN++, and PredRNN-v2 models with
novel ConvRNN layers for the SSP task. Essentially, the PredRNN cell is the extended version of
the ConvLSTM unit, and its operation also replaces the matrix multiplication with the
convolutional operators. In particular, its internal mechanism contains dual memories: the
temporal and spatial memory states, instead of a single cell state in the ConvLSTM structure shown
in Figure 3.1. As a result, the recurrent layer can store more knowledge of the observed series, and
the system can alleviate the issue when the gradients quickly vanish in a single memory cell.
Moreover, they designed a spatiotemporal memory flow architecture allowing the spatial memory
cell state to traverse all model cells in a zigzag path from the top layer to the bottom layer
repeatedly across time, as shown in Figure 3.7. Therefore, this new architecture style lengthens the
networking depth and creates an adaptive connection between neural cells and layers. Eventually,
the group of PredRNN models can perform effectively with long-term SSP tasks based on the
concept of deeper-in-time [3, 83]. However, the dual memory mechanism's usage can complicate
neural cell structure as these two memory states are updated separately. Thus, this might lead to
considerable computational complexity with a massive number of trainable parameters, especially
when we want to increase the number of layers.
In addition, the standard ConvLSTM and ConvGRU models are considered first-order
Markovian models because their memory cell takes only one previous hidden state at a time to
generate the spatiotemporal representation state [84]. However, this causes an intrinsic difficulty
in learning spatiotemporal correlations in the long-term forecasting task. Therefore, Su et al.
extended the standard ConvLSTM to a higher-orders network that can combine several previous
states to feed into the memory mechanism at a time step, namely Convolutional Tensor-Train Long
Short-Term Memory (Conv-TT-LSTM) [18]. Based on the idea of the tensor train decomposition
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[85], this model can not only reduce the blurry effect in the long-term prediction task but also keep
the computational complexity at an acceptable level. However, the tensor decomposition
algorithms might be hard and unstable to implement into the model as they are basically
approximation methods.

Figure 3.7: Spatiotemporal memory flow architecture of the PredRNN models.

3.2

ODE-based models

For video prediction task, most of the recent ConvRNN models, such as the previous models,
follow the regular time sampling assumption (i.e., the time interval or time recording between two
adjacent frames is constant). Therefore, the learning ability of these models is limited to specific
datasets with a fixed time gap between adjacent data frames. As a result, these models cannot
perform irregularly sampled or continuous-time prediction tasks. A temporary solution to this
problem is to preprocess the specified time-series datasets. In other words, we remove some
intermediate data points from the series with constant time intervals. However, ignoring frames
means decreasing the number of data and removing some helpful knowledge, especially with
sparse datasets. Moreover, this will significantly impact the training and testing processes of the
whole system. Consequently, the preprocessing step is not optimal for the given task. In that
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situation, NODEs or ODE-based models are proposed as promising methods for irregularly
sampled and continuous-time prediction problems [19, 46].
The group of ODE-based models is a new family of deep neural network models [19]. In the
SPL field, we can present the evolution of a phenomenon by differential equations and solve these
equations by mathematical methods (i.e., analytic, and numerical methods). Based on this
observation, ODE-based models have been designed and ANNs have been proposed as the
differential equations describing the changing processes of representation states in the latent field.
Moreover, the numerical methods for solving ODE (i.e., the ODE solvers) have been implemented
in various commonly used frameworks, so we can straightforwardly insert them into the DL
models. For instance, Chen et al. proposed a generative latent function continuous-time model
(Latent-ODE), considered as one of the first NODEs implemented for time series prediction tasks
[19, 20]. This ODE-based model also uses the encoding-decoding structure: the encoder is
implemented by the RNNs technique, and the decoder is implemented by an ODE solver, as shown
in Figure 3.8. First, the encoder processes the data series at the given time step to generate the
statistical characteristics (e.g., the mean, variance, and other moments). After that, the decoder
takes these statistical characteristics and makes predictions at the arbitrary time steps for the
extrapolation (i.e., making predictions arbitrarily forwards in time) and interpolation (i.e., making
predictions arbitrarily backwards in time) tasks. However, the input series at the encoder needs to
be sampled at constant time intervals when this model uses conventional RNNs.

Figure 3.8: Latent-ODE model.

Based on the previous observation, Tidiz et al. proposed Deep generative second-order ODEs
with Bayesian neural networks (ODE2VAE) for continuous-time modelling [21]. In particular,
this model used the auto-encoder structure for the representation learning [86], so the RNN-based
time series modelling at the encoder of the Lalent-ODE illustrated below is unnecessary. For the
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feature extraction, the dual encoder consists of the position and velocity encoder modules,
representing the set of ODE networks. Furthermore, these second-order ODE modules allow the
system to generate more high-order continuous dynamics that benefit the model's feature learning.
Therefore, the ODE2VAE can handle input time series thoroughly at arbitrary timestamps. In
addition, with the auto-encoder structure, we do not need to split a sequence into two subsequences
(i.e., the input and the target sequences); the model will take the examined series and reconstruct
it. For the extrapolation task, ODE2VAE can continue to generate future unseen frames based on
the reconstructed output. However, the resulting extrapolated results might not be generated
effectively since no explicit memory mechanism is defined to help the system look back at
previous information, especially when we want to predict a long-range sequence. In addition, the
lack of spatiotemporal dependency investigation leads to a critical degradation in the performances
of sequence models for the SSP task. Figure 3.9 shows the schematic illustration of the ODE2VAE
model.

Figure 3.9: ODE2VAE model.

Although the ODE-based models above can handle irregularly sampled data and learn the
continuous-time state dynamics, their performances were investigated with relatively simple
datasets, such as image rotation and bouncing ball [20, 21, 87]. Thus, they are not ready for many
practical applications with detailed spatiotemporal datasets. In other words, a single ODE neural
network is not sufficiently powerful to extract complex spatial and temporal features
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simultaneously. In [14], Park et al. proposed a continuous-time video generation model using the
ODE technique, namely Vid-ODE, which shows some promising performances with real-world
videos. Vid-ODE essentially combined the standard ConvGRU network, NODE techniques, and
the pixel-level composition technique. From the structure perspective, this model used an
encoding-decoding structure for the video generation task. The encoder is constructed by the
ConvGRU layer and a specified ODE neural network which helps capture the irregular sampling
intervals; the decoder is constructed by an ODE solver and the pixel-level composition technique,
which helps maintain the sharpness of the resulting predictions. As such, this model can handle
the input series at random timestamps. However, although the composition masking can help the
resulting output maintain high sharpness, this technique might not work effectively with
spatiotemporal datasets with complicated motions. Figure 3.10 shows the schematic illustration of
the Vid-ODE model.

Figure 3.10: Vid-ODE model.

3.3

Transformer

The transformer is a new DL architecture for sequence modelling and transduction problems
(e.g., natural language processing and machine translation) which have been getting more
awareness recently. Traditional RNNs, such as LSTM and GRU networks, apply recurrent
computation with their internal mechanism that precludes parallelization within training sequences
and reduces computational efficiency. Furthermore, their simple memory mechanism was not
powerful enough to capture long-range information. Therefore, in 2017, the Google team designed
and proposed their transformer model for machine translation tasks [54]. In particular, this
transformer removed the recurrent computation and used only attention mechanisms to obtain
dependencies between input and output. In addition, RNN-based models can also integrate the
attention module to boost the overall performance, but their operation relies heavily on recurrent
34

computation and does not benefit from the parallelization computation. For the sequence
modelling, this transformer applies the encoding-decoding structure including two main parts (e.g.,
the encoder and the decoder) and the stacked architecture constructed by multi-head self-attention,
point-wise operator, and other neural layers (e.g., linear layers, activation layers), as illustrated in
Figure 3.11. Based on the general observation, the attention component played a crucial role in the
whole system as this mechanism allows the transformer to learn long-range dependencies.
Although this model can work effectively with translation tasks using sequential data, its structure
requires numerous linear layers, which is unsuitable for processing spatial data in the SSP tasks.
Furthermore, some complicated spatiotemporal datasets require the dependency extraction
between each pair of adjacent input states so that ConvRNN-based models are still the baseline
methods for the SSP tasks.

Figure 3.11: Transformer – model architecture. Image obtained from paper [54].

Recently, there have been various transformers designed for the SPL tasks. For instance, Yan
et al. proposed the Learning Spatio-Temporal transformer for visual tracking [88]. Zha et al.
proposed the Shifted Chunk transformer as a clip encoder to model long-term temporal
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dependencies [89]. Overall, the main concept of transformers is the combination between the
attention mechanism and specified deep neural networks.

3.4

GAN

Generative Adversarial Networks (GANs) have been the most popular generative model since
it was first released in 2014, and GAN models have shown their superior abilities in the image,
video generation tasks and other complicated problems in the computer vision area [90]. In
essence, a GAN consists of two main components: the generator and discriminator. In this
structure, the generator learns the statistical distribution of the latent variables (i.e., the hidden
states) and generates the realistic output. Then, the discriminator takes this output and estimates
the probability of this data coming from the actual data space. As such, GANs can capture the
stochastic behaviour of data that deterministic models like conventional RNNs, and transformers
cannot perform effectively. Therefore, GANs have gained considerable attention in recent years.
In addition, some studies have used DL-based approaches with adversarial networks for
spatiotemporal-based applications such as trajectory prediction, time-series data generation and
imputation [91].
For the SSP task, the authors of [92] proposed a model that combines the Conditional GAN
and RNN structures to optimize both the regression loss and GAN loss. To be more specific,
optimizing the regression loss aims to compute the errors between the resulting prediction and the
ground truth, while the GAN loss is used to estimate the data distribution to deal with the
uncertainty to produce non-blurry predictions; thus, the model can provide better visualizations.
As such, the ConvRNN architecture will be used as predictive learning to create predictions which
can be blurry, while conditional GAN will learn a mapping function to map those blurry
predictions to the original non-blurry targets. Although the results showed that the sharpness of
the forecast is significantly improved, the overall accuracy is decreased, especially with long-term
sequence generation. Moreover, GANs are not easy to design and train properly since they require
more computing resources and developing processes (e.g., the generator and discriminator).
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Chapter 4:

Proposed method

In this chapter, we will present the proposed DL-based models designed for the overall SSP task
and the drawbacks of conventional methods that we need to improve. First, in terms of system
design, main components will be illustrated separately to construct a model: the structure,
architecture, and building blocks. Then, we will combine these components to build the entire
model.

