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Abstract

Multitask learning is a model that is able to solve several machine learning models by only

using a single framework. Designed to enhance the performance of machine learning by

simultaneously sharing useful information across multiple tasks, this model works by com-

bining with other models. Neural networks are the most common model used to combine

with multitask learning. By integrating multitask learning with the high computational power

of neural networks, their performance can be improved.

The combination of neural networks and multitask learning can increase the effectiveness

of the resulting models by augmenting the training set and by using different datasets for

related tasks. Because the model has to learn shared information for multiple tasks, there is

a lower possibility of overfitting. Another advantage of multitask learning is that it will cut

down the number of networks that need to be trained, optimised, and evaluated. Therefore,

multitask learning would be more cost effective in terms of computational resources. In the

industrial world, this plays an important role in cost-saving when dealing with deep neural

networks.

Even though this model offers promising results, multitask learning has two significant draw-

backs. The first issue is that this model often suffers from negative transfer, or one of the

tasks in the multitask learning result is worse than singletask learning. Another problem is

that the loss gap between tasks is large or the loss distribution is unequal, and this happens

because certain tasks are too dominant and degrade the other tasks.

This study experiments with four novel multitask learning models to find the model that

can deliver better accuracy than singletask learning, avoid negative transfer, and manage

to balance errors between tasks. All models employ nonlinear models and recurrent neural

networks to build multitask learning frameworks.
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The first model is multitask learning with hard parameter sharing and a non-deep neural

network approach. This model improves forecasting accuracy and does not suffer from neg-

ative transfer and unequal loss distribution. The second and third models we created are

multitasked learning with mixed and soft parameter sharing techniques. Both models are

able to improve the accuracy and avoid negative transfer. The last model is gated multitask

learning. This model also successfully improves forecasting accuracy and does not suffer

from negative transfer.

In this work, multitask learning was also experimented without applying a nonlinear model.

The same four models previously mentioned were used, but a nonlinear model was not ad-

ded. The proposed model without a nonlinear model gives varying results. Some models

outperformed singletask learning, but all failed to prevent negative transfer.

The results obtained from comparing multitask learning with a nonlinear model and without

a nonlinear model show that the nonlinear model proved more effective than the model

without applying a nonlinear model. All four proposed multitask learning models with a non-

linear model solved all the multitask learning issues, while those without a non-linear model

only overcame one.

xiv



Contents

Chapter 1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Challenge on Building Multitask Learning model . . . . . . . . . . . . . . . . . . . . 3

1.3 Aim and Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Research Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.5 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.6 Research Outputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

Chapter 2 Background and Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1 Multitask Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2 Recurrent Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.1 Long-Short Term Memory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.2 Gated Recurrent Unit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.3 Bidirectional LSTM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 The Nonlinear Auto Regressive with Exogenous Inputs Model . . . . . . . 12

2.4 The Nonlinear Autoregressive Moving Average Model with Exogenous

Inputs Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.5 Convolutional Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.5.1 Extreme Inception . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

xv



2.6 Mixture of Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.6.1 Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.7 Time Series . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.8 Review on Designing Multitask Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.8.1 Hard Parameter Sharing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.8.2 Soft Parameter Sharing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.8.3 Non-Deep Multitask Learning Model . . . . . . . . . . . . . . . . . . . . . . . 23

2.8.4 Gated Multitask Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

Chapter 3 Hard Parameter Sharing Multitask Learning using Non-Linear

Autoregressive Models and Recurrent Neural Networks . 29

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Tide Level Forecasting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3.1 Multitask RNN model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3.2 Multitask NARX RNN model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3.3 Multitask NARMAX RNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.4 Metrics Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.1 Data Set 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.1.1. Parameters Setting . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.1.2. Results and Discussion NARX Model . . . . . . . . . . . . . . 40

3.4.1.3. Results and Discussion NARMAX LSTM Model . . . . . . . . 44

3.4.1.4. Comparison Between NARX LSTM and NARMAX LSTM . . . 47

3.4.1.5. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

xvi



3.4.2 Data Set 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.4.2.1. Parameters Setting . . . . . . . . . . . . . . . . . . . . . . . 49

3.4.2.2. Results and Discussion . . . . . . . . . . . . . . . . . . . . . 49

3.4.2.3. Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.4.2.4. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

Chapter 4 Attention Soft Parameter Sharing Multitask Learning using
Nonlinear Autoregressive Moving Average Model with Exo-
genous Inputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.2 Significant Wave Height Forecasting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.3.1 Soft Parameter Sharing Network Architecture . . . . . . . . . . . . . . . 59

4.3.2 Mixed Paramter Sharing Network Architecture . . . . . . . . . . . . . . 59

4.3.3 Data Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.4.2 Input Network Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.4.3 Training Setting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.5 Results and Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.5.1 Input Network Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.5.2 Mixed and Soft Parameter Sharing Performance . . . . . . . . . . . . 65

4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

Chapter 5 Gated Multitask Learning with Nonlinear Autoregressive Mov-

ing Average Model with Exogenous Inputs . . . . . . . . . . . . . . 69

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

xvii



5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.2.1 Experts Networks Input Distribution . . . . . . . . . . . . . . . . . . . . . . . . 70

5.2.2 Gated Multitask Learning with NARMAX Model . . . . . . . . . . . . . . 70

5.2.3 Model Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.4.1 Experts Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.4.2 Optimal Block Size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.4.3 Gated Multitask Learning Performance . . . . . . . . . . . . . . . . . . . . . 77

5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

Chapter 6 Conclusions and future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .81

6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

6.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

References References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

Appendix A Paper 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

Appendix B Paper 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

Appendix C Paper 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

xviii



1
Introduction

In this chapter, we describe the motivation and goals of this thesis and set the stage for

the research presented in the following chapters. First, we present the study’s background

and motivation. Then, we state the research aims and objectives. Finally, we give research

contributions, thesis outlines, and a list of publications.

1.1. Background and Motivation

Machine learning provides an important tool for solving real-life modeling problems. The two

most popular machine learning problems to be solved are forecasting and classification. Tra-

ditional forecasting and classification models based on neural networks are usually designed

for a singletask, which ignores the source of knowledge or information from other related

tasks. These modeling tasks are usually solved separately by choosing a specific technique to

find optimal solutions. Such a modeling approach is called singletask learning. The singletask

learning method can only give one forecast or classification result using an available model;

it requires fine-tuning other models in cases where there is a need to produce different results

for a similar or related task. However, in certain cases, it is possible to simultaneously deal

with several tasks/problems by exploiting the information and knowledge from other similar

and related tasks [1, 2]. Such an approach is called Multitask Learning. The term multitask
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describes a single model that can be used to conduct two or more tasks simultaneously [3].

The multitask learning model attempts to share useful information across tasks in parallel.

The goal of multitask learning is to leverage information in various learning tasks to improve

the model generalization performance [3, 4]. An effective multitask learning model is where

the tasks are closely associated because it will make it more efficient while sharing data and

knowledge[4].

From this perspective of performance generalization, the high computational capacity of

deep neural networks can be combined with multitask learning to improve its performance.

This approach has been widely applied in numerous areas of science and engineering [2,

5]. One of the benefits of neural networks is their capability to perform various data sets

and endpoints concurrently. Caruana [6] argued that neural networks are suitable for mul-

titask learning problems because neural networks can learn hidden information from the

data shared between multiple tasks [3, 7]. The basic idea of combining neural networks with

multitask learning is as follows: the neural networks hidden layer is shared by all tasks (tar-

gets/outputs); the training or learning process for all tasks is implemented in parallel; some

hidden nodes may be specially designed for a specific task; add auxiliary output nodes for

auxiliary tasks [8, 9].

Deep neural networks integrated with multitask learning offer different solutions by jointly

sharing information from all tasks. The networks then train together in the shared layer, and

the outcomes from different tasks are attained through different outputs [3, 7]. By sharing

particular layers in the training process and multiple tasks simultaneously, deep neural net-

works can reduce latency during inference and give better performance results compared to

singletask learning [10]. The combination of multitask learning and neural networks can also

increase the effectiveness of the resulting models by augmenting the training set and using

different datasets for related tasks. Because the model has to learn shared information for

multiple tasks, there is a lower possibility of overfitting [11]. Another advantage of multitask

learning is that it reduces the number of networks that need to be trained, optimized, and

evaluated. Therefore, multitask learning would be more cost-effective in terms of compu-

tational resources. In the industrial world, this plays an important role in cost-saving when

dealing with deep neural networks [3].

Various deep neural networks models have been proposed and explored to improve the ac-

curacy of the multitask learning results. One of the most popular approaches is to combine

neural networks with other models. Two promising models that can be mixed with deep

neural networks are the nonlinear autoregressive with exogenous input model (NARX) and

the nonlinear autoregressive moving average with exogenous input model (NARMAX). NARX
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and NARMAX have been widely applied to complex system identification and modeling [12].

Over the past years, NARX and NARMAX models have been applied to singletask learning,

and deep neural networks have been introduced to solve multitask learning problems, but

relatively few works have been done to combine nonlinear model autoregressive models and

deep neural networks, and applied them to multitask learning.

1.2. Challenge on Building Multitask Learning model

Despite numerous advantages and important progress, optimizing multitask learning to achieve

higher performance and more efficiency than singletask learning remains challenging.

The first challenge is to design multitask learning Neural Networks Architecture [1, 2, 4].

Searching for an optimal architecture or designing a multitask neural network architecture

that shares only the relevant features across the tasks and keeps the remaining ones task-

specific can be exhaustive and computationally expensive. The model performance may be

better on average overall tasks using the multitask learning setting, but for some particular

tasks, because they are not closely related, multitask learning may produce unsatisfactory

performance compared to the independently trained model or singletask learning. Such a

detrimental effect on multitasking learning performance is called negative transfer.

The second challenge is the loss function [1, 2]. This problem is related to how to balance

loss between tasks. Because multitask learning involves jointly minimizing a set of loss func-

tions for various problems with different difficulty levels and characteristics. A multitask loss

function should be able to treat all tasks equally without acknowledging one or more specific

tasks to be more important than another.

The third challenge is implementing multitask learning in areas not previously studied in

depth. Most prior study cases related to multitask learning are focused on solving specific

classification tasks. The literature on multitask learning that can solve forecasting tasks is little

studied.

1.3. Aim and Objectives

The aim of this thesis is to develop and formulate a novel multitask learning model based on

machine learning and non-linear models to solve the forecasting problem for oceanic data.
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Objectives of this thesis are summarised as follows:

a) Design, develop, and implement a novel multitask learning model using nonlinear

system identification based on the nonlinear Autoregressive Moving Average Model

with Exogenous Inputs (NARMAX) that can solve negative transfer and loss balanced

between tasks in multitask forecasting.

b) The development of a novel multitask learning model using the Mixture of Experts

model involves: (1) Identification of a Mixture of Experts using NARMAX model based

on traditional neural network model (2) Advanced neural network model hybrid with

a Mixture of Expert and NARMAX

c) Carry out an analysis of the effect of nonlinear system identification based on

the NARMAX model in the multitask learning model. A comparison of proposed

multitask learning models to forecasting problems built with and without NARMAX.

1.4. Research Contributions

The prime contributions gathered throughout the development of this project are summarised

below:

a) A novel multitask learning model that can perform several forecast tasks using a

single model.

b) A comparison of, and contrast between, the nonlinear multitask learning and the

linear multitask learning approach for the forecasting problem. For this nonlinear

multitask learning system, we observed that the multitask learning employed with

NARMAX is the most effective solver.

c) Proved that a combination of NARMAX, neural networks, and multitask learning

can improve forecasting performance, avoid negative transfer and unequal loss

distribution.

1.5. Thesis Outline

The structure of this thesis, along with research contributions, is presented below:

4 Chapter 1: Introduction



Chapter 2 reviews the fundamental concept of multitask learning. A brief review of ma-

chine learning and the system identification approach to build and develop multitask learn-

ing is provided. The approaches of machine learning are summarised into three models: (i)

multitask learning based on Hard Parameter Sharing, (ii) multitask learning based on Soft

Parameter Sharing, and (iii) multitask learning based on a Mixture of Experts (MoE).

Chapter 3 A hard parameter sharing multitask learning using NARX and NARMAX based on

RNN is proposed. The work presented in this chapter has been published in [13–15].

Chapter 4 presents a novel model of multitask learning by applying soft parameter sharing

and NARMAX.

Chapter 5 presents a novel multitask learning model by applying the MoE model. The MoE

with convolutional neural networks and NARMAX. A new approach to forecasting is proposed.

Chapter 6 draws the conclusion, summarising its findings and recommending some ideas

for further research to improve and extend the proposed models.

1.6. Research Outputs

The materials from Chapter 3 have been adopted for the following paper (published):

Nerfita Nikentari and Hua-Liang Wei. ‘Tide Level Prediction Using NARX-based Recurrent

Neural Networks’. In: 2022 27th International Conference on Automation and Computing

(ICAC). 2022, pp. 1–6 (cit. on p. 4).

Nerfita Nikentari and Hua-Liang Wei. ‘Multitask Learning for Time Series Forecasting Using

NARMAX-LSTM’. In: 2022 27th International Conference on Automation and Computing (ICAC).

2022, pp. 1–6 (cit. on p. 4).

N. Nikentari and H.-L. Wei. ‘Multitask learning using non-linear autoregressive models and

recurrent neural networks for tide level forecasting’. In: International Journal of Electrical and

Computer Engineering (IJECE) 14.1 (Feb. 2024). Publisher: Institute of Advanced Engineering

and Science, pp. 960–970 (cit. on p. 4).
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2
Background and Literature Review

The aim of this chapter is to present a theoretical background on multitask learning, neural

networks, mixture of experts and also give a detailed review of designing multitask learning.

The chapter will primarily discuss models or frameworks that will be used to combine with

multitask learning.

2.1. Multitask Learning

Multitask learning is a machine learning approach for simultaneously solving and learning

multiple tasks that are related to each other by sharing knowledge among the tasks. Multi-

task learning, also called learning with auxiliary tasks, jointly learns and learns to learn [1].

The auxiliary tasks are expected to help the main task train or learn its tasks by supplying

knowledge and representation [2]. The definition of multitask learning is as follows:

Given 𝐾 learning tasks where the subset of the tasks or all the tasks are related but not exactly

alike, multitask learning aims to improve the learning of a model by using the information in

the m tasks.

Multitask learning can be seen as a machine learning way to mimic the activity of how hu-

mans learn. The information or knowledge that we acquire from somewhere can often be

transferred to and/or used elsewhere. For instance, skills learned from a sports activity can

usually applied to another sport, such as skills learned in squash and tennis can benefit each
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other [1, 2, 16]. Multitask learning is useful for dealing with a data modeling problem under

the following scenario: a set of tasks have commonalities between each other; therefore,

the model for each task could gain advantages by sharing knowledge across the tasks than

training then independently [1, 2].

Multitask learning has been implemented using many machine learning models. One of the

most popular approaches used is neural networks. In earlier research on multitask learning,

the neural network model used was feed-forward neural networks. Later, complex neural

network models like recurrent neural variants such as Long Short Term Memory and Gated

Recurrent Neural Networks are implemented. Nowadays, most research focuses on more

advanced models like Convolutional Neural Networks (CNN). CNN, combined with multitask

learning, proved to be effective in solving many multitask problems.

Gated Multitask Learning is another machine learning model that can be used to solve multi-

task learning problems. This model ensembles several experts and employs a gate to choose

the best input for each expert. Inspired by the mixture of experts, gated multitask learning

implements this model by using more than one gate to accommodate the number of tasks

to be solved.

2.2. Recurrent Neural Network
Recurrent Neural Network (RNN) is a neural network model that handles input as sequential

data. As an improvement of the classic feedforward neural network, RNN has the ability to

handle variable length data sequentially, where the output from the previous step is treated

as an input for the current step. Because of this, RNN can leverage information from previous

input, and this condition is referred to as a network that has memory. This memory feature

in RNN is represented as a hidden state in RNN architecture [17, 18]. Another unique RNN

capability is RNN in certain steps sharing the same weights while feedforward neural networks

have independent weight for every input feature [18]. The architecture of the RNN is shown

in Figure. 2.1.

Formally, the RNN can be expressed as follows:

ℎ𝑡 = 𝜎(𝑊𝑥ℎ𝑋𝑡 +𝑊ℎℎℎ𝑡−1 + 𝑏ℎ) (2.1)

𝑦𝑡 = (𝑊ℎ𝑦𝑋𝑡 + 𝑏𝑦) (2.2)

where ℎ𝑡 denote the hidden state, 𝜎 is activation function,𝑊 represent weight matrix (eg. 𝑊𝑥

is weight connecting input 𝑥 to hidden layer ℎ), 𝑏 represent bias vector. Common choices for

activation functions are rectified linear units (ReLU), hyperbolic tangent functions, and sigmoid
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Figure 2.1.: Recurrent Neural Network Architecture

functions.

Despite having good features, RNN suffers from exploding gradients and vanishing gradients.

Exploding gradient is a condition where a slight change in the norm of gradient during

training causes the gradient of the loss function to become locally large or explode [17, 18].

Vanishing gradients arise when norm of gradient propagated over many layers, it likely to

vanish or went to norm 0. The washout gradient makes RNN difficult to handle the long-term

dependencies [17, 19].

2.2.1 Long-Short Term Memory

To address the exploding gradient and vanishing gradients problems, Hochreiter and Schmidhuber

[20] created Long-Short Term Memory (LSTM) RNN. In order to enable RNN to learn or handle

long-term dependencies, LSTM added a cell called the memory cell. This cell is able to store

or forget the information from input [21]. This additional cell has three gates: forget gates,

input gates, and output gates. The forget gates was originally composed by Gers et.al [22].

LSTM architecture is shown in Figure. 2.2.

The forget gate manages the input to be removed/forgotten or to be preserved. The equation

of forgetting gate 𝑓𝑡 can be expressed by

𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1, 𝑥𝑡] + 𝑏ℎ) (2.3)

The input gate is in charge of whether input information would be added to the memory cell

or not. This gate manages the information through two layers: a sigmoid layer and a tanh

layer. The equation for these two layers is as follows:

𝑖𝑡 = 𝜎(𝑊𝑖 .[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2.4)
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Figure 2.2.: Long-Short Term Memory Architecture

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 .[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (2.5)

The output from these two layers then becomes updated for network memory. The equation

of updated memory can be expressed by

𝐶𝑡 = 𝑓𝑡 ∗ 𝑡𝐶𝑡−1 + 𝑖𝑡 ∗ 𝑐𝑡 (2.6)

where 𝑓𝑡 is the result of the forget gate, which is a value between 0 and 1, where 0 indicates

completely getting rid of the value, whereas one implies completely preserving the value.

The output gate decides to update the output. Among the formulas,𝑊 represents the weight

parameter, and the subscript of W (𝑊𝑓 ,𝑊𝑖 ,𝑊𝑐 ,𝑊𝑜 ) can be denoted as the corresponding

gate, and 𝑏 denotes the bias parameter. The 𝜎 represents the sigmoid function, and the 𝑡𝑎𝑛ℎ

is the hyperbolic tangent function. The formulas to compute the output can be represented

by the following:

𝑜𝑡 = 𝜎(𝑊𝑜 .[ℎ𝑡−1, 𝑥𝑡] + 𝑜𝑖) (2.7)

ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡) (2.8)

2.2.2 Gated Recurrent Unit

One of the LSTM weaknesses is the computation time quite extensive [18]. To solve this

problem, Cho et al. [23] designed a Gated Recurrent Unit (GRU) by simplifying LSTM. GRU

modified the LSTM structure by combining the forget gate and input gate. Because the

network has fewer gates, the network needs less training time [18, 24, 25]. This model only
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uses two gates: 𝑧𝑡 represents the update gate, and 𝑟𝑡 represents the reset gate. The GRU

structure is illustrated in Figure 2.3.

Figure 2.3.: Gated Recurrent Unit Architecture

GRU is implemented by applying the following equations:

𝑧𝑡 = 𝜎(𝑊𝑧 .[ℎ𝑡−1, 𝑥𝑡]) (2.9)

𝑟𝑡 = 𝜎(𝑊𝑟 .[ℎ𝑡−1, 𝑥𝑡]) (2.10)

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊.[𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡]) (2.11)

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 (2.12)

The input and memory information at time 𝑡 are 𝑥𝑡 and ℎ𝑡 , respectively. The 𝑊 denotes

the weight parameter, and the subscript of W (𝑊𝑧 ,𝑊𝑟 ) can be denoted as the corresponding

gate.

2.2.3 Bidirectional LSTM

The original concept of Bidirectional LSTM (BiLSTM) comes from bidirectional RNN [26]. Sim-

ilar to LSTM, BiLSTM also uses forward and backward directions. The difference is that BiLSTM

uses forward and backward at the same time or simultaneously. BiLSTM is able to do this

by building two LSTM layers, the first layer for forward and the other one for backward.

The backward and forward LSTM was proposed to overcome the limitation of LSTM that was

only able to absorb previous information but failed to gain future information [27–29]. The
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Figure 2.4.: The unfolded architecture of three layers BiLSTM. Reprinted from [31]

final output of BiLSTM is the concatenation of forward and backward layers [29, 30]. The

unfolded architecture of the two-layer BiLSTM network is shown in Figure.2.4.

−→
ℎ𝑡 =
−−−−−→
𝐿𝑆𝑇𝑀(ℎ𝑡−1, 𝑥𝑡) (2.13)

←−
ℎ𝑡 =
←−−−−−
𝐿𝑆𝑇𝑀(ℎ𝑡+1, 𝑥𝑡) (2.14)

where
−→
ℎ𝑡 represent forward layer and

←−
ℎ𝑡 represent the backward layer.

2.3. The Nonlinear Auto Regressive with Exogenous Inputs

Model
The Nonlinear Auto Regressive with Exogenous Inputs (NARX) model is a nonlinear identific-

ation model that uses lagged inputs and outputs to represent the system behavior. NARX

model is a special case of the nonlinear autoregressive moving average model with exogen-

ous inputs (NARMAX) model that does not contain lagged noise variables [12]. For a single

input, singletask learning system, NARX model can be formulated as:

𝑦(𝑡) = 𝑓 (𝑦(𝑡 − 1), ..., 𝑦(𝑡 − 𝑛𝑦), 𝑢(𝑡 − 𝑑), 𝑢(𝑡 − 𝑑 − 1), ..., 𝑢(𝑡 − 𝑑 − 𝑛𝑢)) + 𝑒(𝑡) (2.15)

where 𝑦(𝑡), 𝑢(𝑡) and 𝑒(𝑡) are the system output, input, and noise, respectively; 𝑛𝑦 , 𝑛𝑢 , 𝑛𝑒
are the maximum lags in the output, input, and noise; 𝑓 (.) is a nonlinear function, and 𝑑 is a

time delay which is typically set to be 𝑑 = 0 or 𝑑 = 1. For multitask learning systems, NARX

can be formulated as follows:
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𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 1), ..., 𝑦1(𝑡 − 𝑛𝑦), ..., (𝑦𝑚(𝑡 − 1), ..., 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 𝑑), 𝑢1(𝑡 − 𝑑 − 1),
..., 𝑢1(𝑡 − 𝑑 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 𝑑), 𝑢𝑟(𝑡 − 𝑑 − 1), ..., 𝑢𝑟(𝑡 − 𝑑 − 𝑛𝑢)) + 𝑒(𝑡)

(2.16)

where 𝑖 = 1, 2. . . , 𝑚, with m being the number of outputs; 𝑟 is the number of inputs.

2.4. The Nonlinear Autoregressive Moving Average Model

with Exogenous Inputs Model
The Nonlinear Autoregressive Moving Average Model with Exogenous Inputs (NARMAX) model

is a transparent non-linear system identification method that focuses on determining the

best model structure, including selecting the most useful and important model terms based

on available systems output and input data [12]. The NARMAX model for singletask and

multitask learning systems can be respectively formulated as:

𝑦𝑡 = 𝑓 (𝑦(𝑡−1), ..., 𝑦(𝑡−𝑛𝑦), 𝑢(𝑡−𝑑), 𝑢(𝑡−𝑑−1), ..., 𝑢(𝑡−𝑑−𝑛𝑢), 𝑒(𝑡−1), ..., 𝑒(𝑡−𝑛𝑒))+𝑒(𝑡)
(2.17)

and

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 1), ..., 𝑦1(𝑡 − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − 1), ..., 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 𝑑), 𝑢1(𝑡 − 𝑑 − 1), ...,
𝑢1(𝑡 − 𝑑 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 𝑑), 𝑢𝑟(𝑡 − 𝑑 − 1), ..., 𝑢𝑟(𝑡 − 𝑑 − 𝑛𝑢), 𝑒1(𝑡 − 1), ..., 𝑒1(𝑡 − 𝑛𝑒),
..., 𝑒𝑚(𝑡 − 1), 𝑒𝑚(𝑡 − 𝑛𝑒)) + 𝑒(𝑡)

(2.18)

NARX and NARMAX are models that not only utilize exogenous (external) input variables but

also the lagged versions of the system’s own output that enter the model structure through

output delays [32]. Both models introduce nonlinear functions to learn the system input-

output relationships, but the NARMAX model also includes prediction errors to improve the

modeling performance [33]. The introduction of “error variable” or “residual variable” makes

NARMAX more powerful for nonlinear system identification [34]. The most commonly used

basis functions in NARX and NARMAX modeling are polynomials, which usually lead to trans-

parent, interpretable, and parsimonious models [12, 32, 35]. Another widely used nonlinear

representation to apply with NARX and NARMAX is neural networks, which usually result in

black box models. A modeling model combining NARX or NARMAX and neural networks may

be called grey box model identification [36, 37].