4.1

Drawbacks of conventional approaches

Before presenting the proposed methods, some fundamental drawbacks of the conventional
DL-based approaches for the SSP applications will be analyzed, which many prior studies have
reported. Then, we attempt to address those issues in our models.
In this work, we focus on analyzing and addressing two compelling challenges of sequenceto-sequence models: the vanishing gradient problem and the ability to handle irregularly sampled
time series. Overall, the vanishing gradient causes a massive downside in the performance of DL
models, especially with long-range sequence forecasting problems. Furthermore, irregularly
sampled time series contain complicated temporal references that require unique mechanisms to
capture those properties.
4.1.1 Vanishing gradient
Most DL-based systems apply the backpropagation and optimization algorithms requiring the
gradient computation to update the model parameters, as introduced below. In deep ANNs with
multiple layers, the gradients run backward through the networks and adjust after each node
following the chain rules. Therefore, such models may quickly meet the vanishing gradient issue
when the computed gradients get smaller over the depth of the network.
In essence, the vanishing gradient is an issue in which the gradient values become extremely
small and may approach zeros. Hence, the learning ability of some network nodes or layers will
be easily saturated, and the system can not update learnable parameters properly. As a result, this
phenomenon significantly reduces the model's overall performance. The vanishing gradient
problem occurs relatively often in DL-based sequence-to-sequence models such as RNNs [93].
Although some variants of RNNs like LSTM and GRU applied memory mechanisms represented
by the gating techniques, they can not effectively handle long-range sequential data due to the
natural structure of RNNs (i.e., the rolling and unrolling form). Based on the cell structure, the
current and cell memory states are updated using only one hidden representation state at the
previous time step, so this knowledge is insufficient to handle long-range sequences. From the
perspective of mathematics, equations (2.13) and (2.14) demonstrate that the total derivative of the
loss function is computed based on the multiplication product of all the derivatives of states of the
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entire input series. Therefore, the model can quickly encounter the vanishing gradient issue if the
training sequences are comprised of hundreds of time steps. As a side effect, this problem
significantly slows down the learning process since the trainable weights are updated at a slow
pace. For the long-term video prediction application, we can experience blurry effects (i.e., the
decrease and distortion in the detail of an image) in some frames at the end of the series. In other
words, the resulting predictions worsen over time when the gradients get smaller.
In addition, the vanishing gradient issue closely involves the model architecture. For instance,
in the stacked encoding-decoding architecture of the TrajGRU model shown in Figure 3.6 [2], the
final output of each neural layer of the encoder is represented by a single hidden representation,
and the recurrent computation essentially generates this state. As a result, this state cannot contain
all the critical features of the input sequence (e.g., short-term, and long-term features); thus, the
decoder will not receive enough information and perform effectively. Moreover, the gradients
running backward from the decoder to the encoder can be represented by equations (2.13) and
(2.14) since the interested states are computed using just a single previous form. Eventually, we
meet the vanishing gradient issue one more time.
4.1.2 Irregularly sampled time series prediction
In the SPL field, most recent works follow the regular time sampling rule for the SSP tasks
when preprocessing the data to generate training, testing, and validation sequences. For instance,
RNN-based systems (e.g., ConvLSTM [1], ConvGRU [73, 74], TrajGRU [2], PredRNN [3, 13,
81], Conv-TT-LSTM [18]) employ the same collection of learnable parameters to compute the
hidden states at different timestamps based on the general rolling structure. Consequently, they
intrinsically assume the time gap (i.e., the time interval) between adjacent data points is fixed and
unchanged over time.
Although the constant time interval sampling can be accepted as the standard assumption in
the temporal analysis for simplicity purposes, there are numerous scenarios in which this
assumption is not practical. First, not all spatiotemporal datasets follow this sampling type; some
research areas are interested in data recorded at arbitrary time steps, such as medical, economics,
and climate modelling [94, 95]. Besides discrete series, some spatiotemporal data in continuous
space are applied for continuous-time physical models [96], biology applications [97, 98] and
telecommunications [99]. Second, the fixed time interval sampling might be challenging to
implement in real-world applications because of hardware errors, noise, and outside effects on
machines. As such, an observed time series can lose data points at some time, which data analysists
can capture based on the recording logs.
Furthermore, even if a sequential dataset is obtained with proper regular time sampling, we
may not want to use the complete information of a given series in some situations. For example, a
simple case will be analyzed using a traditional DL-based sequence-to-sequence model, which
follows the regular time sampling for an SSP task. At first, this model is assumed to have two
parts: the encoder and the decoder. With the overall SSP problem, our mission is to predict the
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future K frames based on the given input sequence with N frames. In the encoding part, let the
input sequence length is ten (𝑁 = 10), and each data point be sampled regularly at time steps 𝑡𝑖 =
{1, 2, 3, 4, 5, 6, 7, 8, 9, 10}. In terms of the decoding part, if the output sequence length or the
prediction length be three (𝐾 = 3), the predicted frames in the output sequence are supposed to
represent the information at 𝑡𝑜 = {11, 12, 13}. However, if we want to obtain the three future data
frames at time steps 𝑡𝑜 = {14, 17, 19}, we have to predict an entire sequence with nine data frames
at 𝑡𝑜 = {11, 12, 13, 14, 15, 16, 17, 18, 19}. As a result, we will waste time and resources on
computing unnecessary information. As a side effect, the system may easily get the gradient
vanishing problem when the total number of data points increases. In this situation, we can do
better by directly predicting three frames at time steps 𝑡𝑜 = {14, 17, 19} using the ten previous
frames. Furthermore, we can even do this task better by not using all ten previous frames (e.g.,
five frames at time steps 𝑡𝑖 = {1, 3, 5, 9, 10}) to make the prediction. Consequently, we can not
only save time and resources but also handle time series recorded at arbitrary timestamps. Figure
4.1 illustrates these scenarios

Figure 4.1: Overview illustration of the scenario using the irregular sampled time series for the
SSP task.
However, predicting future spatial data at arbitrary timestamps is highly challenging because
of the complex temporal reference. The system must correctly capture the irregularly sampled data
points and reconstruct the output with acceptable sharpness. Once we can capture this temporal
reference property, we can flexibly adjust the time gaps according to different scenarios.
Therefore, handling irregularly sampled sequences in the discrete domain involves the ability to
process data in a continuous-time field. For instance, we can interpolate data frames at unseen time
steps based on the given time series and extrapolate future frames with different frame rates or
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arbitrary future timestamps. Eventually, this is the fundamental idea of our overall SSP task and
the motivation for us to design the DL-based sequence-to-sequence models.

4.2 Proposed system for the overall Spatiotemporal Sequence
Predictive task
This section will present the proposed system for the overall SSP task. Specifically,
fundamental elements will be introduced for designing the models: the model structure,
architecture, and building blocks. Then, those elements are used to build three novel DL-based
sequence-to-sequence models for the overall SSP task: the TrajGRU-Attention, TrajGRU-ODE,
and the TrajGRU-Attention-ODE.
4.2.1 Model structure
In the first step of the design process, the encoding-decoding structure is chosen for our
sequence-to-sequence models as it is the most commonly used structure for the SSP tasks. This
structure has two main parts: the encoder and decoder; each part takes distinct functions and
supports the other part by a particular communication approach represented by the model
architecture.

Figure 4.2: Encoding-decoding model structure.
The encoding part takes the input sequence to extract spatiotemporal features, then generates
the representation state to transfer to the decoder. Hence, the decoder can obtain the knowledge of
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observation data and then make predictions. Eventually, multiple neural layers are combined to
construct the encoder and decoder according to a specified architecture. In this work, the building
blocks indicate artificial neural layers, and numerous central blocks (i.e., main layers) contain
different levels of spatiotemporal features. Figure 4.2 shows the overall view of our encodingdecoding structure.
For the training process, the loss function value is calculated using the prediction (i.e., the
output of the decoder) and the target sequence (i.e., the subsequence of the examined sequence).
After that, the gradients running backward from the decoder's main layers to the encoder's main
layers are computed using the BPTT algorithms, as described in section 2.2.4. Eventually, the
parameters of each part are updated using a specified optimization algorithm, as shown in section
2.2.8. In the next section, the novel model architecture will be introduced to analyze further the
information flows running forward and the gradient flows running back through the entire system.
4.2.2 Model architecture
The next step in building the model is to design its architecture. In particular, the model
architecture describes the connection between distinct components: the encoder and the decoder,
building blocks (i.e., the neural layers), and neural cells (i.e., the small units of recurrent layers).
Therefore, researchers can visualize how they communicate with others and how the information
and gradient flow through the system. As a result, this element affects the model's parameter
updating and optimization processes, so we must consider its design carefully.
There have been several architectures for the encoding-decoding structure of sequence-tosequence models, such as the conventional stacked and the deep-transition used in the ConvLSTM
model [1, 3], gradient highway used in the PredRNN++ [81], etc. First, the stacked architecture
will be examined, one of the most common styles, as shown in Figure 3.3. In the stacked
ConvLSTM architecture, during the recurrent computation of each layer, the output hidden state
of each neural cell is duplicated and steered in two distinct paths following the horizontal and
vertical directions. As mentioned in section 3.1, the ConvLSTM uses the input data and previous
state to update the current hidden state. In this case, the output following the horizontal direction
will be the previous state of the following recurrent computation in the current neural layer.
Meanwhile, the production following the vertical direction will play a role in the current input data
of the higher-level layer. Therefore, the system can perform hierarchical feature extraction for
efficient representation modelling. However, there are some drawbacks when implementing this
architecture to the model. First, the neural unit of the top layer at a specific time step might forget
some practical information coming from the neural cell of the bottom layer at the previous time
step when the system uses a high number of stacked layers. Second, the final representation state
of each recurrent layer in the encoder cannot contain sufficient knowledge of a long-range series;
thus, the decoder cannot learn the spatiotemporal features effectively. Consequently, these issues
significantly reduce the system's performance.
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Based on the above observations, we design a novel architecture combining the stacked style,
zigzag connection, and reverse layers at the decoder, as illustrated in Figure 4.3. Although the
stacked architecture can lead to the vanishing gradient issue, it allows the system to extract more
features with different sizes and dimensions by stacking multiple neural layers (i.e., the
hierarchical feature extraction). To alleviate the negative effect of this style, we take the idea of
the spatiotemporal memory flow of PredRNN++ [81] to design a zigzag connection, which creates
a shortcut to communicate between the top and bottom recurrent layers. In particular, this zigzag
shortcut can boost the model's memory ability by increasing the network's depth (i.e., the
connection between units of top and bottom layers allows the model to generate more
representations between two timestamps). Furthermore, this architecture enables the model to use
more stacked intermediate layers. As a result, it intrinsically improves the system's overall
performance. In Figure 4.3, at the encoder, the operations of neural cells when applying the zigzag
connection can be formulated as
𝑯𝑧𝑧 (𝑡𝑖 ) = 𝑙𝑒𝑎𝑘𝑦𝑅𝐸𝐿𝑈 (𝑾𝑢𝑝_𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 ∗ 𝑯𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ))
𝒁𝑧𝑧 (𝑡𝑖 ) = 𝜎 (𝑾ℎ ∗ 𝑯𝑏𝑜𝑡𝑡𝑜𝑚_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) + 𝑾𝑧𝑧 ∗ 𝑯𝑧𝑧 (𝑡𝑖 ))
𝑯𝑛𝑒𝑤
𝑏𝑜𝑡𝑡𝑜𝑚_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) = 𝑯𝑏𝑜𝑡𝑡𝑜𝑚_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) + 𝒁𝑧𝑧 (𝑡𝑖 )°𝑯𝑧𝑧 (𝑡𝑖 )

(4.1)

And vice versa at the decoder, so that we have the according equations for the zigzag shortcut as
𝑯𝑧𝑧 (𝑡𝑖 ) = 𝑙𝑒𝑎𝑘𝑦𝑅𝐸𝐿𝑈 (𝑾𝑑𝑜𝑤𝑛_𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 ∗ 𝑯𝑏𝑜𝑡𝑡𝑜𝑚_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ))
𝒁𝑧𝑧 (𝑡𝑖 ) = 𝜎 (𝑾ℎ ∗ 𝑯𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) + 𝑾𝑧𝑧 ∗ 𝑯𝑧𝑧 (𝑡𝑖 ))
𝑯𝑛𝑒𝑤
𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) = 𝑯𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) + 𝒁𝑧𝑧 (𝑡𝑖 )𝑯𝑧𝑧 (𝑡𝑖 )

(4.2)

In (4.1) and (4.2), 𝒁𝑧𝑧 (𝑡𝑖 ) indicates the update gate at the time step 𝑡𝑖 , which decides how much
information of the zigzag state 𝑯𝑧𝑧 (𝑡𝑖 ) will be obtained; 𝑾𝑢𝑝_𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 , 𝑾𝑑𝑜𝑤𝑛_𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 refer to
the learnable parameters of the up-sampling , down-sampling layers, respectively; 𝑾ℎ , 𝑾𝑧𝑧 refer
to the learnable parameters of the convolutional layers applied to extract the features of the hidden
𝑛𝑒𝑤
states. Consequently, the new state 𝑯𝑛𝑒𝑤
𝑏𝑜𝑡𝑡𝑜𝑚_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) at the encoder and 𝑯𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟 (𝑡𝑖 ) at the
decoder can be obtained.
In addition, we apply the reversed decoding layers like the TrajGRU model [2], as shown in
Figure 3.6, because we want the information flows transferred straightforwardly from the encoder
to the decoder. To be more specific, we will present the operation of each primary part of this
model. First, the bottom central building block in the encoder refers to the lowest-level layer that
receives the original input sequences and generates the global representations to feed into the next
layer. Then, the higher-level layers will process and extract features with smaller state sizes and
higher numbers of channels, represented for local spatiotemporal states. Eventually, the top layer
will contain the local representations with the smallest size and the highest number of channels. In
addition, a down-sampling block is inserted between each pair of adjacent recurrent layers to
42

increase the feature's level. Overall, the encoder follows the bottom-up approach to extract the
local features from the global information. In contrast, the decoder applies the top-down approach,
and the higher-level layers employ the local features to construct the global representations. The
lowest-level states at the bottom directly influence the final outputs of the whole system.