2.5. Convolutional Neural Networks
As many real-world applications nowadays deal with computer vision, standard neural net-

works are no longer powerful enough to solve this task. Convolutional Neural Networks (CNN)
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were then created as an alternative solution related to computer vision. The first concept of

CNN was proposed by Kunihiko Fukushima [36], but the CNN model that became the found-

ation of the modern approach for computer vision was introduced by Yann LeCun et al.

[38]. CNN consists of three layers: convolution layers, pooling layers, and fully connected

layers. Convolution layers are responsible for filtering the input and mapping it, while the

pooling layer is in charge of downsampling or reducing the input spatial dimension [39, 40].

These two layers became CNN’s prominent features that cannot be found in standard neural

networks.

2.5.1 Extreme Inception

Extreme Inception (XCeption), composed by Francois Chollet [41], is one variant of convo-

lutional neural networks improvement version of Inception convolutional neural networks.

XCeption has 36 convolutional layers located in 14 different blocks. This model uses a depth-

separable convolution, responsible for two processes: depth-wise convolution and point-wise

convolution. Combining both processes proved to improve the accuracy of image classific-

ation [37]. The main purpose of depth separable convolution is to reduce memory usage

and decrease the execution time during the training process [42, 43]. The XCeption model

architecture can be seen in Figure. 2.5.

Figure 2.5.: Xception Architecture. Reprinted from [41]
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2.6. Mixture of Experts

Ensemble learning is one of the popular techniques that combine two or more models to

solve a single machine learning problem. This merging approach is in the hope that by

assembling the model, it can also combine the strength from every model so that it can

enhance and gain better performance generalization [44–46]. A mixture of Experts (MoE)

is a neural network-based ensemble model that introduces the concept of having different

experts deal with one modeling problem. Each expert in MoE is in charge of a different

region of input space with the possibility that the region between experts will be overlapping

because of the soft partition done by gating network [47, 48].

The original MoE concept introduced in [49, 50] consists of a set of m expert networks and

a single gating network. For each expert, MoE is typically built using a single layer network

and applied softmax function for gating network [51]. A mixture of Experts basic architecture

can be seen in Fig 2.6.

Figure 2.6.: Mixture Of Experts Basic Architecture

The expert networks are typically single-layer linear networks, while gating networks also

use single-layer linear networks but with softmax functions.

Given a training sample

(𝑥, 𝑦) ∈ 𝐷 = {(𝑥𝑡 , 𝑦𝑡) 𝑡 = 1...𝑇} (2.19)
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MoE is expressed by following form

𝑦(𝑥) =
𝑚∑
𝑗=1

𝑔𝑗(𝑥)𝑦 𝑗(𝑥) (2.20)

Where 𝑦 𝑗(.) is the output function for expert 𝑗, 𝑚 is the number of experts, and 𝑔(.) is the

gating network, which gives a weight for each expert, given an input x. The gating network

is usually a layer network that applies the softmax function, where 𝑔𝑗 satisfies

0 ≤ 𝑔𝑗 ≤ 1, 𝑗 = 1, 2, ..., 𝑚 (2.21)

𝑚∑
𝑗=1

𝑔𝑗(𝑥) = 1 (2.22)

The gating function with softmax function is given by

𝑔𝑗(𝑥) =
exp(𝑢𝑗)∑
𝑗 exp(𝑢𝑗)

, 𝑗 = 1, ...𝐾 (2.23)

Where 𝑢𝑗 = (𝑥, 𝑣 𝑗) and 𝑣 𝑗 is the gating network weight vector.

For the training or learning, MoE uses the Expectation-Maximization (EM) Algorithm [50]. This

iterative method is used to find the maximum likelihood for the experts and gating networks

parameters of the MoE architecture [52, 53].

2.6.1 Experts

There are no specific rules on how many experts should be used in the MoE model. In

practice, the appropriate number of experts should be chosen manually [54]. By using a

large number of experts, there is a big possibility the experts will be more focused on small

subspace data, but this will lead to the model will suffer overfitting issues, so decreasing the

number of experts will be a better option [48, 55].

2.7. Time Series
A time series is a historical data sequence in which each data point 𝑥𝑡 is taped at a time

stamp 𝑡. A time series of length 𝑡 can be represented as a sequence 𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝑡].
For the convenience of the description, the notation 𝑋 𝑡

𝑡−𝑝 to denote a segment of time series

𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝑡] [56]. The purpose of studying time series is to build a model that
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can forecast the future behavior of the associated process based on past observations. An

important element in predicting a task is the size of the horizon [57, 58].

In terms of the horizon, forecasting can be classified into two types: one step ahead and

multistep ahead. One step ahead forecasting is forecasting using previous observations,

e.g. = [𝑥1, 𝑥2, . . . , 𝑥𝑡], to predict the value of 𝑥𝑡+1. The architecture for ones tep ahead

forecasting is given in Figure 2.7. The forecast for one step ahead performs the following

function mapping [59]:

Figure 2.7.: One-step forecasting architecture

𝑦𝑡+1 = 𝑓 (𝑋𝑡 , 𝑋𝑡−1, . . . , 𝑋𝑡−𝑝) (2.24)

where 𝑋𝑡 is the observation at time 𝑡

Multistep ahead forecasting is a way to predict a sequence of H future values based on

observed data [56, 60]. The task of multistep ahead (also called multi-stage or long-

term prediction) time series forecasting task consists of predicting the following 𝐻 values

[𝑦𝑁+1, . . . , 𝑦𝑁+𝐻] of historical time series [𝑦1, . . . , 𝑦𝑁] comprising of N observations, where

𝐻 > 1 denotes the forecasting horizon. This study will use two notations where 𝑓 and 𝐹,

to denote the functional dependency between the past and future observations respectively

[60]. The architecture for multi-step-ahead forecasting is given in Figure 2.8.

Compared to one-step-ahead prediction, forecasting multiple steps ahead is a more challen-

ging problem. The reason behind this is that the approach has to experience a higher dose

of uncertainty from several aspects, including error accumulation, needs a higher functional

complexity, and requires an extensive computational time as a result of the number of mod-

els to learn is equivalent to the size of the horizon [58–60]. There are several strategies in

multistep forecasting; among them, the Direct Multi Step Strategy is considered in the study

here.

The direct strategy consists of forecasting each horizon individually from the other. In other
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words, 𝐻 model 𝑓ℎ is learned (one for each horizon) from time series [𝑦1, . . . , 𝑦𝑁] where

Figure 2.8.: Multi-step-ahead forecasting architecture using direct strategy

𝑦𝑡+ℎ = 𝑓ℎ(𝑦1, . . . , 𝑦𝑡−𝑑+1) + 𝑤 (2.25)

with 𝑑 refers to the embedding dimension of the time series, 𝑡 ∈ {𝑑, . . . , 𝑁 − 𝐻} and

ℎ ∈ [1, . . . , 𝐻]

2.8. Review on Designing Multitask Learning

Designing neural network architecture is one of the most crucial parts of building a multitask

learning model. Hard and soft parameter sharing are the core concepts in designing multitask

learning architecture, but several references proposed different approaches. In the following

subsections, we will describe and review more details about hard and soft parameter sharing.

Alternative techniques can also be used to create multitask learning model.

2.8.1 Hard Parameter Sharing

The fundamental idea of hard parameter sharing is to share the hidden layer among all tasks

and have output separately or allocate several specific output layers for specific tasks [1, 3,
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4]. This approach dramatically affects the risk of overfitting and minimizing the loss function

of multiple tasks [1, 2]. Baxter [5] demonstrated the possibility of smaller overfitting by using

the shared parameters compared to overfitting in task-specific parameters. The rationale of

this claim is that the more tasks learn or train jointly, the more the multitask learning model

has to capture all representation or information from all tasks, and the less the model has

the opportunity to overfitting [5]. The hard parameter sharing architecture is shown in Figure.

2.9.

Figure 2.9.: Hard parameter sharing architecture.

Reprinted from[3, 6]

One of the earliest works of multitask learning using hard parameter sharing was proposed

by Caruana [6]. The proposed work builds three multitask learnings based on Backpropaga-

tion Neural Networks (only using one fully connected hidden layer and shared for all the

tasks), K-nearest neighbor (KNN), kernel regression, and Decision Tree Induction. Caruana

proved that multitask learning model can be built not only by using neural networks but also

by using different machine learning approaches. In [5] multitask learning acts like probab-

ilistic model by using Gaussian likelihood and applying weight in multi loss function. The

proposed model uses a shared encoder in the first network and then a specific decoder for

each task. To demonstrate the efficacy of the proposed method, the authors implement a

classification study case with three tasks. Mahmoud et al. [8] created multitask deep learn-

ing by implementing four Convolutional Neural Networks, a single dense layer, and a single

Gated Recurrent Unit (GRU) as shared networks and single GRU and softmax layers as an

individual network for each task. This work evaluated their methods by implementing the
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classification task of human activity recognition. The structure of the Convolutional Neural

Networks with a single dense layer and single GRU model is shown in Figure 2.10.

Figure 2.10.: Convolutional Neural Networks with single dense layer and single GRU architecture. Reprinted

from [8]

To improve accuracy and minimize overfitting effects in multitask learning, loss balancing

by normalization of the gradient is conducted [9]. The loss balance for the multitask is

gained by directly calibrating gradient magnitudes. This approach used a symmetric Visual

Geometry Group (VGG) with 16 layers and Semantic Segmentation Networks (SegNet) as a

shared network. This work trained their model using video input data to solve clustering

task problems. The study in [61] carried out different hard parameter sharing approaches by

using not only one but also two shared networks. The first shared networks are applied in

the first layer networks, followed by task-specific networks, and the final network is shared

with multiple outputs. Specific networks in multitasking learning are usually used for specific

tasks, but the variants of the networks or the layers are the same for all tasks. The proposed

model efficiency is trained in forecasting tasks.

Ilias et al. [62] designed a multitask learning model that used different networks for the

prediction tasks. The proposed network used Bidirectional Long-Short Term Memory (BiLSTM)

as a shared layer and applied a multihead self-attention layer with global average pooling

for specific layers, but for the primary task, the networks added BiLSTM layer before the

multihead self-attention layer. This difference makes the primary task has a bigger network

than the auxiliary task.
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2.8.2 Soft Parameter Sharing

In soft parameter sharing, each task has its specific hidden layer with independent para-

meters. The distance between the model parameters of different tasks is then regularised

to make the parameters similar. Although every task has its model with its setting, the dis-

tance between the model parameters of every dissimilar task is added to unite the objective

functions [1, 3]. The soft parameter sharing architecture is shown in Figure. 2.11.

Figure 2.11.: Soft parameter sharing architecture. Reprinted from [1, 3]

Cross-stitch networks, as seen in Fig 2.12, are one of the well-known soft parameter sharing

proposed by Misra et al. [63]. The architecture consists of two separate AlexNets that share

information between tasks using a linear combination. The combination itself is parameter-

ized using 𝛼. The combination in the networks only happens in the pooling layer and fully

connected layer. Because AlexNet has three pooling layers and two fully connected layers,

there will be five combinations in the multitask learning architecture. The conducted model

is implemented in two tasks: (1) semantic segmentation and surface normal prediction and

(2) object detection and attribute prediction.

Figure 2.12.: Cross-stitch networks. Reprinted from [63]
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One of the most challenging things in designing multitasking learning is how to control the

amount of shared information. A sluice network [64] is suggested to address this problem.

The network is built based on two Recurrent Neural Networks (RNN), where each RNN repres-

ents one task. Each RNN network consists of three hidden layers, and then each hidden layer

is split into two subspaces. Between RNN layers consist of 𝛼 parameters control to combine

subspace between tasks. In the output layer, it also provides 𝛽 parameters control, which is

used for prediction. Sluice network performance is evaluated for the chunking tasks, named

entity recognition tasks, semantic role labeling tasks, and part-of-speech tagging tasks. The

Sluice network is illustrated in Figure 2.13.

Figure 2.13.: Sluice network. Reprinted from[64]

Deep learning with attention was designed by Liu et al. to allow specific features to learn

from global features [65]; each task is not directly learning from a shared network but from

a soft attention mask implemented in every convolutional block in the shared network. The

proposed architecture consists of single shared networks followed by K number of specific

networks. The number of K equals the number of tasks in the multitask learning. The

proposed method is evaluated on image-to-image regression tasks and image classification

tasks.

If cross-stitch networks combine the output from certain layers to share information, Xioa

et al. [66] used output from the first networks as input to other specific networks for their

sharing mechanism. The proposed multitask learning is assembled with three networks, as

three represent the task number. The output from the first layer in each network will be the

input for the second layer for other networks, so in this way, the information from a specific

network can be used by other networks. Another different approach is also delivered by

this work, which uses not only one but also two LSTM networks as the second layer. The
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output from these two LSTMs concatenates and becomes the output for a specific task. The

proposed model is applied to the electricity load prediction study case to investigate the

efficiency of the performance.

2.8.3 Non-Deep Multitask Learning Model

Earlier works involving multitask learning are mostly based on non-deep neural networks

or without using neural networks. The main ideas of this approach are still the same with

multitask learning using neural networks, which are trying to gain benefit from the relatedness

between tasks as an attempt to improve the generalization performance of multitask learning

[4]. Non-deep multitask learning usually consists of an input layer, one middle layer, and an

output layer with multiple outputs. The middle layer is a part where information is shared

between tasks. The structure itself is similar to regular neural networks with multiple inputs

and multiple outputs (MIMO). What makes multitask learning different from the typical MIMO

neural networks is that multitask learning has a specific output layer for a specific output or

task.

Several works [67, 68] applied a Backpropagation neural network for their multitask learning

model. The works followed the basic neural network architecture with a single input, a hidden

output layer, and multiple outputs to accommodate multiple tasks. The multitask learning

architecture for non-deep neural networks using Backpropagation is shown in Figure. 2.14

Not all multitask learning is implement based on neural networks, some works using others

learning methods to build its model. In [69], semi-supervised multitask learning with Gaussian

Processes for classification tasks is proposed and applied hyperparameter sharing of the co-

variance functions as a sharing procedure. Another work that implemented semi-supervised

multitask learning for classification tasks with sharing parameters is employed by Dai and Li

[70]. The proposed multitask learning model is built using dynamic fuzzy to solve the next

task by using the information from preceding related tasks.

As discussed earlier, the non-neural network approach focuses on hyperparameter sharing

as its information sharing. Tian et al. [71] conducted different ways to learn task relationships

by a shared set of eigenfunctions. The model contains a common eigenfunction shared by

different tasks and a unique eigenfunction for individual tasks.

2.8.4 Gated Multitask Learning

Inspired by a Mixture of Experts (MoE), which comprises several expert networks or base

learners and one gating network, Gated Multitask Learning is a multitask learning model that

adopts experts and gating as its main network structure. Gated multitasking learning is a
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Figure 2.14.: Multitask learning with non-deep neural networks Reprinted from [67]

type of multitasking learning that is dissimilar to regular multitasking learning in terms of

input distribution.

Following the basic rules of MoE, data to be fed into the gating network is based on training

data samples, but for the experts, the input is constructed by resampling the training data

samples. The generated process of resampling the dataset itself allows the same sample data

to appear again and again within the same dataset [50, 72]. The purpose of repeating the

appearance of sampling data is to create diversity in the training set in order to find a good

group of datasets [73]. There are two main differences between Gated Multitask Learning and

the regular multitask learning model. First, Gated Multitask Learning has multiple networks

(gate and experts) to be fed with input data, while regular multitask learning only has one.

Second, whereas regular multitask learning receives the same dataset for the input, Gated

Multitask Learning resamples the input data for expert networks.

The sharing mechanism in Gated Multitask Learning takes place in the input where the gating

networks and expert networks receive the same sampling data but are distributed differently

for gating networks and expert networks. The architecture of Gated Multitask Learning itself is

the same as any other multitask learning model with input networks, single middle networks,

and output networks. The output network in Gated Multitask Learning is called a tower, and
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the number of towers is always the same as the number of tasks.

One of the first works to implement MoE in multitasking learning was by Aljundi et al. [74].

The proposed model applies an encoder network with a single encoder/decoder layer as

a gating network and an undercomplete autoencoder network for the expert model. This

model also created a mechanism where the autoencoder gate can be regarded as the task

recognizer by identifying task relatedness. To validate the performance of the proposed

gated multitask learning, the author implements the model with an image classification task.

The structure of this model is shown in Figure. 2.15.

Figure 2.15.: Single Gate Multitask Learning. Reprinted from [74]

Instead of using one gating network, some models [75–77] introduce multi gate network. A

multigate network can be interpreted as a soft parameter sharing method where each task

has its own gate, and because of this, the number of gates is identical to the number of tasks.

In [75], shows that Gated Multitask Learning with three gating networks and training using

three prediction tasks can work better in handling less related tasks compared to the single

gate model.

Adding more networks was also proposed by Wang et al. [78], but instead of adding at

the beginning of the model, the model inserts a network between expert networks. This

additional network is able to be inserted because the proposed network has not only one

level of expert network but two.
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Figure 2.16.: Multi gate Mixture Of Experts. Reprinted from [77]

2.9. Summary

Chapter 2 provided background knowledge on multitask learning. We began with four meth-

ods to build multitask learning: hard parameter sharing, soft parameter sharing, non-deep

multitask learning, and gated multitask learning. Then, several multitask learning models

were reviewed based on these four methods. A literature review was conducted to investig-

ate the development of multitask learning, the variants of neural networks used, the sharing

mechanisms, and the study cases used to verify the effectiveness of the multitask learning

model. After a technical review of the state-of-art, we identified several issues:

• Loss equality and negative transfer as one of multitask learning main problems rarely

discussed

• To validate the proposed multitask learning model, most studies focus on classifica-

tion (to predict if the observed data belongs to a distinct group) data task rather than

forecasting.

To bridge the above practical gaps, we built nondeep multitask learning in the following

chapters to avoid negative transfer. Chapter 3 will present multitask learning using hard

parameter sharing with nondeep and standard neural networks. Chapter 4 of this thesis

will address negative transfer and error balance in multitask learning by implementing soft

parameter sharing methods using more advanced neural networks. Finally, in Chapter 5, we

developed multitask learning based on a mixture of experts to reduce the negative transfer

effect. All proposed models applied NARMAX on their model as an approach to increase

information sharing between tasks. To answer the challenge of implementing multitasking

learning in areas that have not been previously studied in depth, the study cases used in
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chapters 3, 4, and 5 are based on the regression model.
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3
Hard Parameter Sharing Multitask

Learning using Non-Linear Autoregressive

Models and Recurrent Neural Networks

3.1. Introduction
The previous chapter gives an overview of several techniques for building multitask learning.

This chapter proposes two multitask learning with non-deep neural networks and a hard

parameter sharing technique. Both models are built based on a combination of multitask

learning, recurrent neural networks, and nonlinear autoregressive models. Two nonlinear

autoregressive models, namely NARX and NARMAX, are used, aimed at comparing and find-

ing the best models in forecasting tasks using the MTL mechanism. Over the past years, NARX

and NARMAX models have been applied to singletask learning, and RNN has been introduced

to solve multitask learning problems, but relatively little work has been done to combine non-

linear model autoregressive models and RNNs and apply them to multitask learning. Model

performance was evaluated by applying tide level forecasting as a study case.

This chapter conducts comprehensive comparisons between three types of recurrent neural

networks (LSTM, GRU, and BiLSTM), paired with NARX and NARMAX models, and analyzes

their performances for forecasting tide levels at different locations. Therefore, a total of

six models are developed: NARX-LSTM, NARX-biLSTM, NARX-GRU, NARMAX-LSTM, NARMAX-
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biLSTM and NARMAX-GRU. Comparative studies are performed to evaluate the two types of

models based on the same real data and for tide level prediction with three different time

horizons. All six models are used to forecast the tide levels of four different locations in the UK

simultaneously to reduce the complex process of designing the neural network models and

improving the forecast accuracy using models that avoid or overcome experience negative

transfer and overfitting. The main contributions of the work are summarized as follows:

• The proposal of a novel NARMAX and NARX modeling framework, combined with an

multitask learning scheme addresses the challenges of overfitting and negative transfer

problems.

• The design and scheme of a single model structure that can be used for multiple

tasks/cases (e.g. forecasting) simultaneously.

• The analysis of the performance of NARMAX and NARX, paired with three RNN model

structures with MTL schemes

• A comparison studies with singletask baselines

• A comparison studies of multitask learning without NARX/NARMAX

3.2. Tide Level Forecasting

Tides are a natural ocean phenomenon that is mainly influenced by the gravitational forces

of the rotation of the earth and the alignment of the sun and moon. The rising and falling

of the sea levels can also be induced by meteorological conditions and shallow water. Tide

levels could have a significant impact on human life, and the study of ocean phenomena is

an essential part of coastal engineering, coastal ecosystems, and human activity. In the field

of coastal engineering, tide level data are valuable for the construction of ports, offshore

and cross-sea bridges [79–82]. For coastal ecosystems, tide level data can be crucial for

sediment movements and pollutant tracing and monitoring [19, 83]. In the domain of human

activity, tide level data can be used as important information in fishing, doing recreational

activities [84] and potentially developing tidal energy [85, 86]. Therefore, it is important to

effectively model and forecast tide levels.

Forecasting future tide levels plays a vital part in keeping people and the environment safe

because tide level fluctuations play a substantial role in marine meteorology, the operation

of oceanography, and coastal zone management. In the fields of marine meteorology and

oceanography, future tide level data will be helpful for the disposal and movements of sed-

iments, tracers, and pollutants. Besides that, tide level data is crucial for coastal structure
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harbor projects such as constructing cross-sea bridges or navigating large engineering. For

coastal zone management, the tide level prediction can be used as early warning systems of

occurrences of Tsunamis and prevent flooding caused by sea rise [82, 83, 87, 88]. A classic

or conventional method to make tide level forecasting is the harmonic analyzing method.

Such a traditional way of forecasting can be ineffective if the data are incomplete (e.g., with

some data being missing) [88]. Harmonic analysis methods usually also demand a sub-

stantial amount of parameters because such a method needs to use not only astronomical

but also non-astronomical features [80, 89]. To overcome these drawbacks, an alternative

forecasting method is required.

Various algorithms and models have been proposed and explored to improve the accuracy

of time series forecasting results. One of the most popular approaches for forecasting is us-

ing neural networks. Forecasting using artificial neural networks (ANNs), combined with other

models, has attracted extensive attention. Specifically, Nonlinear AutoRegressive with eXo-

genous input model (NARX) and Nonlinear AutoRegressive Moving Average with eXogenous

input model (NARMAX) have been widely applied to complex system identification, model-

ing, and time series forecasting [12]. For example, Aguirre et al. employed both Nonlinear

AutoRegressive (NAR) and multi-layer perceptron models to investigate two fundamental is-

sues which underlie periodic time series forecasting tasks (e.g. daily load forecasting): pattern

mapping and dynamical prediction [90]; the results are interesting and useful for designing

more effective predictive approaches for short-term periodic time series forecasting.

Wu et al. [91] proposed a combination of Genetic Algorithm, Backpropagation and NARX for

tide level prediction. Muñoz and Acuña [92] developed NARX and NARMAX models com-

bined with shallow and deep neural networks to forecast daily demand data and air quality

conditions. The performances of NARMAX and Radial Basis Function neural networks were

examined by Omri et al. [93] for water flow depth forecasting. Gu et al. [16] proposed a

neural network enhanced NARMAX model to predict the disturbance storm time (Dst) index,

and the model showed better performance than either the NARX model or a typical neural

network model alone. Gu et al. [33] present a novel cloud-NARX model for the auroral elec-

trojet (AE) index forecasting and prediction uncertainty analysis.

The aforementioned methods, combining ANNs and other models, demonstrate promising

results for time series prediction. However, most of these methods are designed for sing-

letask learning (STL), where a model trained using a set of time series data can only be used

to predict the same time series process but cannot be used for other time series predictions

and therefore cannot benefit from sharing knowledge among related tasks [94, 95]. In many

real scenarios, two or more different events or processes may be closely associated with
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each other; therefore, it is desirable to design a new framework that can be used to deal with

more than one different but similar dataset simultaneously.

To extend STL models to MTL cases, this work proposes a new MTL framework by combining

nonlinear aggressive models and RNNs. The proposed MTL framework performs multiple

tasks simultaneously, allowing for information sharing between related tasks. For RNN, an

MTL scheme can be implemented by sharing information on the structures of the network

models (e.g., the number of layers and number of nodes in each layer) and their training

process. Sharing information between multiple related tasks can boost learning efficiency

and improve the generalization ability of the resulting models. These performance improve-

ments are achieved through knowledge sharing between different tasks [37, 95, 96].

Several MTL RNN models have been proposed for forecasting purposes in the literature. In

[97], MTL and LSTM RNN models were combined for wind power forecasting; the prediction

accuracy was increased by more than 23.13% in comparison with the existing STL forecast-

ing models. In [98], MTL and RNN were used to forecast urban traffic flow; the forecasting

accuracy was improved by around 10% to 15% over baseline models. In [94], another RNN

variant, GRU, was combined with MTL for traffic flow and speed forecasting; the model does

not only improve the forecasting accuracy but also solves the problems caused by enlarging

the dataset.