Figure 4.3: Proposed model architecture.
Consequently, the resulting outcomes can be reconstructed with highly detailed information
because the other higher-level features generate the final representation states. In addition, we
implement the up-sampling block between two adjacent central building blocks to divide the
decoding layers into different levels. As a side benefit, this architecture can help the model save
the number of recurrent layers since each component (i.e., the encoder or decoder) uses a single
resampling block type: the encoder applies the down-sampling blocks, and the decoder applies the
up-sampling blocks. In the next section, the information on building blocks to build the model will
be presented.
4.2.3 Building blocks
In the proposed design, building blocks are the minor components used to construct the model
structure based on the proposed architecture. Basically, they indicate the neural network layers
(e.g., convolutional, deconvolutional layers, ConvRNN layers) and other DL-based modules. In
this thesis, we divide the model building blocks into two groups: the central and the connection
building blocks. In the group of central blocks, we proposed a novel ConvRNN, namely Trajectory
Gated Recurrent Unit, integrating the Ordinary Differential Equation technique (TrajGRU-ODE).
Furthermore, we implement the ConvGRU and TrajGRU networks to build our models and the
baseline. In the group of connection blocks, besides up-sampling and down-sampling blocks, we
proposed a novel attention module, namely Motion-based Attention, which can be flexibly
dropped into another layer to boost the memory ability of the system and alleviate the gradient
vanishing issue.
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4.2.3.1 Trajectory Gated Recurrent Unit integrating Ordinary Differential Equation
technique (TrajGRU-ODE)
In mathematics, the main goal of solving ODEs is to describe the rate of change and evolution
of a phenomenon over a certain period with respect to the initial conditions. Based on this
observation, prior ODE-based models have been proposed and designed for continuous-time
prediction and generation tasks (i.e., these models attempt to predict future or unseen data points
at random timestamps in the continuous domain regarding the initial conditions). Therefore, the
essential requirements of these models are the initial conditions. The initial condition refers to the
representation states in the SPL field at the beginning. There are numerous ways to generate the
initial state in DL-based models. Generally, the encoder will develop the initial state using the
given input information in the encoding-decoding structure. Then, the decoder will apply a defined
ODE solver to generate the future continuous hidden forms in the latent space. For instance, the
Latent-ODE model uses the RNN to encode the statistical characteristics as the initial conditions,
as illustrated in Figure 3.8. With the proposed system, the ConvRNNs and Motion-based Attention
(MA) modules are implemented to construct the encoder, generating the initial representation state
for solving the ODEs defined in the decoder.
In this section, the Trajectory Gated Recurrent Unit integrating the Ordinary Differential
Equation technique (TrajGRU-ODE) will be introduced as the central building block. After that,
in the next section we will present the entire TrajGRU-ODE model, including all terms: the
building blocks, model architecture and structure. From the structure perspective, there are two
fundamental components in the TrajGRU-ODE block: the ODE solver module and the extended
TrajGRU unit equipped with additional gates. To clarify its operation, we start with the rolling
RNN structure presenting the internal loop mechanism of the neural layer. Then, we will roll it out
to dive deeper into the detailed computations of each neural cell at each timestamp, as shown in
Figure 4.4.
The TrajGRU-ODE block implements an internal loop in the rolling structure to perform the
recurrent computation like many conventional RNNs. However, instead of just using the pair of
the input data 𝑿(𝑡𝑖 ) at the time step 𝑡𝑖 and the previous hidden state 𝜢(𝑡𝑖−1 ), a new intermediate
state 𝑫(𝑡𝑖 ) is defined, namely the difference representation; then, we insert this state into the
recurrent computation alongside this pair. In particular, the state 𝑫(𝑡𝑖 ) is computed using the
couple of latent continuous-time states {𝑯𝑜𝑑𝑒 (𝑡𝑖−1 ), 𝑯𝑜𝑑𝑒 (𝑡𝑖 )} which is generated by the ODE
solver component. Hence, this state can emphasize the distinctness and the evolution of data from
time step 𝑡𝑖−1 to 𝑡𝑖 . Eventually, the formulation to compute 𝑫(𝑡𝑖 ) can be rewritten as the following
𝑜𝑑𝑒
𝑫(𝑡𝑖 ) = 𝑊𝑐𝑜𝑚𝑏𝑖𝑛𝑒
∗ {𝑯𝑜𝑑𝑒 (𝑡𝑖−1 ), 𝑯𝑜𝑑𝑒 (𝑡𝑖 )},

(4.3)

𝑜𝑑𝑒
where 𝑊𝑐𝑜𝑚𝑏𝑖𝑛𝑒
denotes the convolutional layer with a kernel size of (1 × 1), resizing the
concatenation of two latent states {𝑯𝑜𝑑𝑒 (𝑡𝑖−1 ), 𝑯𝑜𝑑𝑒 (𝑡𝑖 )}. More specifically, we will examine a
simple task to generate 𝑇 unseen data frames at 𝑇 random timestamps regarding the given initial
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knowledge. First, we define the integrated ODE solver module by designing an ANN that played
a role of the ODE function and a numerical integration method, as illustrated in Figure 2.4. In this
thesis, the ODE function is represented by a sequence of convolutional and tanh activation layers,
as shown in Figure 4.5. Second, this ODE solver will take the initial state to generate the set of
continuous-time hidden states {𝑯𝑜𝑑𝑒 (𝑡0 ), … , 𝑯𝑜𝑑𝑒 (𝑡𝑇 )} in the latent space at the expected
timestamps from 𝑡0 to 𝑡𝑇 .

Figure 4.4: Two types of TrajGRU-ODE structures: a) The rolling structure. b) The unrolling
structure.

Figure 4.5: The ODE function.
45

Although those states obtain the continuous-time dynamics, the learnable ODE function of the
ODE solver module is not sufficient to capture practical features and reconstruct the resulting
outcomes with high sharpness simultaneously, especially when the sequence data contain different
complicated spatiotemporal properties. Therefore, we incorporate the latent continuous-time states
generated by the ODE solver module and the hidden states generated by the extended TrajGRU
layer to get the work done more effectively. As mentioned earlier, the intermediate state 𝑫(𝑡𝑖 ) is
computed by combining the pair of two adjacent latent states {𝑯𝑜𝑑𝑒 (𝑡𝑖−1 ), 𝑯𝑜𝑑𝑒 (𝑡𝑖 )}, as shown in
(4.3). As such, the state 𝑫(𝑡𝑖 ) at time step 𝑡𝑖 , allows the system to foresee how the examined state
can evolve and what may happen at this time step. After that, the extended TrajGRU will combine
this state with other knowledge processed by the gated mechanism to reconstruct the resulting
output. Therefore, the TrajGRU-ODE block can learn the sequence's continuous-time and
spatiotemporal dynamics simultaneously. As a result, this technique can be applied to handle the
irregularly sampled time series and perform continuous-time prediction tasks. The detailed
operation formulations of the TrajGRU-ODE unit can be written as follows
𝑼(𝑡𝑖 ), 𝑽(𝑡𝑖 ) = 𝛾(𝑿(𝑡𝑖 ), 𝜢(𝑡𝑖−1 ))
𝐿

𝒁(𝑡𝑖 ) = 𝜎 (𝑾𝑥𝑧 ∗ 𝑿(𝑡𝑖 ) + ∑ 𝑾ℎ𝑧,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯(𝑡𝑖−1 ), 𝑼(𝑡𝑖 , 𝑙), 𝑽(𝑡𝑖 , 𝑙)) + 𝑩𝑧 )
𝑙=1
𝐿

𝑹(𝑡𝑖 ) = 𝜎 (𝑾𝑥𝑟 ∗ 𝑿(𝑡𝑖 ) + ∑ 𝑾ℎ𝑟,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯(𝑡𝑖−1 ), 𝑼(𝑡𝑖 , 𝑙), 𝑽(𝑡𝑖 , 𝑙)) + 𝑩𝑟 )
𝑙=1
𝐿

̃ (𝑡𝑖 ) = 𝑡𝑎𝑛ℎ (𝑾𝑥ℎ ∗ 𝑿(𝑡𝑖 ) + 𝑹(𝑡𝑖 ) ∘ (∑ 𝑾ℎℎ,𝑙 ∗ 𝑤𝑎𝑟𝑝(𝑯(𝑡𝑖−1 ), 𝑼(𝑡𝑖 , 𝑙), 𝑽(𝑡𝑖 , 𝑙))) + 𝑩ℎ )
𝑯
𝑙=1

̃ (𝑡𝑖 )
𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ) = 𝒁(𝑡𝑖 ) ∘ 𝑯(𝑡𝑖−1 ) + (1 − 𝒁(𝑡𝑖 )) ∘ 𝑯
𝒁𝑜𝑑𝑒 (𝑡𝑖 ) = 𝜎(𝑾ℎ𝑧𝑜𝑑𝑒 ∗ 𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ) + 𝑾𝑑𝑧𝑜𝑑𝑒 ∗ 𝑫(𝑡𝑖 ) + 𝑩𝑧𝑜𝑑𝑒 )
𝑹𝑜𝑑𝑒 (𝑡𝑖 ) = 𝜎(𝑾ℎ𝑟𝑜𝑑𝑒 ∗ 𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ) + 𝑾𝑑𝑟𝑜𝑑𝑒 ∗ 𝑫(𝑡𝑖 ) + 𝑩𝑟𝑜𝑑𝑒 )
̃ 𝑜𝑑𝑒 (𝑡𝑖 ) = 𝑡𝑎𝑛ℎ(𝑾ℎℎ𝑜𝑑𝑒 ∗ 𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ) + 𝑹𝑜𝑑𝑒 (𝑡𝑖 ) ∘ (𝑾𝑑ℎ𝑜𝑑𝑒 ∗ 𝑫(𝑡𝑖 )) + 𝑩ℎ𝑜𝑑𝑒 )
𝑯
̃ 𝑜𝑑𝑒 (𝑡𝑖 )
𝑯(𝑡𝑖 ) = 𝒁𝑜𝑑𝑒 (𝑡𝑖 ) ∘ 𝑯𝑚𝑖𝑑 (𝑡𝑖 ) + (1 − 𝒁𝑜𝑑𝑒 (𝑡𝑖 )) ∘ 𝑯

(4.4)