In [99], the performance of MTL with LSTM (MTL+LSTM) was compared with that of MTL+GRU

for health assessment and remaining useful life forecasting; it shows interesting results where

LSTM gives smaller loss and simpler model while GRU can perform well with less training

time. MTL based on BiLSTM was proposed to forecast cooling, heating, and electric load

[100]; the MTL+ BiLSTM model is able to increase the accuracy significantly and improve the

time efficiency for training the model.

3.3. Methodology

The designed architecture consists of multitask learning from several datasets (measured at

different locations). The tasks in our model are ℎ steps ahead of forecast results in multiple

locations. The model only delivers single ℎ steps ahead prediction, but data are from multiple

locations. The model is able to forecast the tide level at different locations one time by using

the results from a few single models. The inputs are tide levels in four locations at the present

time instant 𝑡, and the output is the predicted data of tide level for ℎ step/s ahead. This study

implements direct forecasting models where there are ℎ different models for ℎ different time

step/s.
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3.3.1 Multitask RNN model

As mentioned earlier, LSTM, biLSTM, and GRU will be considered to implement multitask

forecasting. The general architecture of the multitask RNN is shown in Figure 3.1, where

𝑢𝑘(𝑡)(𝑘 = 1, 2, . . . , 𝑟) and 𝑦 𝑗(𝑡)(𝑗 = 1, 2, . . . , 𝑖) are the system inputs and outputs, 𝑛, 𝑟, 𝑖 are

the numbers of lags, stations/locations and output variables, respectively. The outputs in this

study are assumed to be the same as the number of inputs. For example, if the inputs are

4 locations (𝑟 = 4), the output is the ℎ steps ahead forecasting in four locations (𝑖 = 4).
The proposed network model’s input layer consists of sequences of tide data in r locations

followed by an RNN layer (LSTM or biLSTM or GRU), a dense layer, or a fully connected

layer. The outputs layer consists of tide level data in 𝑖 location at time 𝑡. The multitask RNN

architecture can be seen in Fig 3.1.

Figure 3.1.: Multitask RNN Architecture

3.3.2 Multitask NARX RNN model

This study employs a direct approach using RNN to predict tide levels. The basic idea behind

the direct approach is that forecasting for ℎ time horizons (ℎ steps ahead forecasting) is

realized using different models [34, 101, 102] . The prediction of tide level in the ℎ steps can

be obtained using NARX LSTM or NARX biLSTM or NARX GRU. The model for ℎ steps ahead

prediction can be expressed as [2, 3, 100]:

𝑦(𝑡) = 𝑓 (𝑦(𝑡 − ℎ), 𝑦(𝑡 − ℎ − 1), . . . , 𝑦(𝑡 − ℎ − 𝑛𝑦), 𝑢(𝑡 − 1), 𝑢(𝑡 − 2). . . , 𝑢(𝑡 − 𝑛𝑢)) (3.1)

where 𝑦(𝑡) and 𝑢(𝑡) and 𝑒(𝑡) are the system output and input respectively;𝑛𝑦 and 𝑛𝑢 are the

maximum lags of the output and input; 𝑓 (.) is a nonlinear function or mapping. MTL NARX
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RNN is a multitask forecasting model that employs NARX by incorporating LSTM, biLSTM, or

GRU. The multitask model based on these three neural networks for the direct forecasting

approach can be defined as [34, 99]:

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ), 𝑦𝑚(𝑡 − ℎ − 1), ...,
𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ...,
𝑢𝑟(𝑡 − 𝑛𝑢)), 𝑖 = 1, .., 𝑚

(3.2)

The general architecture of MTL NARX RNN is shown in Figure 3.2. The architecture of MTL

NARX RNN is basically similar to that of MTL RNN in that both have four layers: input layer,

RNN layer, dense layer, and output layer. The difference is in the inputs: the MTL NARX RNN

model needs previous output values. This study focuses on the direct approach, and the

observational values of the output are assumed to be known [98].

Figure 3.2.: Multitask RNN NARX Architecture

In (3.2), 𝑓𝑖(𝑖 = 1, 2, . . . , 𝑚) are approximated by using LSTM or biLSTM and GRU. The NARX-

LSTM and NARX-biLSTM models can be represented as:
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Forget Gate:

𝑓 (𝑡) =𝜎(𝑊𝑓 [ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))] + 𝑏 𝑓 )

(3.3)

Input Gate:

𝑖(𝑡) =𝜎(𝑊𝑖[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))] + 𝑏𝑖)

(3.4)

𝑐𝑡 =𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))] + 𝑏𝑐)

(3.5)

𝑐(𝑡) = 𝑓 (𝑡).𝑐(𝑡 − 1) + 𝑖(𝑡).𝑐𝑡 (3.6)

Output Gate

𝑜(𝑡) =𝜎(𝑊𝑜[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))] + 𝑏𝑜)

(3.7)

ℎ(𝑡) = 𝑜(𝑡)𝑡𝑎𝑛ℎ(𝑐(𝑡)) (3.8)

GRU for NARX model can be represented as:

Hidden Gate:

ℎ(𝑡) = (1 − 𝑧(𝑡)).ℎ(𝑡 − 1) + 𝑧(𝑡).ℎ(𝑡) (3.9)

Update Gate:

𝑧(𝑡) =𝜎(𝑊𝑧[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))])

(3.10)

Reset Gate:

𝑟(𝑡) =𝜎(𝑊𝑟[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢))])

(3.11)
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3.3.3 Multitask NARMAX RNN

The ℎ steps prediction of tide level forecasting using NARMAX as seen in [34] can be defined

as:

𝑦(𝑡) = 𝑓 (𝑦(𝑡 − ℎ), 𝑦(𝑡 − ℎ − 1), . . . , 𝑦(𝑡 − ℎ − 𝑛𝑦), 𝑢(𝑡 − 1), 𝑢(𝑡 − 2). . . , 𝑢(𝑡 − 𝑛𝑢),
𝑒(𝑡 − 1), 𝑒(𝑡 − 2). . . , 𝑒(𝑡 − 𝑛𝑒)) + 𝑒(𝑡)

(3.12)

The multitask model bas NARMAX for direct forecasting approach can be represented as:

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ), 𝑦𝑚(𝑡 − ℎ − 1), ...,
𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..,
𝑢𝑟(𝑡 − 𝑛𝑢), 𝑒1(𝑡 − 1), 𝑒1(𝑡 − 2), ..., 𝑒1(𝑡 − 𝑛𝑒), ..., 𝑒𝑚(𝑡 − 1), 𝑒𝑚(𝑡 − 2), ..., 𝑒𝑚(𝑡 − 𝑛𝑒)),
𝑖 = 1, .., 𝑚

(3.13)

To identify the NARMAX model, we use the prediction error from NARX-RNN-MTL as additional

inputs. 𝑒(𝑡) and 𝜀(𝑡) are used to represent noise and model prediction error, respectively,

to differentiate between noise and prediction error. The model prediction error of the NARX-

RNN-MTL model is:

𝜀𝑖(𝑡) = 𝑦̂𝑖(𝑡) − 𝑦𝑖(𝑡) (3.14)

where 𝑦̂𝑖(𝑡) is the one-step-ahead prediction calculated from the MTL NARX RNN model, and

𝑦𝑖(𝑡) is the corresponding actual signal. For an MTL system with 𝑟 inputs and 𝑚 outputs, the 𝑖

th output of the NARMAX-RNN-MTL model calculated based on the associated NARX-RNN-MTL

model is:

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ), 𝑦𝑚(𝑡 − ℎ − 1), ...,
𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ...,
𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), 𝜀1(𝑡 − 2), ..., 𝜀1(𝑡 − 𝑛𝑒), ..., 𝜀𝑚(𝑡 − 1), 𝜀𝑚(𝑡 − 2), ...,
𝜀𝑚(𝑡 − 𝑛𝑒)), 𝑖 = 1, .., 𝑚

(3.15)

Similar to the NARX-RNN-MTL model, the NARMAX-RNN-MTL model is also implemented by

using GRU, LSTM or BiLSTM and the forecasting results are produced by the dense layer. The

difference between these two models is that the NARMAX architecture includes ‘noise’ as an

input. The architecture of the NARMAX-RNN-MTL model is presented in Figure 3.3.

Note that in this study, the NARMAX model is realized based on LSTM, and the functions
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𝑓𝑖(𝑖 = 1, 2, . . . , 𝑚) are derived from the mathematical model of LSTM. LSTM for NARMAX

model can be established as: The NARX-LSTM model can be represented as:

Figure 3.3.: Multitask RNN NARMAX Architecture

Forget Gate:

𝑓 (𝑡) =𝜎(𝑊𝑓 [ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), 𝜀1(𝑡 − 2), ..., 𝜀1(𝑡 − 𝑛𝑒), ...,
𝜀𝑚(𝑡 − 1), 𝜀𝑚(𝑡 − 2), ..., 𝜀𝑚(𝑡 − 𝑛𝑒))] + 𝑏 𝑓 )

(3.16)
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Input Gate:

𝑖(𝑡) =𝜎(𝑊𝑖[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), 𝜀1(𝑡 − 2), ..., 𝜀1(𝑡 − 𝑛𝑒), ...,
𝜀𝑚(𝑡 − 1), 𝜀𝑚(𝑡 − 2), ..., 𝜀𝑚(𝑡 − 𝑛𝑒))] + 𝑏𝑖)

(3.17)

𝑐𝑡 =𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), 𝜀1(𝑡 − 2), ..., 𝜀1(𝑡 − 𝑛𝑒), ...,
𝜀𝑚(𝑡 − 1), 𝜀𝑚(𝑡 − 2), ..., 𝜀𝑚(𝑡 − 𝑛𝑒))] + 𝑏𝑐)

(3.18)

𝑐(𝑡) = 𝑓 (𝑡).𝑐(𝑡 − 1) + 𝑖(𝑡).𝑐𝑡 (3.19)

Output Gate

𝑜(𝑡) =𝜎(𝑊𝑜[ℎ𝑡 − 1, (𝑦𝑖(𝑡 − ℎ), 𝑦𝑖(𝑡 − ℎ − 1), ..., 𝑦𝑖(𝑡 − ℎ − 𝑛𝑦), ..., 𝑦𝑚(𝑡 − ℎ),
𝑦𝑚(𝑡 − ℎ − 1), ..., 𝑦𝑚(𝑡 − ℎ − 𝑛𝑦), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢1(𝑡 − 𝑛𝑢), ...,
𝑢𝑟(𝑡 − 1), 𝑢𝑟(𝑡 − 2), ..., 𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), 𝜀1(𝑡 − 2), ..., 𝜀1(𝑡 − 𝑛𝑒), ...,
𝜀𝑚(𝑡 − 1), 𝜀𝑚(𝑡 − 2), ..., 𝜀𝑚(𝑡 − 𝑛𝑒))] + 𝑏𝑜)

(3.20)

ℎ(𝑡) = 𝑜(𝑡)𝑡𝑎𝑛ℎ(𝑐(𝑡)) (3.21)

3.3.4 Metrics Performance

For a singletask, for example, the prediction of a single individual time series 𝑦𝑖(𝑡)(𝑖 =

1, 2, . . . , 𝑚), without using shared information from any other signals, the loss function can

be defined as:

𝑦𝐿𝑖 =

√√
1
𝑛

𝑛∑
𝑡=1
(𝑦̂𝑖(𝑡) − 𝑦𝑖(𝑡))2 (3.22)

where 𝑦̂𝑖(𝑡) is the predicted value, 𝑦𝑖(𝑡) is the actual value, and 𝑛 is the number of obser-

vations. Note that this study is concerned with dealing with multiple tasks simultaneously;

the loss function for model training should accommodate the losses of all the tasks. Keeping

this in mind, the averaged root mean square error (aRMSE) is used as a joint loss, which is

defined as follows:

𝐿 =
1
𝐾

𝐾∑
1=1

𝐿𝑖 (3.23)

where 𝐿 is the joint loss, and 𝐾 is the number of tasks.

38 Chapter 3: Hard Parameter Sharing Multitask Learning using Non-Linear Autoregressive

Models and Recurrent Neural Networks



3.4. Experiments

The experiment section is split into two parts. The first part is for Dataset 1, and the second

is for Dataset 2. The differences between Dataset 1 and Dataset 2 are as follows :

a) The first dataset forecasts four tasks, while the second forecasts five to eleven tasks.

b) First dataset trained with three different forecast horizons: one step ahead, two

steps ahead, and three steps ahead, while the other one was only trained for a

one step ahead forecast.

c) Data set one covers the tide levels in four stations/locations in the UK (Wick, Work-

ington, Ullapol, and New Heaven), while dataset 2 concerns the tide level forecast

for five stations (five tasks) simultaneously: Harwich, Lerwick, Millport, Portrush,

and Weymouth. Six more stations—Aberdeen, Devonport, Fishguard, Holyhead, St

Mary, and Stornoway—are also forecasted for dataset 2.

d) Dataset 1 and Dataset 2 are not using the same parameter setting for training the

models.