In (4.4), the equations are divided into two separate parts: the standard TrajGRU unit and the
extended gates equipped to capture the continuous-time dynamic states. From the perspective of
the TrajGRU operation, 𝑿(𝑡𝑖 ), 𝜢(𝑡𝑖−1 ) indicate the input data at the time step 𝑡𝑖 and the previous
hidden state, respectively; 𝛾 presents the neural network generating the continuous flow fields
𝑼(𝑡𝑖 ), 𝑽(𝑡𝑖 ) with L different connection links in the transition; 𝑤𝑎𝑟𝑝 presents a function using to
combine the sets of flow fields and the hidden state to generate an intermediate state with
approximated location information; 𝒁(𝑡𝑖 ), 𝑹(𝑡𝑖 ) indicate the update, reset gates, respectively;
̃ (𝑡𝑖 ) represents the memory state, which is modified according to the reset gate and information
𝑯
flows at each time step; 𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ) represents the output hidden state of the standard TrajGRU
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unit. In terms of the extended gates, the states 𝑯 𝑇𝑟𝑎𝑗𝐺𝑅𝑈 (𝑡𝑖 ), 𝑫(𝑡𝑖 ) denote the input data, the
̃ 𝑜𝑑𝑒 (𝑡𝑖 )
hidden state, respectively; 𝒁𝑜𝑑𝑒 (𝑡𝑖 ), 𝑹𝑜𝑑𝑒 (𝑡𝑖 ) denote the additional update, reset gates; 𝑯
represents the new memory state; eventually, the final output state 𝑯(𝑡𝑖 ) contains both continuoustime and spatiotemporal features. For the optimizing process, the system has the collections of
learnable and trainable parameters: (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ), (𝑾ℎ𝑧,𝑙 , 𝑾ℎ𝑟,𝑙 , 𝑾ℎℎ,𝑙 ), (𝑩𝑧 , 𝑩𝑟 , 𝑩ℎ ),
(𝑩𝑧𝑜𝑑𝑒 , 𝑩𝑟𝑜𝑑𝑒 , 𝑩ℎ𝑜𝑑𝑒 ), and (𝑾ℎ𝑧𝑜𝑑𝑒 , 𝑾𝑑𝑧𝑜𝑑𝑒 , 𝑾ℎ𝑟𝑜𝑑𝑒 , 𝑾ℎ𝑟𝑜𝑑𝑒 , 𝑾ℎℎ𝑜𝑑𝑒 , 𝑾𝑑ℎ𝑜𝑑𝑒 ). Finally, “∗”, as
previously, denotes the convolution operator; “∘” denotes the Hadamard product; 𝜎 refers to the
sigmoid function; 𝑡𝑎𝑛ℎ refers to the tanh function. Generally, the sigmoid function, whose values
are from 0 to 1, allows the reset and update gates to regulate the information flows; the tanh
function, whose values are from -1 to 1, can represent the new information of the current input
data. Figure 4.6 illustrates the operation of the TrajGRU-ODE cell.

Figure 4.6: TrajGRU-ODE cell.
4.2.3.2 Motion-based Attention module
Generally, the attention mechanism employs three fundamental components: the keys, values,
and queries, as introduced previously. In the SPL research field, the evolution and changing
processes over time of the spatiotemporal phenomena intrinsically involve the motion
characteristics, which are mathematically described in terms of position, velocity, acceleration,
and time variables. Based on this observation, we leverage the characteristic motion analysis as
the key idea to build our novel attention mechanisms, namely Motion-based Attention (MA). The
main objective of this mechanism is to help the system look back on the prior knowledge and pay
more attention to valuable parts based on the motion characteristics of the observed hidden states
and input frames. Moreover, by learning the representation states of the motions over time, the
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system is capable of handling data points sampled at arbitrary given timestamps. Consequently, it
can be applied to the overall SSP task.
In the thesis, the MA module is built as a connection building block that we can flexibly insert
into different recurrent network layers. According to the encoding-decoding model structure used
in prediction tasks, there are two separate parts with distinct functions, and each part focuses on
analyzing specified data. Thus, we design two attention mechanisms (i.e., the encoding and
decoding attention). The encoding attention mechanism is also called self-attention, which
explores the interdependencies of data points within the input sequence. In decoding attention, its
operation concerns the correlation between the current analyzed state information with a certain
number of previous forms, including the states at both the encoder and decoder sides. In other
words, we will build the encoding attention module, which takes the input sequence as the
information of interest, and the decoding attention, which helps the model look back on the
previous hidden states. In addition, these mechanisms follow the left-right approach that creates
the parallelization computation inside the recurrent operation of central layers.
•

The Motion-based Encoding Attention (MEA)

From the side of the encoder, the Motion-based Encoding Attention (MEA) mechanism is
proposed for performing the parallelization computations on the input sequence. Typically, at each
timestamp of the input sequence, the current representation state can be computed using the current
data frame and previous hidden state when using the traditional recurrent computation of
ConvRNNs (e.g., ConvLSTM, ConvGRU). As introduced earlier, this current state will spread out
in the stacked architecture with multiple layers in the vertical and horizontal directions, as
illustrated in figure 3.3. The information flow running through the vertical direction refers to the
previous hidden state of the following recurrent computation step. The state in the horizon
direction refers to the input data of the neural cell in the adjacent recurrent layer. As such, in the
forward propagation, the higher-level layer takes the output of the lower-level one as the input
knowledge and captures the valuable features by analyzing the dependencies. However, since the
updating computation at each neural cell takes into account the short-term dependencies of two
adjacent data frames, the long-term dependencies between the current input and all previous series
are not effectively captured. As a result, this issue leads to the downside in the reconstruction task,
especially when it comes to time series with high correlation. Therefore, we need an operation
combining multiple input frames to update the hidden state at the encoding part. In particular, we
will implement a parallelization computation in the input series following the vertical direction to
allow the model to capture long-term interdependencies productively. Eventually, the entire stepby-step of applying the MEA is described as follows
First, at the time step 𝑡𝑄 of the input sequence, we derive the formulas used to compute
additional states which represent the motion characteristics. By assuming the set of input frames
{𝑿(𝑡𝑖 )}𝑖≤𝑄,𝑖∈𝛮∗ (i.e., the set length is 𝑄) as the position information, we can define the set of
velocity states as follows
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𝑽(𝑡1 ) = 𝑿(𝑡1 )
{𝑽(𝑡𝑖 )}𝑖≤𝑄,𝑖∈𝛮∗ : {
𝑿(𝑡 )−𝑿(𝑡 ) .
𝑽(𝑡𝑖 ) = 𝑓𝑉 ( 𝑡𝑖 −𝑡 𝑖−1 )
𝑖

(4.5)

𝑖−1

Then, according to the set of velocity states, the set of acceleration states can be defined as
{𝑨(𝑡𝑖 )}𝑖≤𝑞,𝑖∈𝛮∗ : {

𝑨(𝑡1 ) = 𝑽(𝑡1 )
𝑨(𝑡𝑖 ) = 𝑓𝐴 (

𝑽(𝑡𝑖 )−𝑽(𝑡𝑖−1 )
𝑡𝑖 −𝑡𝑖−1

.
)

(4.6)

In (4.5) and (4.6), 𝑓𝑉 , 𝑓𝐴 indicate distinct ANNs: each includes a convolutional layer with the kernel
size of (1 × 1) and an average pooling layer. Thus, sets {𝑽(𝑡𝑖 )}𝑖≤𝑞,𝑖∈𝛮∗ , {𝑨(𝑡𝑖 )}𝑖≤𝑞,𝑖∈𝛮∗ can be
represented by tensors 𝑽𝑡𝑄 and 𝑨𝑡𝑄 , respectively, and they are reshaped into the same shape of
(𝑄 × 𝐵 × 𝐶 × 1) (i.e., 𝑄 denotes the set length, 𝐵 denotes the batch size, 𝐶 denotes the number of
channels of the state). In addition, the set of time steps 𝑻𝑡𝑄 is reshaped from (𝑄 × 𝐵 × 1) to
(𝑄 × 𝐵 × 𝐶 × 1) by replicating the values because we want all keys of the attention mechanism
to have a common shape.
Based on the computations of Luong’s attention in the RNNs [52], the formulation computing
the correlation between the current input data 𝑿(𝑡𝑞 ) with its previous frames {𝑿(𝑡𝑖 )}𝑖≤𝑞,𝑖∈𝛮∗ , as
𝑪𝑡𝑄 = 𝐴𝑣𝑔_𝑝𝑜𝑜𝑙𝑖𝑛𝑔(𝑡𝑎𝑛ℎ (𝑾𝑎1 ∗ 𝑿(𝑡𝑄 ) + 𝑾𝑎2 ∗ {𝑿(𝑡𝑄 )}𝑖≤𝑄,𝑖∈𝛮∗ ) ,

(4.7)

where 𝑾𝑎1 , 𝑾𝑎2 present the learnable weights of convolutional layers, 𝐴𝑣𝑔_𝑝𝑜𝑜𝑙𝑖𝑛𝑔 denotes the
average pooling layer. In (4.7), the term 𝑾𝑎1 ∗ 𝑿(𝑡𝑄 ) is added with each element in the set of tensors
𝑾𝑎2 ∗ {𝑿(𝑡𝑖 )}𝑖≤𝑄,𝑖∈𝛮∗ ; then they are stacked together before passing through the tanh function and

average pooling. Therefore, the final resulting tensor of this computation can have the size of
(𝑄 × 𝐵 × 𝐶 × 1). Eventually, four tensors 𝑽𝑡𝑄 , 𝑨𝑡𝑄 , 𝑻𝑡𝑄 , 𝑪𝑡𝑄 are obtained with the same shape of
(𝑄 × 𝐵 × 𝐶 × 1), presenting four keys of our attention. In particular, we expect that those states
can help the model make the decision about how much attention to pay to each data input frame.
Furthermore, since those states contain the information of the changing rates (i.e., the evolution)
regardless of regular or irregular sampling assumptions, the model can learn and recognize
spatiotemporal representations at specified time steps. Figure 4.7 shows the overview of this step.
In the next step, based on those keys, we compute the alignment scores, which indicate the
collection of weights to assign to each element in the set of input frames {𝑿(𝑡𝑖 )}𝑖≤𝑄,𝑖∈𝛮∗
𝑺𝑡𝑄 = 𝑆𝑜𝑓𝑡 𝑀𝑎𝑥 (𝑓𝑐𝑜𝑚𝑏𝑖𝑛𝑒 (𝑽𝑡𝑄 , 𝑨𝑡𝑄 , 𝑻𝑡𝑄 , 𝑪𝑡𝑄 )),

(4.8)

where 𝑓𝑐𝑜𝑚𝑏𝑖𝑛𝑒 represents the linear layer with the number of input channels being (4 × 𝐶) and
the number of output channels being (𝐶); 𝑆𝑜𝑓𝑡𝑀𝑎𝑥 denotes the SoftMax function; thus, the
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alignment score 𝑺𝑡𝑄 has a size of (𝑄 × 𝐵 × 𝐶 × 1). Then, we assign this score 𝑺𝑡𝑄 to the set of
input frames {𝑿(𝑡𝑖 )}𝑖<𝑄,𝑖∈𝛮∗ to generate the attention state at time step 𝑡𝑄 , as
𝑯𝑎 (𝑡𝑄 ) = 𝑺𝑡𝑄 ∘ {𝑿(𝑡𝑖 )}𝑖<𝑄,𝑖∈𝛮∗ ,

(4.9)

where “∘” denotes the Hadamard product. Eventually, we combine the current input 𝑿(𝑡𝑄 ) with
this attention state 𝑯𝑎 (𝑡𝑄 ) to generate the new input data, as
𝑿𝑛𝑒𝑤 (𝑡𝑄 ) = 𝑾1×1 ∗ {𝑿(𝑡𝑄 ), 𝑯𝑎 (𝑡𝑄 )},

(4.10)

where 𝑾1×1 represents the learnable weights of the convolutional layers with a kernel size of
(1 × 1). Consequently, the new input intrinsically obtains the knowledge of data frames stretching
from the beginning timestamp 𝑡1 to the current instant 𝑡𝑄 . Therefore, the MEA of the encoder
possesses a long-term memory and an ability to learn the irregular time sampled series.