Each part will explain more details about parameter setting, results and discussion in every

dataset. Both data sets are implemented using the methodology mentioned in sub-chapter

3.3. The datasets were extracted from the British Oceanographic Data Centre (BODC) website.

https://www.bodc.ac.uk/data/hosted_data_systems/sea_level/uk_tide_gauge_network/.

3.4.1 Data Set 1

Data set one in this study is the tide levels in four stations/locations of the UK (Wick, Working-

ton, Ullapol, and New Heaven). This dataset is used to forecast values (of ℎ steps ahead) of

tide levels in the four locations, each using its own ℎ steps ahead prediction model. The data

are time series of tide levels recorded every 15 minutes. This study considered three different

forecast horizons: one step ahead, two steps ahead, and three steps ahead, corresponding

to 15 minutes, 30 minutes, and 45 minutes ahead of predictions. In other words, the model

will predict the next interval of 15 minutes, 30 minutes, and 45 minutes.

The model’s input is tide level data from four stations, and the output is also tide level from

four stations. The output for one step ahead, two steps ahead, and three steps ahead forecast

is the tide level for the next 15 minutes, 30 minutes, and 45 minutes, respectively.

3.4.1.1. Parameters Setting

In order to fairly compare the six models, all RNN models are trained, validated, and tested

using the same parameter setting. The setting can be seen in Table 3.1.
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Parameter Values

Number of hidden layers 1,2,3,4,5

Number of nodes 25,32,64,128,256

Activation function SGDM

Number of iterations 200

Time Lag for NARX model 𝑛𝑦 =1,2,3,4 𝑛𝑢=1,2,3,4

Table 3.1.: Parameter Setting for multitask RNN and NARX RNN

3.4.1.2. Results and Discussion NARX Model

This subsection discusses NARX models and neural networks with multitask learning to fore-

cast tide levels in several areas simultaneously. It aims to demonstrate the feasibility of using

multitask learning models based on two types of neural networks: a) solely using recurrent

neural network models and b) recurrent neural networks combined with NARX models. Three

RNN models, namely, LSTM, biLSTM, and Gated Recurrent Unit (GRU), were built into this study.

These three neural networks are then integrated with the NARX model respectively. There-

fore, a total of six models were developed: LSTM, biLSTM, GRU, NARX-LSTM, NARX-biLSTM,

and NARX-GRU.

For the single RNN models, several different neural network settings were implemented. The

optimal settings obtained for the three RNN network models are shown in Table 3.2. These

results were achieved after fine-tuning the RNN parameters. The best results for the LSTM

model are by applying and testing a large number of hidden layers and using large time

horizons. GRU delivers the best accuracy for forecasting in all time horizons, while biLSTM

failed to gain good overall performance.

RNN Model Forecast Horizon Number of Hidden Layer Number of Hidden Node Average RMSE

LSTM

1 1 256 0.2781

2 4 128 0.4894

3 5 256 0.4841

BiLSTM

1 1 32 0.5653

2 1 128 0.7131

3 1 32 0.6285

GRU

1 2 256 0.1383

2 1 64 0.1082

3 5 25 0.4447

Table 3.2.: Performance comparison and optimal setting of single RNN using GRU, LSTM and BiLSTM

The optimal structure of the multitask NARX RNN model is determined using the lowest aver-

40 Chapter 3: Hard Parameter Sharing Multitask Learning using Non-Linear Autoregressive

Models and Recurrent Neural Networks



age RMSE values obtained after performing an empirical analysis, as shown in Table 3.3. As

seen from the table, for one step ahead and two steps ahead forecasting, the GRU models,

with time lags 𝑛𝑦 = 4 and 𝑛𝑢 = 2, perform best among the group of multitask learning NARX

RNN. The hidden layer of the optimal NARX-GRU model for one step and two steps ahead

includes 128 and 64 nodes, respectively. For the three steps ahead case, the best model is

still NARX-GRU, with the following setting: time lags 𝑛𝑦 = 1 and 𝑛𝑢 = 4; there are 128 nodes in

the hidden layer. The details of the network parameter setting for the best NARX RNN model

are shown in Table 3.4.

Network lags

Average RMSE

One Step Ahead Two Steps Ahead Three Steps Ahead

LSTM biLSTM GRU LSTM biLSTM GRU LSTM biLSTM GRU

(𝑛𝑦 = 1, 𝑛𝑢 = 1) 0.1576 0.5364 0.1089 0.1990 0.5070 0.134 0.2840 0.7233 0.1412

(𝑛𝑦 = 1, 𝑛𝑢 = 2) 0.1717 0.4244 0.1358 0.6959 0.6899 0.1708 0.3054 0.6735 0.1638

(𝑛𝑦 = 1, 𝑛𝑢 = 3) 0.2483 0.5483 0.1238 0.2372 0.5179 0.1209 0.1787 0.6728 0.1493

(𝑛𝑦 = 1, 𝑛𝑢 = 4) 0.2041 0.4591 0.1427 0.1999 0.5390 0.1514 0.1755 0.6401 0.1379

(𝑛𝑦 = 2, 𝑛𝑢 = 1) 0.1875 0.4650 0.1037 0.2742 0.4633 0.1462 0.4760 0.7084 0.1545

(𝑛𝑦 = 2, 𝑛𝑢 = 2) 0.1120 0.5493 0.1053 0.1913 0.7097 0.2333 0.2881 0.7025 0.2111

(𝑛𝑦 = 2, 𝑛𝑢 = 3) 0.2504 0.5148 0.1531 0.2443 0.6501 0.1309 0.2185 0.6991 0.1532

(𝑛𝑦 = 2, 𝑛𝑢 = 4) 0.154 0.3841 0.1263 0.2847 0.5355 0.1537 0.1464 0.4114 0.1732

(𝑛𝑦 = 3, 𝑛𝑢 = 1) 0.3640 0.5163 0.1541 0.2491 0.5312 0.2721 0.4883 0.5957 0.1703

(𝑛𝑦 = 3, 𝑛𝑢 = 2) 0.1735 0.5553 0.1428 0.2635 0.5132 0.1751 0.2006 0.6928 0.1964

(𝑛𝑦 = 3, 𝑛𝑢 = 3) 0.1948 0.4520 0.1214 0.2361 0.6943 0.2000 0.2788 0.7154 0.1533

(𝑛𝑦 = 3, 𝑛𝑢 = 4) 0.1909 0.4619 0.1094 0.2199 0.2969 0.1619 0.2317 0.6299 0.1553

(𝑛𝑦 = 4, 𝑛𝑢 = 1) 0.1822 0.3736 0.0955 0.2167 0.4606 0.1265 0.1591 0.5741 0.1455

(𝑛𝑦 = 4, 𝑛𝑢 = 2) 0.1098 0.4163 0.1704 0.1385 0.5287 0.1284 0.2341 0.7481 0.1699

(𝑛𝑦 = 4, 𝑛𝑢 = 3) 0.1660 0.4733 0.1216 0.2099 0.432 0.1454 0.1962 0.6849 0.1698

(𝑛𝑦 = 4, 𝑛𝑢 = 4) 0.1341 0.5130 0.1216 0.1689 0.5524 0.2707 0.2346 0.7377 0.1796

Table 3.3.: Performance of Multitask RNN with different time lag setting

The models identified by the NARX RNN based on the optimal results in Table 3.3 for each

horizon are listed below:

One Step Ahead

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 1), 𝑦1(𝑡 − 2), 𝑦1(𝑡 − 3), 𝑦1(𝑡 − 4), 𝑦1(𝑡 − 5), ..., 𝑦4(𝑡 − 1), 𝑦4(𝑡 − 2),
𝑦4(𝑡 − 3), 𝑦4(𝑡 − 4), 𝑦4(𝑡 − 5), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2))

(3.24)

Two Step Ahead

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 2), 𝑦1(𝑡 − 3), 𝑦1(𝑡 − 4), 𝑦1(𝑡 − 5), 𝑦1(𝑡 − 6)..., 𝑦4(𝑡 − 2), 𝑦4(𝑡 − 3),
𝑦4(𝑡 − 4), 𝑦4(𝑡 − 5), 𝑦4(𝑡 − 6), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), ..., 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2))

(3.25)

Section 3.4: Experiments 41



Three Step Ahead

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 3), 𝑦1(𝑡 − 4), ..., 𝑦4(𝑡 − 3), 𝑦4(𝑡 − 4), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), 𝑢1(𝑡 − 3),
𝑢1(𝑡 − 4), ..., 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2), 𝑢4(𝑡 − 3), 𝑢4(𝑡 − 4))

(3.26)

Model Forecast Horizon Number of Hidden Layer Number of Hidden Node

NARX- LSTM

1 1 256

2 1 256

3 1 128

NARX- biLSTM

1 1 25

2 1 25

3 1 25

NARX- GRU

1 1 128

2 1 64

3 1 128

Table 3.4.: Naural Networks Setting for Optimal RNN NARX Models

The comparison of RNN and NARX RNN models was performed based on two metrics: the

average RMSE and individual RMSE for tide level prediction for each location. Table 3.5 shows

the comparison results based on average RMSE for one step ahead, two steps ahead and

three steps ahead forecasting. It can be seen that in both GRU and NARX GRU groups, GRU

gives the best overall performance in comparison with LSTM and biLSTM for one step and

three steps ahead. The performance of the biLSTM is the worst among the three models: the

average RMSE values are larger than 0.5. The biLSTM forecast results are slightly improved

when the NARX model is deployed in the RNN network, where the average RMSE values in

the three different time horizons are below 0.45.

Model
Time Horizon

1 2 3

LSTM 0.2781 0.4894 0.4841

biLSTM 0.5653 0.7131 0.6285

GRU 0.1383 0.1082 0.4447

NARX-LSTM 0.1098 0.1385 0.1464

NARX-biLSTM 0.3736 0.2969 0.4114

NARX-GRU 0.0955 0.1209 0.1379

Table 3.5.: Comparison Performance of Multitask RNN and Multitask RNN in Terms of Average RMSE

The RMSE values of the individual models for tide level prediction at different locations are

now compared. The RMSE values for three prediction time horizons across the four locations

are shown in Figure 3.4. The following findings are presented:
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1. For one step ahead prediction, the best model for Wick and Workington is NARX GRU

with RMSE values of 0.0508 and 0.0888, respectively, while the optimal model for

Ullapol and New Heaven is NARX LSTM.

2. The optimal model for two steps ahead prediction of the tide level in Wick, Workington,

and New Heaven is GRU, while NARX-GRU gives the best results for Ullapol.

Figure 3.4.: Comparison performance of Multitask RNN and Multitask NARX for every location

According to the results shown in Figure 3.4, it can be noticed that the NARX LSTM model

performs best for three steps ahead prediction in Wick and New Heaven, whereas NARX GRU

performs best for the data at Workington and Ullapol. Similar to the case of using average

RMSE, the biLSTM model demonstrates poor results in single models for almost all locations

and time horizons for each location. The model performs good only in Wick for one step
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ahead and two steps ahead forecasting.

Based on the RMSE values for all three different horizons and all four stations, it also can

be seen that the RMSE values are not at the same level for the four locations. The location

that has a relatively low and stable RMSE is Wick, while other locals have slightly higher

RMSE values. This may suggest that one of the inputs or features can be detrimental to the

performance of other features while using a multitask learning model.

The proposed models show the positive benefits of using several similar data to forecast

the tide levels at different locations or stations simultaneously. However, combining NARX

networks and the multitask learning models requires high computational costs. The multitask

learning models need to be well designed; in doing so, it does not only need to find the best

number of delays (for multitask learning NARX) but also the optimal number of hidden layers

and hidden nodes.

3.4.1.3. Results and Discussion NARMAX LSTM Model

This subsection discusses a novel MTL framework based on NARMAX-LSTM. The optimal time

lag in the multitask NARMAX –LSTM structure for each network was determined by using the

lowest joint loss value obtained after performing empirical analysis. To find the best neural

networks architecture, the parameter settings for all the network models are as follows: the

iteration number for each time horizon case is set to be 200; the number of hidden layers,

hidden nodes, and time lags for input and output are set to be from 1 to 5, 32 to 256, and

1to 4, respectively.

Table 3.6 summarizes the details of joint loss results for three different time horizons based

on the best parameter setting. It was observed that for one step ahead prediction, the optimal

setting for the multitask NARMAX-LSTM is as follows: the time lag for input is 2 (𝑛𝑢), the time

lag for output is 1 (𝑛𝑦), and the time lag for noise is 1 (𝑛𝑒). The hidden layer has a total of

128 nodes.

The one step ahead forecast model based on the optimal model in Table 3.6 can be written

as follows:

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 1), 𝑦1(𝑡 − 2), ..., 𝑦4(𝑡 − 1), 𝑦4(𝑡 − 2), 𝑢1(𝑡 − 1), ..., 𝑢4(𝑡 − 1),
𝑒1(𝑡 − 1), ..., 𝑒4(𝑡 − 1))

(3.27)

For two step ahead case, the best model setting is as follows: the time lag for input is 4 (𝑛𝑢),
the time lag for output is 1 (𝑛𝑦), the time lag for noise is 1 𝑛𝑒 , and there are 128 nodes in the
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hidden.

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 2), 𝑦1(𝑡 − 3), ..., 𝑦4(𝑡 − 2), 𝑦4(𝑡 − 3), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), 𝑢1(𝑡 − 3), 𝑢1(𝑡 − 4)
, ..., 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2), 𝑢4(𝑡 − 3), 𝑢4(𝑡 − 4), 𝑒1(𝑡 − 1), ..., 𝑢4(𝑡 − 1))

(3.28)

The best model for the three steps ahead horizon case is as follows: two lagged input vari-

ables, two lagged output variables, one lagged noise variable, and 64 nodes in the hidden

layer. For three steps ahead prediction, the model is:

𝑦𝑖(𝑡) = 𝑓𝑖(𝑦1(𝑡 − 3), 𝑦1(𝑡 − 4), 𝑦1(𝑡 − 5), ..., 𝑦4(𝑡 − 3), 𝑦4(𝑡 − 4), 𝑦4(𝑡 − 5), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2)
, ..., 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2), 𝑒1(𝑡 − 1), ..., 𝑢4(𝑡 − 1))

(3.29)

Networks Lag

One Step Ahead Two Step Ahead Three Step Ahead

LSTM Setting

Joint Loss

LSTM Setting

Joint Loss

LSTM Setting

Joint LossHidden Hidden Hidden Hidden Hidden Hidden

Node Layer Node Layer Node Layer

(𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 4 64 0.3088 1 64 0.1287 1 64 0.1739

(𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 1 128 0.1542 1 32 0.1607 2 32 0.2317

(𝑛𝑦 = 1, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 3 32 0.3185 3 128 0.2273 2 32 0.2252

(𝑛𝑦 = 1, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 1 32 0.2578 1 128 0.1262 2 128 0.1929

(𝑛𝑦 = 2, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 2 64 0.2416 1 64 0.1607 5 64 0.2767

(𝑛𝑦 = 2, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 1 32 0.1931 3 256 0.2340 1 64 0.1546

(𝑛𝑦 = 2, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 1 64 0.1774 1 32 0.1798 3 128 0.2427

(𝑛𝑦 = 2, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 2 64 0.2126 4 64 0.2326 1 256 0.1566

(𝑛𝑦 = 3, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 2 64 0.2248 3 32 0.2697 3 64 0.2723

(𝑛𝑦 = 3, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 2 32 0.2276 1 32 0.1633 1 32 0.2037

(𝑛𝑦 = 3, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 1 64 0.1854 1 64 0.1693 2 256 0.1802

(𝑛𝑦 = 3, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 1 64 0.1953 1 64 0.1621 2 128 0.2324

(𝑛𝑦 = 4, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 3 32 0.2988 4 64 0.5914 1 32 0.2733

(𝑛𝑦 = 4, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 1 32 0.2101 2 64 0.2340 1 128 0.1723

(𝑛𝑦 = 4, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 2 32 0.2380 2 128 0.2083 3 64 0.2985

(𝑛𝑦 = 4, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 3 64 0.2683 1 128 0.1731 3 64 0.2596

Table 3.6.: Networks Lag Performance For One Step Ahead, Two Steps Ahead and Three Steps Ahead Fore-

casting

By analyzing the time lag variation and the LSTM setting from three different time horizons

in Table 3.6, it can be seen that the numbers of input time lag, output time lag, hidden layers,

and hidden nodes have no correlations at all.

The increase of the network complexity, namely, the increase of hidden layers, number of

nodes, and time lag, does not have a significant effect on the accuracy or joint loss value of
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the models. In some cases, it needs a relatively larger number of hidden layers to generate

the lowest joint loss value, while in other cases, it only needs a single hidden layer with a

minimal number of hidden nodes. This means that manual intervention is still needed in the

fine-tuning process of the neural network models.

The models for the above three different time horizons were tested using four new tasks,

their performance were analyzed and summarized as follows. As can be seen in Table 3.7,

individual loss values of the tasks (old and new) in the same time horizon are slightly different

from each other. No task has an obviously larger loss value than other tasks. This means

that the performance of some specific tasks does not significantly impact the performance

of the models for other tasks. The joint loss value results show that both new and old tasks

do not encounter overfitting.

Multitask LSTM-NARMAX with Old Tasks

Horizon Task 1 Task 2 Task 3 Task 4 Joint Loss

1 0.0981 0.2167 0.1492 0.1527 0.1542

2 0.1228 0.1356 0.1136 0.1331 0.1262

3 0.0973 0.2026 0.1716 0.1472 0.1546

Multitask LSTM-NARMAX with New Tasks

Horizon Task 1 Task 2 Task 3 Task 4 Joint Loss

1 0.1201 0.1717 0.1959 0.1608 0.1621

2 0.1504 0.1058 0.1462 0.103 0.1263

3 0.0896 0.1415 0.2817 0.129 0.16045

Table 3.7.: Comparison of Individual Loss Value of Old and New Tasks

To further assess the capability of the proposed multitask NARMAX-LSTM model, its per-

formance was compared with LSTM, ARIMA, and Backpropagation models. The comparison

results are shown in Figure 3.5, which clearly shows that in terms of joint loss, the multitask

NARMAX LSTM outperforms all the other models in all tasks in three different time horizons.

From Figure 3.5, it can be seen that ARIMA severely suffers negative transfer: its RMSE values

for Tasks 1 and 4 are much higher than those of the other models. The ARIMA model also

shows the worst performance for all tasks and for all time horizons. Backpropagation also

suffers negative transfer in all time horizons. The negative transfer occurs in Task 2 and

Task 4 for the Backpropagation model. The LSTM model performs well in one step ahead,

especially in tasks 1, 2, and 3, but it has poor results in other time horizons.
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Figure 3.5.: Comparison of the joint loss of the NARMAX-LSTM, LSTM, Backpropagation, and ARIMA. (a) One

Step Ahead (b) Two Steps Ahead (c) Three Steps Ahead

3.4.1.4. Comparison Between NARX LSTM and NARMAX LSTM

3.4.1.5. Summary

NARX RNN Model

A total of six multitask learning RNN models, namely, LSTM, bilSTM, GRU, NARX-LSTM, NARX-

biLSTM, and NARX-GRU, have been investigated for tide level prediction from one to three

steps ahead. All models were initialized with the same neural network setting, e.g. the num-

ber of hidden layers and the number of nodes in each hidden layer. It turned out that GRU

in both individual RNN models and combined NARX-RNN models outperformed other mod-
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els in terms of average RMSE. It was also observed that the prediction performances of the

three individual RNN models, namely, LSTM, biLSTM and GRU, were improved when they

were combined with the NARX model. In other words, the three hybrid models NARX-LATM,

NARX-biLATM, and NARX-GRU perform better than LSTM, biLSTM, and GRU, respectively, for

all the cases of the three-time horizons (i.e., 1-, 2-, and 3-steps ahead prediction). The study

also found that the biLSTM and NARX biLSTM may not be suitable for predicting tide level

with multitask learning models due to their poor performance for all three different prediction

cases (three-time horizons).

NARMAX LSTM Model

This work proposed a novel multitask learning approach for time series forecasting by ef-

fectively integrating the NARMAX and LSTM models. Unlike traditional time series forecasting

methods which follow a single model for a singletask practice, the proposed MLT-NARMAX-

LSTM method deals with time series modeling and forecasting from a multitask viewpoint: it

does not treat a single time series modeling and forecasting as an isolated task, but one of a

set of tasks; the individual tasks are not the same but closely associated to each other (e.g.,

common features, similar change patterns, sharable knowledge, and information).

The proposed method has several advantages. For example, it generates robust models by

using information shared by all the tasks; it avoids overfitting that can easily occur when us-

ing traditional time series modeling methods; and the combination of the two different types

of modeling methods, namely, NARMAX and LSTM, makes the proposed modeling frame-

work immune to negative transfer. The predictive capability of MTL-NARMAX-LSTM network

models was tested and evaluated on several real datasets of tide levels. Experimental results

confirm the good performance of the proposed method.

By analyzing the NARX LSTM and NARMAX LSTM forecast results in three different forecast

horizons, it can be seen that models with nonlinear performance are better than those without

NARX or NARMAX. Nonlinear models show better results in one-step-ahead, two-step-ahead,

and three-step-ahead forecasts because these approaches not only include past data but also

output from the previous forecast. In NARMAX, the input for the model also includes noise,

which is assumed to be able to read additional information for the model. The source of

input from the previous output and noise gives the model more information while forecasting

the tide level. More information means the model has additional knowledge to deliver more

accurate results.

48 Chapter 3: Hard Parameter Sharing Multitask Learning using Non-Linear Autoregressive

Models and Recurrent Neural Networks



3.4.2 Data Set 2

Data set 2 concerns a multitask problem: forecasting the tide level in five stations (five tasks)

simultaneously, namely, Harwich, Lerwick, Millport, Portrush, and Weymouth. Experiment-

ation on different numbers of tasks will be further performed. Specifically, the proposed

models are used to forecast six more stations, namely Aberdeen, Devonport, Fishguard,

Holyhead, St Mary, and Stornoway, to further assess the model’s generalization perform-

ances for solving many tasks, ranging from 6 to 11. The datasets for these six stations were

measured in the same period and with the same 15-minute sampling period.

3.4.2.1. Parameters Setting

The network hyper-parameters were determined through simulations by testing a set of

parameters shown in Table 3.8.

Parameter Values

Number of hidden layer 1

Number of nodes 25,50,100,150,200,250,300,350

Optimizer Adam, SGDM

Number of iterations 300

Maximum lags for NARX 𝑛𝑦 = 1, 2, 3, 4, 𝑛𝑢 = 1, 2, 3, 4
Maximum lags for NARMAX 𝑛𝑦 = 1, 2, 3, 4, 𝑛𝑢 = 1, 2, 3, 4, 𝑛𝑒 = 1

Table 3.8.: Parameter Setting

3.4.2.2. Results and Discussion

NARX and NARMAX are compared using three different RNN models with a variety of time

lags. Two optimizers, namely stochastic gradient descent with momentum (SGDM) and ad-

aptive moment estimation (ADAM), are used to optimize the associated models. The joint

loss value or average value of RMSE, based on the combinations of the candidate para-

meters presented in Table 3.8, was simultaneously carried out on the datasets for the five

stations (i.e., Harwich, Lerwick, Millport, Portrush, and Weymouth) for finding the optimal

network model parameters and determined the best model structure. Both NARX-RNN-MTL

and NARMAX-RNN-MTL models were then established based on the values of the root mean

square error (RMSE) of five tasks. Three RNN structures, namely, LSTM, BiLSTM, and GRU,

were used to build the NARX-RNN-MTL and NARMAX-RNN-MTL models.

The performance of three NARX-RNN-MTL models with 16 specific lags, trained with SGDM

and ADAM for the five tasks, was compared. The comparison is based on joint loss, or aver-
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age RMSE value, indicating the performance of each model. The details of these experimental

settings are shown in Table 3.9. The findings from the comparison are as follows:

No Lag delay

Joint Loss (Average RMSE)

SGDM ADAM

GRU LSTM biLSTM GRU LSTM biLSTM

1 (𝑛𝑦 = 1, 𝑛𝑢 = 1) 0.10598 0.17322 0.28982 0.16231 0.19635 0.18830

2 (𝑛𝑦 = 1, 𝑛𝑢 = 2) 0.10649 0.18470 0.28459 0.21822 0.17758 0.28459

3 (𝑛𝑦 = 1, 𝑛𝑢 = 3) 0.14729 0.16285 0.30918 0.22208 0.27188 0.19872

4 (𝑛𝑦 = 1, 𝑛𝑢 = 4) 0.12999 0.16768 0.30962 0.23365 0.27584 0.17331

5 (𝑛𝑦 = 2, 𝑛𝑢 = 1) 0.11040 0.15774 0.34582 0.19442 0.21047 0.15283

6 (𝑛𝑦 = 2, 𝑛𝑢 = 2) 0.11865 0.15775 0.31986 0.19442 0.24187 0.20332

7 (𝑛𝑦 = 2, 𝑛𝑢 = 3) 0.13333 0.17340 0.29100 0.22796 0.26231 0.17221

8 (𝑛𝑦 = 2, 𝑛𝑢 = 4) 0.13932 0.19142 0.28496 0.24223 0.34013 0.20563

9 (𝑛𝑦 = 3, 𝑛𝑢 = 1) 0.12164 0.16396 0.28633 0.18606 0.29282 0.17917

10 (𝑛𝑦 = 3, 𝑛𝑢 = 2) 0.13305 0.18853 0.28329 0.23771 0.25633 0.22868

11 (𝑛𝑦 = 3, 𝑛𝑢 = 3) 0.11662 0.17910 0.30352 0.21835 0.24891 0.25139

12 (𝑛𝑦 = 3, 𝑛𝑢 = 4) 0.15127 0.19995 0.31023 0.25016 0.24891 0.20282

13 (𝑛𝑦 = 4, 𝑛𝑢 = 1) 0.14329 0.18544 0.30231 0.21711 0.28983 0.20301

14 (𝑛𝑦 = 4, 𝑛𝑢 = 2) 0.13971 0.18291 0.32236 0.15848 0.35830 0.23086

15 (𝑛𝑦 = 4, 𝑛𝑢 = 3) 0.15848 0.16859 0.30973 0.22282 0.20589 0.21365

16 (𝑛𝑦 = 4, 𝑛𝑢 = 4) 0.14329 0.21189 0.28626 0.21075 0.35164 0.25752

Table 3.9.: Performances of Identified 16 NARX-RNN-MTL Models

• The two lowest average RMSE values are 0.10598 and 0.15848, which are produced

by the model of NARX GRU using SGDM and ADAM, respectively.