Figure 4.7: The motion characteristics extraction.
•

The Motion-based Decoding Attention (MDA)

From the perspective of the decoder, the Motion-based Decoding Attention (MDA)
mechanism is proposed for making parallel computations on the collection of hidden states instead
of the input sequence in the case of the MEA. As described previously, the encoder's recurrent
layers take the attention states generated by implementing the MEA on the input series to create
the output hidden form for each timestamp. Since the decoder uses the representation states from
the encoder to make predictions, the attention mechanism is applied in the set of hidden states.
Therefore, the entire attention operations in the encoding-decoding structure are straightforward
and follow a common left-right approach. Eventually, the whole step-by-step of applying the MEA
is described as follows
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Similar to the MEA, the first step is to compute the four keys 𝑽𝑡𝑄 , 𝑨𝑡𝑄 , 𝑻𝑡𝑄 , 𝑪𝑡𝑄 at a specified
time step 𝑡𝑄 in the target sequence based on the set of hidden states {𝑯(𝑡𝑖 )}𝑖∈{𝑄−𝑇,…,𝑄},𝑖∈𝛮∗ . In this
case, we do not use all available hidden states stretching from the initial time step 𝑡1 to the current
moment 𝑡𝑄 at both encoding and decoding parts, we set the fixed set length of 𝑇 states and change
the elements within it using a simple sliding window approach. The reason is that we want to keep
the balance between the short-term and the long-term dependencies. Moreover, the computational
complexity of the decoder can be maintained at an acceptable level when it comes to long-range
sequences.
In the next step, the current hidden state 𝑯(𝑡𝑄 ) is first computed using its previous form and
the current input data. After that, we can also compute the alignment score 𝑺𝑡𝑄 using (4.9) and the
attention state 𝑯𝑎 (𝑡𝑄 ) using (4.10). Finally, we get the new form at the time step 𝑡𝑄 by applying
(4.11).
In conclusion, the encoder-decoder-based models can use the MEA and MDE modules to
strengthen memory ability and handle irregular sampling time series for the SSP task. As a result,
the model can be applied with varying spatiotemporal datasets of different applications and longerrange prediction tasks. In addition, we consider inserting these attention mechanisms into
particular layers to optimize their performance in multiple-layer systems. Therefore, in this thesis,
the models will be tested with different configurations to choose the best built-in attention
structure. The following section will introduce the other connection building blocks used to
resample the features.
4.2.3.3 Resampling blocks
For the hierarchical feature extraction, the input data is typically processed and transformed
into multiple representation states with different levels represented by their shape. In particular,
compared to the original input, the higher-level states containing the input's global information
usually have smaller channels and larger frame sizes (i.e., the height and width of the state). In
contrast, the lower-level states containing the local information will have more channels and small
frame sizes. Once the model studies enough features, including local and global knowledge, it can
effectively perform the reconstruction and prediction tasks. Consequently, the resulting output will
have high accuracy and sharpness.
We insert a resampling block between two adjacent central blocks (i.e., central neural layers)
for the SSP task to help the system capture spatial features with different levels. In proposed
models, we build the up-sampling block using a pair of convolutional and leakyRELU activation
layers. In contrast, the down-sampling block is constructed by a pair of deconvolutional and
leakyRELU activation layers. As such, the shape of the output states can be easily adjusted by
defining the hyper-parameters of the convolutional and deconvolutional layers (e.g., the kernel
size, number of input and output channels, padding, stride, dilation).
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4.2.4 Trajectory Gated Recurrent Unit Attention (TrajGRU-Attention)
Based on the fundamental elements of the system design process illustrated above (i.e., the
model structure, architecture, and building blocks), the entire model will be constructed with the
primary goal of solving the overall SSP task.
First, the TrajGRU-Attention model is designed as a sequence-to-sequence model. To be more
specific, we will present the major to minor elements. In terms of the structure, we implement two
main parts: the encoder and the decoder, as illustrated in Figure 4.2. Overall, the encoder takes the
input sequence to produce the representation states. Then, the decoder uses these states to make
the prediction.
Second, the novel architecture is applied by combining the stacked style with the zigzag
shortcut, as shown in Figure 4.3. In this architecture, the encoder and decoder can be established
by combining multiple neural layers (i.e., building blocks). Moreover, they have the same number
of central layers (i.e., central building blocks) because a pair of layers at the same level will directly
exchange the states of the same size together. With the zigzag shortcuts connecting the bottom
layer's units with the top layer's ones, the proposed system can address the gradient vanishing issue
to some degree.
Finally, we select and assemble the encoder and decoder building blocks regarding the model
architecture. As mentioned earlier, there are two main groups: the central and connection blocks.
This model uses the TrajGRU layers as the primary building blocks to capture and regulate state
information. For hierarchical feature extraction, the encoder uses the down-sampling blocks, and
the decoder uses the up-sampling blocks. This design makes sense as the decoder layer orders are
reversed. As such, the representation states are computed in two directions in the forward
propagation: the recurrent computation follows the horizontal direction, and the hierarchical
feature extraction follows the vertical direction. In the steep path in the encoding part, the input
data is down sampled before going through each central layer, allowing the system to see from the
big picture (i.e., the global information) to the detailed features (i.e., the local information). On the
decoding side, the top layer uses this local knowledge to construct the lower-level states. As a
result, the final predictions are generated using the lowest-level forms in the decoder's bottom
layer. Similarly, the backpropagation will also go in two directions. Then, the MEA is used at the
encoder and the MDE is used at the decoder to handle the irregularly sampled time series.
Moreover, the model can deal with the long-range sequence prediction with these attention
mechanisms. However, if the MEA and MDE modules are integrated into all central blocks of the
model, there will be a considerable computational complexity with a massive set of trainable
parameters. Therefore, we just insert those attention modules on specific layers to balance the
overall performance and the complexity. Consequently, we expect the TrajGRU-Attention model
can effectively handle the long-term and irregularly sampled spatiotemporal data to complete the
overall SSP task. Figure 4.8 illustrates the entire TrajGRU-Attention model.
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Figure 4.8: Illustration of TrajGRU-Attention model. In the figure, the encoder and the decoder
use three central and six resampling blocks (layers). In the encoder, MEA modules are inserted
into layer 2 and layer 3. In decoder, while MDA modules are inserted into layer 1 and layer 2.
In addition, the attention states generated by the MEA and the MDE will go in the vertical
direction; thus, they will be the input series of the next layer. In particular, the attention states
generated in the decoder’s bottom layer will be transferred through the zigzag shortcuts. As a
result, central block units can communicate with each other effectively as their distances are
significantly reduced by the zigzag shortcuts and the attention mechanisms.
4.2.5 Trajectory Gated Recurrent Unit Ordinary Differential Equation (TrajGRUODE)
Although the TrajGRU-Attention can handle the irregularly sampled sequence data,
employing multiple MEA and MDA modules might lead to considerable computational
complexity, especially when we build the model with a high number of stacked layers. Therefore,
the TrajGRU-ODE model is proposed with the main objective of processing irregularly sampled
time series and predicting outcomes in the continuous domain.
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From the model structure and architecture perspective, the TrajGRU-ODE is designed the
same way as the TrajGRU-Attention. The main difference between these two models is that the
TrajGRU-ODE blocks replace the combination of TrajGRU blocks and MDE modules as the
center blocks in the decoder. Since the TrajGRU-ODE blocks themselves can generate continuous
hidden states and reconstruct the outcomes at the expected time steps, the MEA modules are
implemented at the encoder to generate the initial representation states. Figure 4.9 illustrates the
entire TrajGRU-ODE model.

Figure 4.9: Illustration of TrajGRU-ODE model. In the figure, the encoder and the decoder use
three central and six resampling blocks (layers). In the encoder, MEA modules are inserted into
layer 2 and layer 3.
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4.2.6 Trajectory Gated Recurrent Unit Attention Ordinary Differential Equation
(TrajGRU-Attention-ODE)
Theoretically, the TrajGRU-ODE model can generate continuous-time sequences; however,
this model may not perform properly when it comes to long-term prediction tasks. Thus, we further
combine the TrajGRU-Attention and TrajGRU-ODE models to design the TrajGRU-AttentionODE. In terms of the structure and architecture, we construct this model in the same way as the
TrajGRU-ODE. For the long-term prediction problem, the TrajGRU-Attention-ODE’s decoder is
also equipped with the MDA modules like the TrajGRU-Attention. Figure 4.10 illustrates the
entire TrajGRU-Attention-ODE model.

Figure 4.10: Illustration of TrajGRU-Attention-ODE model. In the figure, the encoder and
decoder use three central and six resampling blocks (layers). In the encoder, MEA modules are
inserted into layer 2, 3. In decoder, MDA modules are inserted into layer 1, 2.
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Chapter 5:

Experiments

In this chapter, the experiments of proposed models with four spatiotemporal datasets: the
MovingMNIST, MovingMNIST++, HKO-7 and KTH Action, will be presented. The models are
implemented in Python with the help of the Pytorch framework. In addition, we run all the
simulations on a computer with two GPUs, NVIDIA GeForce RTX 3090.
First, the baseline methods used in this work to compare with the proposed models, will be
introduced. Then, we will present the model configuration including the hyperparameters and loss
function. Finally, the models will be trained, validated and tested using the given configuration.

5.1

The baseline

In this thesis, three models are implemented as the baseline models: the ConvGRU, the
TrajGRU, and Vid-ODE. As mentioned in the introduction chapter, both regular and irregular
time-sampling assumptions will be examined on the datasets; thus, ConvGRU and TrajGRU
models cannot use in some cases. For a fair comparison, we use some common hyperparameters
of the ConvGRU, TrajGRU and the proposed models. With the Vid-ODE, we implement the model
with a relatively similar number of learnable parameters compared with the other two baselines.
In addition, the Vid-ODE model parameters are described in [14], and the configurations of the
ConvGRU, TrajGRU are illustrated in Appendix A.

5.2

The proposed method

5.2.1 Model configuration
In this thesis, we will consider two groups of configurations: the first group implemented with
the MovingMNIST and MovingMNIST++ and the second one, with the real-world datasets, the
HKO-7 and KTH Action. The main reason lies in each dataset's general spatiotemporal properties,
which we will present later in this section. Tables 5.1 and 5.2 describe the three proposed models'
overall configurations and important hyperparameters.
As mentioned earlier, we do not want to employ attention mechanisms for all the central layers
of the proposed models because of the computational complexity issue. In tables 5.1 and 5.2, the
proposed systems use the sets of three central layers (i.e., the central blocks) at the encoder and
decoder. In the encoding side of all three models, two MEA modules are implemented at layers 2
and 3. In the decoding side of the TrajGRU-Attention and TrajGRU-Attention-ODE models, two
MDE modules are implemented at layers 2 and 1. To choose these attention mechanism settings,
the TrajGRU-Attention model is tuned using the MovingMNIST data in the scenario where the
numbers of attention modules vary and the other hyperparameters are constant. The detailed
information and result of this tuning process are described in Appendix B. In addition, the training
processes of all models used the early stopping mechanism to obtain the final results.
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Table 5.1 Model configurations of the proposed methods used with the MovingMNIST and
MovingMNIST++
TrajGRU-Attention

Model
TrajGRU – Attention - ODE

TrajGRU – ODE

Common hyperparameters

Common central building blocks
3 TrajGRU blocks at the encoder: the learnable parameters are the same as the baseline TrajGRU
model, as illustrated in Table A.1
Common connection building blocks
3 down-sampling blocks at the encoder and 4 up-sampling blocks at the decoder:
- Learnable weights of down-sampling blocks of the encoder:
((1 × 64 × 3 × 3), (64 × 96 × 3 × 3), (96 × 128 × 3 × 3))
- Learnable weights of up-sampling blocks of the decoder:
((128 × 96 × 4 × 4), (96 × 64 × 4 × 4), (64 × 32 × 3 × 3), (32 × 1 × 1 × 1))
2 MEA blocks inserted at central layer 2 and 3 at the encoder:
- To compute the motion characteristics: all convolutional layers have a kernel size of (1 × 1) (4
convolutional layers for each module) and the numbers of input, output filters: layer 2 (96, 96),
layer 3 (128, 128)); and numbers of input, output filters for the linear layers (1 linear layer for
each module): layer 2 (384, 96), layer 3 (512, 128)).
Zigzag connection shortcut
3 convolutional layers in each part (i.e., the encoder or decoder):
- At the encoder: 𝑾𝑢𝑝𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 (128 × 64 × 4 × 4), 𝑾ℎ (64 × 64 × 3 × 3),𝑾𝑧𝑧 (64 × 64 × 3 × 3)
- At the decoder: 𝑾𝑑𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 (64 × 128 × 4 × 4), 𝑾ℎ (128 × 128 × 3 × 3),𝑾𝑧𝑧 (128 ×
128 × 3 × 3)
Common hyperparameters for the training process
- Batch size: 4
- Maximum number of epochs: 25
- Number of iterations per epoch: 8000
- Optimizer: Adam with learning rate = 10-4 and momentum = 0.9
Central building blocks
3 TrajGRU blocks at the
3 TrajGRU-ODE blocks at the decoder. In the block structure:
decoder: the learnable
- The standard TrajGRU gates (𝑾𝑥 , 𝑾ℎ ): the learnable
parameters are the same as the parameters are the same as the baseline TrajGRU model.
baseline TrajGRU model, as
- The extended TrajGRU gates (𝑾ℎ𝑜𝑑𝑒 , 𝑾𝑑𝑜𝑑𝑒 ):
illustrated in Table 1
• layer 1 ((64 × 192 × 1 × 1), (64 × 192 × 3 × 3)),
• layer 2 ((96 × 288 × 1 × 1), (96 × 288 × 3 × 3)),
• layer 3 ((128 × 384 × 1 × 1), (128 × 384 × 3 × 3)).
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- The ODE solver: 3 layers (i.e., 3 tanh activation layers and 4
convolutional layers with the common kernel size of (3 × 3) and
the numbers of input and output filters are depended on the layer
level). The ODE method is Euler.
Connection building blocks
With the TrajGRU-ODE, the MDA
2 MDA blocks inserted at central layer 2 and 1 of the decoder:
blocks are not used in the decoder.
- To compute the motion characteristics: all convolutional
layers have the kernel size of (1 × 1) and the numbers of input,
output filters: layer 2 (96, 96), layer 1 (64, 64)); the numbers
of input, output filters for the linear layers: layer 2 (384, 96),
layer 3 (256, 64)).
Total number of parameters
7258509

8844685

9857837

Table 5.2 Model configurations of the proposed methods used with the HKO-7 and KTH Action
TrajGRU-Attention

Model
TrajGRU – Attention - ODE

TrajGRU – ODE

Common hyperparameters

Common central building blocks
3 TrajGRU blocks at the encoder: the learnable parameters are the same as the baseline TrajGRU
model, as illustrated in Table A.2
Common connection building blocks
3 down-sampling blocks at the encoder and 4 up-sampling blocks at the decoder:
- Learnable weights of down-sampling blocks of the encoder:
((1 × 96 × 3 × 3), (96 × 96 × 3 × 3), (96 × 128 × 3 × 3))
- Learnable weights of up-sampling blocks of the decoder:
((128 × 96 × 4 × 4), (96 × 96 × 4 × 4), (96 × 32 × 3 × 3), (32 × 1 × 1 × 1))
2 MEA blocks inserted at central layer 2 and 3 at the encoder:
- For computing the motion characteristics: all convolutional layers have a kernel size of (1 × 1) (4
convolutional layers for each module) and the numbers of input, output filters: layer 2 (96, 96),
layer 3 (128, 128)); and numbers of input, output filters for the linear layers (1 linear layer for
each module): layer 2 (384, 96), layer 3 (512, 128)).
Zigzag connection shortcut
3 convolutional layers in each part (i.e., the encoder or decoder):
- At the encoder: 𝑾𝑢𝑝𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 (128 × 96 × 4 × 4), 𝑾ℎ (96 × 96 × 3 × 3),𝑾𝑧𝑧 (96 × 96 × 3 × 3)
- At the decoder: 𝑾𝑑𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 (96 × 128 × 4 × 4), 𝑾ℎ (128 × 128 × 3 × 3),𝑾𝑧𝑧 (128 ×
128 × 3 × 3)
Common hyperparameters for the training process
- Batch size: 4
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- Maximum number of epochs: 25
- Number of iterations per epoch: 8000
- Optimizer: Adam with learning rate = 10-4 and momentum = 0.5
Central building blocks
3 TrajGRU blocks at the
3 TrajGRU-ODE blocks at the decoder. In the block structure:
decoder: the learnable
- The standard TrajGRU gates (𝑾𝑥 , 𝑾ℎ ): the learnable
parameters are the same as the parameters are the same as the baseline TrajGRU model.
baseline TrajGRU model, as
- The extended TrajGRU gates (𝑾ℎ𝑜𝑑𝑒 , 𝑾𝑑𝑜𝑑𝑒 ):
illustrated in Table 1
• layer 1 ((96 × 288 × 1 × 1), (96 × 288 × 3 × 3)),
• layer 2 ((96 × 288 × 1 × 1), (96 × 288 × 3 × 3)),
• layer 3 ((128 × 384 × 1 × 1), (128 × 384 × 3 × 3)).
- The ODE solver: 3 layers (i.e., 3 tanh activation layers and 4
convolutional layers with the common kernel size of (3 × 3) and
the numbers of input and output filters are depended on the layer
level). The ODE method is Euler.
Connection building blocks
With the TrajGRU-ODE, the MDA
2 MDA blocks inserted at central layer 2 and 1 of the decoder:
blocks are not used in the decoder.
- For computing the motion characteristics: all convolutional
layers have a kernel size of (1 × 1) and the numbers of input,
output filters are: layer 2 (96, 96), layer 1 (96, 96)); and
numbers of input, output filters for linear layers: layer 2
(384 ,96), layer 1 (384,96)).
Total number of parameters
9336677

11181413

12583973

5.2.2 The loss function
Generally, the MAE and the MSE are the commonly used loss functions for sequence
prediction tasks. However, many prior studies have mentioned the drawbacks when using those
error functions for the training process. Since they compute the global errors between the output
and ground truth during the process, the system might ignore some local errors. Consequently, the
sharpness of the resulting images decreased significantly, especially with long-term sequence
prediction problems. Therefore, some related research proposed other loss functions instead of
using only a simple MAE or MSE [100]. Therefore, we propose the combination of the MAE,
MSE, and SSIM as the loss function to guide the training process. With the SSIM metric, we
expect the system to take into account the similarity between two sequences by modelling the
image distortion; thus, we can somewhat alleviate the blurry effect. The main formula of proposed
loss function can be derived as

59

𝐿𝑀𝑆𝐸 =

̃ 2
∑𝐾
𝑖=1(𝑿𝑖 −𝑿𝑖 )
𝐾
̃
∑𝐾
𝑖=1|𝑿𝑖 −𝑿𝑖 |

𝐿𝑀𝐴𝐸 =
,
𝐾
𝐿𝑆𝑆𝐼𝑀 = 1 − 𝑆𝑆𝐼𝑀
{𝐿 = 𝑎𝐿𝑀𝑆𝐸 + 𝑏𝐿𝑀𝐴𝐸 + 𝑐𝐿𝑆𝑆𝐼𝑀

(5.1)

̃ 𝑖 ∈ ℝ𝐶×𝐻×𝑊 represent the target and output frames, respectively; 𝑎 = 1, 𝑏 =
where 𝑿𝑖 ∈ ℝ𝐶×𝐻×𝑊 , 𝑿
1, 𝑐 = 0.05 denote the weights of the three elements of the loss function. The weights of the MSE
and MAE are equal and more significant than the SSIM because MSE and MAE are supported to
be the main elements manipulating the global errors, and the SSIM is the supportive factor
impacting the image quality. In addition, the weight c is selected by using the “trial and error”
method (i.e., it is set from 0.01 to 0.1). The comparison between different loss functions is shown
in Table B.2

5.3

Experiments with the MovingMNIST

5.3.1 Dataset
First, we will start with a relatively simple video dataset, the MovingMNIST. Essentially, this
dataset illustrates the movements of the handwriting MNIST digits in 64 × 64 frames.
For data preprocessing, we generate sequences consisting of two random MNIST digits. For
the overall SSP task, we divide each series into two subsequences (i.e., the input and the target)
and then apply the sampling methods in each subsequence. As shown in Figure 1.2, we define four
collections of timestamps representing four different sampling assumptions in Table 5.3. As a
result, the input is ten frames long, and the target is ten frames long. When subsequences are
regularly sampled, the training set contains 10000 sequences, the validation set contains 2000
sequences, and the testing set contains 5000 sequences. Otherwise, the training set contains 32000
sequences, the validation set contains 2000 sequences, and the testing set contains 5000 sequences.
Table 5.3 The configuration of four sampling methods
Sampling
method
Set size
Input interval
Target interval

Regularsampled input
and target
1
[1, 10]
[11, 20]

Irregular-sampled Regular-sampled
input, regularinput, irregularsampled target
sampled target
100
100
[1, 20]
[1, 10]
[21, 30]
[11, 30]

Irregularsampled input
and target
100
[1, 15]
[16, 30]

In Table 5.3, the set size presents the number of distinct collections of time steps, and the input
and target time intervals denote the minimum and maximum time steps for each sampling method.
5.3.2 Results
In this section, we will implement DL sequence-to-sequence models using the MovingMNIST
dataset for four sampling assumptions. In particular, the ConvGRU, the TrajGRU, the Vid-ODE
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and our three proposed models are implemented with the first assumption (i.e., regular-sampled
input and target). For the second sampling assumption (i.e., irregular-sampled input and regularsampled target), we implement the TrajGRU and Vid-ODE to compare with our proposed model.
Finally, we implement the Vid-ODE and our three models in the other two time-sampling scenarios
(i.e., regular-sampled input and irregular-sampled target; irregular-sampled input and target).

Figure 5.1. Prediction results using the MovingMNIST with regular-sampled input and target
sequences.

Figure 5.2. Prediction results using the MovingMNIST with irregular-sampled input and regularsampled target sequences.
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Figure 5.3. Prediction results using the MovingMNIST with regular-sampled input and irregularsampled target sequences.

Figure 5.4. Prediction results using the MovingMNIST with irregular-sampled input and target
sequences.
Some prediction results for the four sampling methods are shown in Figures 5.1, 5.2, 5.3, and
5.4, respectively. To test the models' performance, we use four evaluation metrics: the MSE, MAE,
SSIM and PSNR. Table 5.4 presents their values for the examined models using the
MovingMNIST dataset.
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Table 5.4 Values of evaluation metrics for the models with the MovingMNIST dataset
Sampling assumption: regular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

ConvGRU

80.724

178.22

92.383

21.352

TrajGRU

58. 407

141. 57

94.321

22.943

Vid-ODE

319.31

507.19

70.789

15.014

TrajGRU-Attention

39.621

110.03

96.059

24.955

TrajGRU-ODE

41.552

115.33

95.778

24.614

TrajGRU-Attention-ODE 56.675

141.50

94.263

23.041

Sampling assumption: irregular-sampled input and regular-sampled target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

TrajGRU

97.155

214.89

90.003

19.617

Vid-ODE

344.38

512.66

68.432

14.571

TrajGRU-Attention

56.274

143.18

94.202

23.117

TrajGRU-ODE

60.283

153.94

93.715

22.767

TrajGRU-Attention-ODE 64.399

162.67

93.137

22.436

Sampling assumption: regular-sampled input and irregular-sampled target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

397.76

523.86

67.671

14.045

TrajGRU-Attention

89.525

201.29

90.763

20.821

TrajGRU-ODE

101.93

220.15

89.536

20.235

TrajGRU-Attention-ODE 86.513

194.27

91.121

21.007

Sampling assumption: irregular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

356.27

503.87

69.672

14.526

TrajGRU-Attention

77.288

181.88

91.893

21.541

TrajGRU-ODE

91.014

203.01

90.583

20.744

TrajGRU-Attention-ODE 76.276

180.12

91.952

21.618
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5.3.3 Comments
Overall, the results show that all three proposed models provided better performance than the
ones of the baselines when applied with the MovingMNIST dataset. In particular, the TrajGRUAttention achieved the best performance in the first (i.e., regular-sampled input and target) and
second sampling assumptions (i.e., irregular-sampled input and regular-sampled target). With the
other time-sampling methods, the TrajGRU-Attention-ODE generated the predictions with the
best performance.

5.4

Experiments with the MovingMNIST++

5.4.1 Dataset
Compared to the MovingMNIST dataset, the MovingMNIST++ dataset added more
complicated motion patterns to the MNIST digits, such as random rotations, scale changes, and
illumination changes [1, 2]. Similarly to previous case, we use the same preprocess and sampling
methods to generate the input and target sequences for the training, validation, and testing sets.
Table 5.5 compares the MovingMNIST and MovingMNIST++ used in the thesis.
Table 5.5 Comparison between the MovingMNIST and MovingMNIST++
Dataset
The frame size
The number of digits
The input sequence length
The target sequence length
Motion patterns

MovingMNIST
64 × 64
2
10
10
Motions with constant
speed

Angle of rotation
Scaling range
Illumination range

0°
[1.0,1.0]
[1.0,1.0]

MovingMNIST++
64 × 64
3
10
10
Motions with constant
speed, rotation, scaling,
illumination.
[−30° , 30° ]
[0.9,1.1]
[0.6,1.0]

From the above table, performing the SSP with the MovingMIST++ seems to be more challenging
than with the MovingMNIST.
5.4.2 Results
Similar to the case of the MovingMNIST, the same settings are applied with the
MovingMNIST++. Consequently, some prediction results of the models for the four sampling
methods are shown in Figures 5.5, 5.6, 5.7, and 5.8, respectively. Table 5.6 provides the metric
values of the examined models with the MovingMNIST++ dataset.
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Figure 5.5. Prediction results using the MovingMNIST++ with regular-sampled input and target
sequences.

Figure 5.6. Prediction results using the MovingMNIST++ with irregular-sampled inputs and
regular-sampled target sequences.
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Figure 5.7. Prediction results using the MovingMNIST++ with regular-sampled input and
irregular-sampled target sequences.

Figure 5.8. Prediction results using the MovingMNIST++ with irregular-sampled input and
target sequences.

66

Table 5.6 Values of evaluation metrics for the models with the MovingMNIST++ dataset
Sampling assumption: regular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

ConvGRU

107.88

298.11

75.444

19.836

TrajGRU

92.409

262.75

78.251

20.135

Vid-ODE

369.32

494.41

72.123

14.366

TrajGRU-Attention

78.356

226.17

82.346

21.143

TrajGRU-ODE

90.739

260.53

78.507

20.529

TrajGRU-Attention-ODE 87.851

251.06

80.107

20.749

Sampling assumption: irregular-sampled input and regular-sampled target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

TrajGRU

113.10

307.85

73.162

19.889

Vid-ODE

367.12

497.18

63.123

14.394

TrajGRU-Attention

86.991

255.45

79.562

20.832

TrajGRU-ODE

93.767

274.64

77.573

20.468

TrajGRU-Attention-ODE 100.34

281.01

76.299

20.166

Sampling assumption: regular-sampled input and irregular-sampled target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

368.53

487.75

63.034

14.377

TrajGRU-Attention

143.27

355.28

74.501

18.886

TrajGRU-ODE

142.26

351.41

74.759

18.975

TrajGRU-Attention-ODE 153.35

373.01

71.528

18.453

Sampling assumption: irregular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

378.31

500.56

61.934

14.263

TrajGRU-Attention

112.15

307.61

75.718

19.727

TrajGRU-ODE

111.33

305.14

76.014

19.941

TrajGRU-Attention-ODE 131.65

336.89

72.751

19.014
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5.4.3 Comments
Overall, the results show that all three proposed models provided better performance than the
ones of baseline models. In particular, the TrajGRU-Attention achieved the best performance in
all sampling methods, and the Vid-ODE could not complete the overall SSP task with the
MovingMNIST++. The main reasons leading to the limitations of Vid-ODE’s performance are the
time sampling assumptions and the properties of datasets (e.g., MovingMNIST and
MovingMNIST++). In the paper of the Vid-ODE model, the authors used the concepts of frame
rate that can be fixed at the encoding and decoding parts (e.g., the encoder’s frame rate is 1, and
the decoder’s frame rate is 0.5). In this work, the changing rate of the MovingMNIST,
MovingMNIST++ is relatively higher, and the time intervals between adjacent frames are arbitrary
(i.e., sequences in training, validation, and testing sets are irregularly sampled).

5.5

Experiments with the HKO-7

5.5.1 Dataset
The HKO-7 is a real-world weather radar dataset. In particular, it contains radar echo data
from 2009 to 2015 collected by HKO. The radar reflectivity images, which have a resolution of
480 × 480 pixels, are taken from an altitude of 2 km and cover a 512 km × 515 km area centered
in Hong Kong. The data are recorded every 6 minutes (the minimum time gap is 6-minute), and
hence there are 240 frames per day [1, 2]. In this work, we downsize the HKO-7 dataset to a
resolution of 80 × 80 pixels because of the hardware memory limitations.
For data preprocessing, we choose some rainy days based on the rain barrel information to
generate the training, validation, and testing sets. To be more specific, 812 days are used for
training, 50 days are used for validation, and 131 days are used for testing [1, 2]. Similar to the
previous datasets, we define the input length as ten frames long and the target length as ten frames
long. For the SSP task, two collections of timesteps representing two main sampling assumptions:
the regular-sampled input and target sequences, irregular-sampled input, and target sequences, are
used, as shown in Table 5.3.
5.5.2 Results
In this section, we will implement DL sequence-to-sequence models using the HKO-7 dataset
for two sampling assumptions. In particular, we implement the TrajGRU, Vid-ODE and our three
proposed models for the first sampling assumption (i.e., regular sampled input and target). We
implement the Vid-ODE and our three models to compare the performance for the other sampling
assumption (i.e., irregular-sampled input and target). Some prediction results for the two sampling
methods are shown in Figures 5.9 and 5.10, respectively.
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Figure 5.9. Prediction results using the HKO-7 with regular-sampled input and target sequences.

Figure 5.10. Prediction results using the HKO-7 with irregular-sampled input and target
sequences.
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Table 5.7 Values of evaluation metrics for the models with the HKO-7 dataset
Sampling assumption: regular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

TrajGRU

122.91

390.19

63.341

19.826

Vid-ODE

145.71

493.88

57.517

19.111

TrajGRU-Attention

120.61

386.02

65.853

19.892

TrajGRU-ODE

113.70

375.21

65.901

20.112

TrajGRU-Attention-ODE 125.40

405.78

62.571

19.682

Sampling assumption: irregular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

199.61

609.74

50.025

17.899

TrajGRU-Attention

146.58

440.95

61.962

19.151

TrajGRU-ODE

148.05

441.47

60.611

19.121

TrajGRU-Attention-ODE 150.52

459.71

59.685

19.055

5.5.3 Comments
Overall, the proposed models show some acceptable results compared to the baseline models.
In the case of the irregular-sampled assumption, our proposed models can provide better
performance than the ones of Vid-ODE model. However, the improvements are not clear, and the
sharpness of some predictions is not high, especially with the TrajGRU-Attention-ODE model.

5.6

Experiments with the KTH Action

5.6.1 Dataset
KTH Action is the video database describing six types of human actions: walking, jogging,
running, boxing, hand waving, and clapping [101]. For data preprocessing, we use 255 videos for
training and 144 videos for validating and testing. Similarly to the case of the HKO-7, the input
and target lengths are ten, and the two time-sampling methods are also used for the SSP task.
5.6.2 Results
In this section, DL sequence-to-sequence models using the KTH Action dataset will be
implemented in two sampling assumptions. In particular, we implement the TrajGRU, Vid-ODE
and our three proposed models with the first sampling assumption (i.e., regular-sampled input and
target). We implement the Vid-ODE and our three models to compare the performance for the
other sampling assumption (i.e., irregular-sampled input and target). Some prediction results of
the four sampling methods are shown in Figures 5.11 and 5.12, respectively.
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Figure 5.11. Prediction results using the KTH Action with regular sampled inputs and targets.

Figure 5.12. Prediction results using the KTH Action with irregular sampled inputs and targets.
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Table 5.8 Values of evaluation metrics for the models with the KTH Action dataset
Sampling assumption: regular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

TrajGRU

22.737

183.33

87.981

27.296

Vid-ODE

35.601

224.27

84.675

25.230

TrajGRU-Attention

20.843

175.74

89.432

27.595

TrajGRU-ODE

21.057

174.49

89.759

27.668

TrajGRU-Attention-ODE 20.732

174.19

90.007

27.735

Sampling assumption: irregular-sampled input and target
Model

MSE× 104 (↓)

MAE× 104 (↓) SSIM× 102 (↑)

PSNR(↑)

Vid-ODE

44.902

263.63

83.719

24.388

TrajGRU-Attention

29.598

210.27

87.058

26.043

TrajGRU-ODE

28.645

209.35

87.269

26.156

TrajGRU-Attention-ODE 31.457

224.31

86.623

25.781

5.6.3 Comments
Overall, all three proposed models generate better results than the baseline models when
applied to the KTH Action dataset. Proposed models significantly outperform the Vid-ODE in the
irregular-sampled assumption.
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Chapter 6:

Conclusion and Future Work

In this section, we provide some conclusions for the proposed sequence-to-sequence models for
the overall SSP task and suggest future works.

6.1

Discussion and Conclusion

In this thesis, we examined the overall SSP task whose key idea is the time-sampling
assumption of spatiotemporal datasets. This task can cover regular-sampled and irregular-sampled
spatiotemporal prediction in the discrete domain and even the continuous-time modelling in the
continuous field. Therefore, we designed and proposed three DL-based sequence-to-sequence
models to solve this problem.
In the model designing process, we build our specified ANNs as different blocks to flexibly
modify and put them together regarding our model architecture. Eventually, we can create the
encoder and decoder of the sequence-to-sequence model based on the building blocks and model
architecture. We design the MA (i.e., MEA and MDA) and TrajGRU-ODE blocks to build the
ability to extract features at arbitrary timestamps. In particular, the MA blocks help the system
pays more attention to certain parts of the previous states and capture elements at the given time
steps based on the motion characteristics. The TrajGRU-ODE employs the numerical integrator to
generate continuous hidden forms representing features in the continuous space.
In the encoding-decoding structure, we can insert the MA blocks into both parts (i.e., the
encoder and decoder) so that the encoder and decoder can handle the irregular-sampled sequences.
In contrast, the TrajGRU-ODE cannot be inserted in the encoder because it requires the initial
state. Therefore, the TrajGRU-ODE can replace the MDE in the decoder but not the MEA in the
encoder.
To evaluate the performance of the proposed models, we use four spatiotemporal datasets: the
MovingMNIST, MovingMNIST++, HKO-7, and KTH Action. The MovingMNIST is one of the
most widely used video datasets for the SSP tasks. Compared to the MovingMNIST, the
MovingMNIST++ has more complicated spatiotemporal properties due to some transformation
effects. Besides those two datasets, the HKO-7 and KTH Action are real-world datasets. The HKO7 contains the weather radar reflectivity images, and KTH Action includes videos presenting
different human actions. In addition, the background of all four datasets is static over time. When
the background is chaotic, the preprocessing and denoising methods might be required to maintain
the overall performance of the models.
All three models can perform the overall SSP task with all four datasets. Moreover, our models
can achieve a promising performance in specific scenarios compared to the baseline models (i.e.,
the ConvGRU, TrajGRU, Vid-ODE). Based on the experiments, we can summarize some essential
advantages as follows.
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1)

2)

3)

4)

First, our proposed models (i.e., TrajGRU-Attention, TrajGRU-ODE, TrajGRUAttention-ODE) made better predictions than the baseline models (i.e., ConvGRU,
TrajGRU, Vid-ODE) when using the MovingMNIST, MovingMNIST++, and KTH
Action for all time-sampling assumptions. Our models significantly outperform the VidODE with the irregular time-sampling assumption. To further demonstrate the models'
performance, we show the learning curves during the training and validating processes
with the MovingMNIST and KTH Action in Figures C.1, C.2, C.3, and C.4
In the experiments with the MovingMNIST, the TrajGRU-Attention shows the best
performance when the target sequence is regularly sampled, and the TrajGRUAttention-ODE shows the best performance in the case where the target sequence is
irregularly sampled. However, in the experiments with the MovingMNIST++, while
TrajGRU-Attention still offers the best performance when the target sequence is
regularly sampled, the TrajGRU-ODE yields the best performance in the case where the
target sequence is irregularly sampled but not TrajGRU-Attention-ODE.
In the experiments with the HKO-7, the TrajGRU-ODE shows the best performance
when the sequences are regularly sampled, and the TrajGRU-Attention shows the best
performance when the sequences are irregularly sampled.
In the experiments with the KTH Action, the TrajGRU-Attention shows the best
performance when the sequences are regularly sampled, and the TrajGRU-ODE shows
the best performance when the sequences are irregularly sampled.

Besides those advantages, we can conclude some main observations and drawbacks of our
models as follows
1)
2)
3)
4)

6.2

In the experiments with the HKO-7 and KTH Action, when the sequences are regularly
sampled, the proposed models' improvements are not clear.
By comparing advantages 2, 3, and 4, we can conclude that the NODE techniques are
not stable to some degree and rely heavily on the data change rates.
The TrajGRU-Attention-ODE model does not meet the expectations in some scenarios
where it does not perform the SSP task as effectively as the other two models.
Finally, applying the attention mechanisms and NODE in the RNN models will increase
the number of trainable parameters, leading to a considerable computational complexity.

Future work

Despite some promising results of our models, there is still room for further improvement in
our system and some issues were also identified during the experiments. First, the NODE
technique is still in the preliminary stages of development and investigation, and we can further
optimize its ability for the SSP task. Second, the attention mechanism has been getting more
attention in recent years, and there are several types of mechanisms that we can try and adjust
regarding the requirements of the problem. Furthermore, the combination of attention mechanisms
and NODE is very promising since our models, TrajGRU-ODE, and TrajGRU-Attention-ODE,
can perform the SSP task effectively in some instances.
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Appendix A The baseline model configuration
Table A.1 Model configurations of the ConvGRU and TrajGRU used with the MovingMNIST
and MovingMNIST++
Models
ConvGRU

TrajGRU
Common hyperparameters
Common connection building blocks
- 3 down-sampling blocks at the encoder and 4 up-sampling blocks at the decoder
- Learnable weights of down-sampling blocks:
((1 × 64 × 3 × 3), (64 × 96 × 3 × 3), (96 × 128 × 3 × 3))
- Learnable weights of up-sampling blocks:
((128 × 96 × 4 × 4), (96 × 64 × 4 × 4), (64 × 32 × 3 × 3), (32 × 1 × 1 × 1))
Common hyperparameters for the training process
- Batch size: 4
- Baximum number of iterations: 200000
- Optimizer: Adam with learning rate = 10-4 and momentum = 0.5
Central building blocks
3 ConvGRU blocks at the encoder and 3
3 TrajGRU blocks at the encoder and 3 TrajGRU
ConvGRU blocks at the decoder:
blocks at the decoder:
- Learnable input-to-state weight 𝑾𝑥 : layer 1
- Learnable input-to-state weight 𝑾𝑥 : layer 1
(64 × 192 × 3 × 3); layer 2 (96 × 288 × 3 × (64 × 192 × 3 × 3); layer 2 (96 × 288 × 3 ×
3); layer 3 (128 × 384 × 3 × 3)
3); layer 3 (128 × 384 × 3 × 3)
(Note that 𝐶𝑖 = 3 ∗ 𝐶𝑜 because there are three
- Learnable state-to-state weight 𝑾ℎ : layer 1
(64 × 192 × 𝐿1 × 𝐿1 ); layer 2 (96 × 288 ×
distinct state flows (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ))
- Learnable state-to-state weight 𝑾ℎ : layer 1
𝐿2 × 𝐿2 ); layer 3 (128 × 384 × 𝐿3 × 𝐿3 );
(64 × 192 × 3 × 3); layer 2 (96 × 288 × 3 × with 𝐿1 = 𝐿2 = 𝐿3 = 9
- Learnable weights of the spatial transformer
3); layer 3 (128 × 384 × 3 × 3)
modules: each module contains three
convolutional layers with a common kernel size
of (3 × 3) and the numbers of input and output
filters are: layer 1 (64,64); layer 2 (96,96);
layer 3 (128,128)
Total number of parameters
3695553
4859181
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Table A.2 Model configurations of the ConvGRU and TrajGRU used with the HKO-7 and KTH
Models
ConvGRU

TrajGRU

Common hyperparameters
Common connection building blocks
- 3 down-sampling blocks at the encoder and 4 up-sampling blocks at the decoder
- Learnable weights of down-sampling blocks:
((1 × 96 × 3 × 3), (96 × 96 × 3 × 3), (96 × 128 × 3 × 3))
- Learnable weights of up-sampling blocks:
((128 × 96 × 4 × 4), (96 × 96 × 4 × 4), (96 × 32 × 3 × 3), (32 × 1 × 1 × 1))
Common hyperparameters for the training process
- Batch size: 4
- Maximum number of epochs: 25
- Number of iterations per epoch: 8000
- Optimizer: Adam with learning rate = 10-4 and momentum = 0.9
Central building blocks
3 ConvGRU blocks at the encoder and 3
3 TrajGRU blocks at the encoder and 3 TrajGRU
ConvGRU blocks at the decoder:
blocks at the decoder:
- Learnable input-to-state weight 𝑾𝑥 : layer 1
- Learnable input-to-state weight 𝑾𝑥 : layer 1
(96 × 288 × 3 × 3); layer 2 (96 × 288 × 3 × (96 × 288 × 3 × 3); layer 2 (96 × 288 × 3 ×
3); layer 3 (128 × 384 × 3 × 3)
3); layer 3 (128 × 384 × 3 × 3)
(Note that 𝐶𝑖 = 3 ∗ 𝐶𝑜 because there are three
- Learnable state-to-state weight 𝑾ℎ : layer 1
(96 × 288 × 𝐿1 × 𝐿1 ); layer 2 (96 × 288 ×
distinct state flows (𝑾𝑥𝑧 , 𝑾𝑥𝑟 , 𝑾𝑥ℎ ))
- Learnable state-to-state weight 𝑾ℎ : layer 1
𝐿2 × 𝐿2 ); layer 3 (128 × 384 × 𝐿3 × 𝐿3 );
(96 × 288 × 3 × 3); layer 2 (96 × 288 × 3 × with 𝐿1 = 𝐿2 = 𝐿3 = 11
- Learnable weights of the spatial transformer
3); layer 3 (128 × 384 × 3 × 3)
modules: each module contains three
convolutional layers with a common kernel size
of (3 × 3) and the numbers of input and output
filters are: layer 1 (96,96); layer 2 (96,96);
layer 3 (128,128)
Total number of parameters
4367553
6166853
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Appendix B Additional Information of the proposed models
Table B.1 illustrates the resulting evaluation metrics of the TrajGRU-Attention model with
different attention settings when training and evaluating with the MovingMNIST dataset. For
instance, when the encoder uses the attention module at its central layer 3 and the decoder uses the
attention module at its central layer 3, we abbreviate this setting as “en_a3_de_a3”.
Table B.1 Comparison between different settings of the TrajGRU-Attention model when using
the MovingMNIST
Setting
en_a3_de_a3
en_a2_de_a2
en_a1_de_a1
en_a23_de_a32
en_a23_de_a21
en_a123_de_a321

MSE× 104 (↓)
61.812
62.112
58.423
53.712
49.632
60.832

MAE× 104 (↓)
151.23
156.12
150.23
136.34
131.32
145.23

SSIM× 102 (↑)
93.782
93.712
93.961
94.661
94.941
93.921

PSNR(↑)
22.592
22.553
22.854
23.335
23.733
22.922

Based on Table B.1, the setting “en_a23_de_a21” shows the best results in all four metrics so that
we choose this setting to design the proposed models.
Table B.2 illustrates the resulting evaluation metrics of the TrajGRU model with different loss
functions when training and evaluating with the MovingMNIST dataset.
Table B.2 Comparison between different loss functions of the TrajGRU model when using the
MovingMNIST
Loss function
TrajGRU (MSE)
TrajGRU (MSE
+ MAE)
TrajGRU (our
loss function)

MSE× 104 (↓)
61.212
69.223

MAE× 104 (↓)
176.23
167.43

SSIM× 102 (↑)
92.013
92.032

PSNR(↑)
22.353
22.064

61.932

153.34

93.894

22.734

Based on Table B.2, our proposed loss function helps the model generate the results with the best
evaluation metrics, so we choose this loss function as the standard function to train all the models
(i.e., the proposed and baseline models).
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Appendix C Additional information for the comparison of
models
For the training process, the number of epochs is set to 25 for all algorithms, and the initial learning
rate of the Adam optimizer is set to 10-4. The early stopping mechanism is applied to obtain the
final collection of trainable parameters so that the system attempts to stop training when the
validation loss continues to increase during two epochs in a row. Although this setting allowed the
models to generate results with relatively high accuracy, it is not optimal. First, it is not a
reasonable comparison because not all learning curves of the proposed models are converged. For
instance, in the case of the MovingMNIST dataset, Figures C.1 and C.2 show that the learning
curves of the proposed models (i.e., the TrajGRU-Attention, TrajGRU-ODE, and TrajGRUAttention-ODE) have not yet converged after 25 training epochs. Therefore, we can improve the
performance extending the number of training epochs. Second, the initial learning rate needs to be
tuned to optimize the training process of a specific model.

Figure C.1 Learning curves of models using the MovingMNIST with regular sampling
assumption at both the encoder and decoder: (a) Training learning curve, (b) validation learning
curve.
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Figure C.2 learning curves of models using the MovingMNIST with irregular sampling
assumption at both the encoder and decoder: (a) training learning curve, (b) validation learning
curve.

Figure C.3 Learning curves of models using the KTH Action with regular sampling assumption
at both the encoder and decoder: (a) training learning curve, (b) validation learning curve.
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Figure C.4 Learning curves of models using the KTH Action with irregular sampling
assumption at both the encoder and decoder: (a) training learning curve, (b) validation learning
curve.
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