• The distribution of average RMSE for NARX GRU and LSTM GRU using SGDM are relat-

ively small compared to NARX GRU and NARX LSTM using ADAM. From Table 3.9, it can

be seen that the minimum and maximum average values of RMSE for NARX GRU and

LSTM GRU using SGDM are 0.10598, 0.15848, 0.15774, and 0.21189, respectively, while

for NARX GRU and NARX LSTM using ADAM, the values are 0.15848, 0.25016, 0.17758

and 0.35830, respectively.

• NARX GRU using SGDM outperforms the following models for all the settings of time

lags (ranging from 1 to 4): (i) GRU using ADAM, (ii) LSTM using SGDM and ADAM, and

(ii) BiLSTM using SGDM and ADAM.

• For NARX BiLSTM, the relatively lower RMSE distribution is gained by using the ADAM

optimizer.
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Table 3.10 shows details of the 16 resulting models using three NARMAX-RNN-MTL models,

with 16 specific lags and trained with the two optimizers, SGDM and ADAM, for the five tasks.

Similar to the NARX-RNN-MTL results, the RMSE range distribution of the NARMAX-GRU and

NARMAX LSTM models using SGDM is smaller than using ADAM, but the range becomes

significantly wider for BiLSTM implemented with SGDM. Furthermore, NARMAX GRU trained

with SGDM outperforms other models. From table 3.10 it can bee seen that SGDMworks better

than ADAM for the NARMAX-GRU and NARMAX-LSMT models, whereas ADAM outperforms

SGDM for the NARMAX-BiLSMT model.

No Lag delay

Joint Loss (Average RMSE)

SGDM ADAM

GRU LSTM biLSTM GRU LSTM biLSTM

1 (𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.10191 0.18091 0.28408 0.15780 0.20377 0.17585

2 (𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.09961 0.17588 0.30377 0.16879 0.20888 0.19176

3 (𝑛𝑦 = 1, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.13875 0.15918 0.29990 0.18699 0.22137 0.18809

4 (𝑛𝑦 = 1, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.12616 0.16064 0.32019 0.20136 0.29417 0.22080

5 (𝑛𝑦 = 2, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.10972 0.16576 0.29414 0.19492 0.22167 0.20305

6 (𝑛𝑦 = 2, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.10980 0.16958 0.29454 0.19750 0.24746 0.16862

7 (𝑛𝑦 = 2, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.12900 0.16516 0.29947 0.21943 0.31842 0.20583

8 (𝑛𝑦 = 2, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.13144 0.20250 0.26188 0.24519 0.33824 0.20687

9 (𝑛𝑦 = 3, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.12864 0.15395 0.32849 0.20649 0.30592 0.22373

10 (𝑛𝑦 = 3, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.12250 0.17948 0.32849 0.23217 0.30592 0.22373

11 (𝑛𝑦 = 3, 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.11954 0.16456 0.30606 0.23067 0.27288 0.22879

12 (𝑛𝑦 = 3, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.13561 0.19274 0.28792 0.23114 0.30840 0.21352

13 (𝑛𝑦 = 4, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.13431 0.21346 0.28896 0.22387 0.25997 0.19986

14 (𝑛𝑦 = 4, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.14343 0.16216 0.31024 0.23185 0.29529 0.20957

15 (𝑛𝑦 = 4, 𝑛𝑢 = 3, 𝑛𝑒 = 1, ) 0.13754 0.18699 0.28547 0.23874 0.24995 0.21745

16 (𝑛𝑦 = 4, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.14401 0.19065 0.28606 0.23418 0.28934 0.24220

Table 3.10.: Performances of Identified 16 NARMAX-RNN-MTL Models

Table 3.11 illustrates the optimal settings for the NARX-RNN and NARMAX-RNN models and

their performances. The NARX-GRU and NARMAX-GRU models with smaller lags, trained with

SGDM, perform better than other models.
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Optimizer Model Lag delay Number of Hidden Layer
Joint Loss

(Average RMSE)

NARX-RNN-MTL

SGDM

GRU (𝑛𝑦 = 1, 𝑛𝑢 = 1) 300 0.10598

LSTM (𝑛𝑦 = 2, 𝑛𝑢 = 1) 50 0.15774

biLSTM (𝑛𝑦 = 1, 𝑛𝑢 = 2) 50 0.28459

ADAM

GRU (𝑛𝑦 = 4, 𝑛𝑢 = 2) 25 0.15848

LSTM (𝑛𝑦 = 1, 𝑛𝑢 = 2) 25 0.17758

biLSTM (𝑛𝑦 = 2, 𝑛𝑢 = 1) 25 0.15283

NARMAX-RNN-MTL

SGDM

GRU (𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 100 0.09961

LSTM (𝑛𝑦 = 3, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 25 0.15395

biLSTM (𝑛𝑦 = 2, 𝑛𝑢 = 4, 𝑛𝑒 = 1) 25 0.26188

ADAM

GRU (𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 100 0.15780

LSTM (𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 25 0.20377

biLSTM (𝑛𝑦 = 2, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 25 0.16862

Table 3.11.: The optimal settings of the NARX-RNN-MTL and NARMAX-RNN-MTL models and their performances

3.4.2.3. Baselines

In order to validate the overall performance and effectiveness, the proposed method was

tested and compared with the following baseline methods, including STL and MTL, without

using the NARX or NARMAX model:

• MTL implemented with GRU, LSTM and BiLSTM using SGDM and ADAM Optimizer

• STL implemented with GRU, LSTM and BiLSTM using SGDM Optimizer and ADAM

The comparison results of the individual RMSE and the lowest joint loss RMSE are tabulated

in Table 3.12, where the lowest average RMSE value is for MTL using NARMAX and GRU with

SGDM optimizer. Based on the average RMSE value, this model outperforms all the baseline

models. It can be noticed that this lowest average value does not guarantee that the individual

RMSE of each task also has a smaller value. For example, for Tasks 1 and 5, the NARMAX-

GRU-MTL model shows the best performance with the lowest individual RMSE values, while

for Tasks 2, 3, and 4, GRU-STL, GRU-MTL, and NARX-GRU-MTL show the best performance,

respectively. Table 3.12. shows that all the baseline models using SGDM deliver better results

than using ADAM; the SGDM optimizer has the best performance measured in either average

RMSE or individual RMSE.
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Model Hidden Node Task 1 Task 2 Task 3 Task 4 Task 5 Average

SGDM

NARMAX-GRU-MTL 100 0.16140 0.09458 0.12771 0.05048 0.06388 0.09961

NARMAX-LSTM-MTL 25 0.24487 0.12499 0.14582 0.10795 0.14610 0.15395

NARMAX-BiLSTM-MTL 25 0.42726 0.18621 0.31956 0.18871 0.18764 0.26188

NARX-GRU-MTL 300 0.21347 0.10470 0.10519 0.04220 0.06432 0.10598

NARX-LSTM-MTL 50 0.29863 0.13280 0.14630 0.09633 0.11466 0.15774

NARX-biLSTM-MTL 25 0.48090 0.22515 0.36826 0.17236 0.17627 0.28459

GRU-MTL 150 0.25929 0.15322 0.07548 0.04405 0.10889 0.12819

LSTM-MTL 50 0.28030 0.16359 0.17418 0.10057 0.08497 0.16072

BiLSTM-MTL 25 0.52474 0.22105 0.40890 0.21039 0.20774 0.31456

GRU-STL 250 0.29145 0.07239 0.18870 0.09555 0.34522 0.19866

LSTM-STL 250 0.24690 0.09911 0.12101 0.10604 0.20814 0.15624

biLSTM-STL 300 0.56596 0.28664 0.47933 0.24418 0.29645 0.37451

ADAM

NARMAX-GRU-MTL 100 0.19824 0.09073 0.16851 0.12965 0.20186 0.15780

NARMAX-LSTM-MTL 25 0.32049 0.09641 0.24447 0.10655 0.25092 0.20377

NARMAX-BiLSTM-MTL 25 0.25218 0.14970 0.17170 0.10981 0.15970 0.16862

NARX-GRU-MTL 25 0.19162 0.15533 0.22263 0.11317 0.10961 0.15848

NARX-LSTM-MTL 25 0.34495 0.09603 0.21576 0.09469 0.13649 0.17758

NARX-BiLSTM-MTL 25 0.23515 0.10303 0.17927 0.10553 0.14120 0.15283

GRU-MTL 50 0.26933 0.15941 0.19025 0.09281 0.15661 0.17368

LSTM-MTL 25 0.49935 0.15125 0.15912 0.10630 0.19532 0.22227

BiLSTM-MTL 50 0.30707 0.16566 0.16943 0.09655 0.15826 0.17939

GRU-STL 50 0.45873 0.19463 0.15439 0.14449 0.21260 0.23297

LSTM-STL 25 0.39998 0.17163 0.18295 0.10671 0.29542 0.23134

BiLSTM-STL 50 0.33139 0.27435 0.34500 0.24185 0.14102 0.26672

Table 3.12.: Comparison of RMSE values of of different models

Figure 3.6 provides a graphical illustration of joint loss, measured as the average RMSE of

different models. The bar plots show that GRU networks perform better than the other two

RNN variants (LSTM and BiLSTM).

To further evaluate the performances of NARMAX-GRU models for more tasks, experiments

were conducted in which six additional tasks of predicting tide levels at stations 6-11 were

included and performed simultaneously with the other five tasks (for stations 1-5). The joint

losses of the NARMAX-GRU models for these six tasks are shown in Figure 3.7, where it can

be noted that the prediction error increases with the increase of the number of tasks but still

maintains the errors at a stable level.
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Figure 3.6.: Comparison of joint loss error of NARMAX MTL, NARX MTL, MTL and STL

Figure 3.7.: Joint loss error of MTL NARMAX with many tasks

3.4.2.4. Summary

This study proposes a new class of NARMAX-RNN models, namely, NARMAX-LSTM, -BiLSTM,

and –GRU, combined with MTL learning for simultaneous multiple tide level forecasting. Ex-

perimental results revealed that NARMAX-GRU trained with SGDM outperformed the other

two RNN variants; the NARMAX-GRU model requires relatively small lags but may need a

relatively larger number of hidden nodes. The optimal NARX-GRU structure involves 300

hidden nodes, the maximum lag for input is 𝑛𝑢 = 1, for output is 𝑛𝑦 = 1, and the RMSE value

is 0.10598. For the NARMAX-GRU model, the best setting is as follows: 100 hidden nodes, the

maximum lag for input is 𝑛𝑢 = 2, and for output is 𝑛𝑦 = 1, and the RMSE value is 0.09961.

The results showed that NARMAX-GRU outperformed its counterpart NARX-GRU.

The model performances were also compared with and without using the MTL scheme. It

turned out that NARMAX-GRU has the lowest joint loss values. The three RNN models without

using the MTL scheme displayed poor performance compared to NARX and NARMAX with the

multitask scheme. One limitation of this work is that the proposed model still needs manual

fine-tuning to find the best hyper-parameters, e.g., time lags for each model variable and
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the number of hidden nodes, to build the best models. In the future, MTL models will be

designed to better fine-tune the training process using transfer learning. In addition, the data

used model for model training and forecasting are not only univariate but also multivariate

and multidimensional.
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4
Attention Soft Parameter Sharing

Multitask Learning using Nonlinear

Autoregressive Moving Average Model

with Exogenous Inputs

4.1. Introduction
This chapter conducted two multitask learning with a soft parameter sharing framework. The

first model is pure soft parameter sharing, where the sharing mechanism is through input

and parameter. The second model is mixed between hard and soft parameter sharing. The

sharing mechanism in the second model is not only via input and parameters but also via a

specialized sharing network. The soft and mixed parameter sharing models are built using

XCeption Convolution Neural Network, BiLSTM, and NARMAX. The performance of the two

proposed models was further evaluated on two forecasting datasets. Although convolution

neural networks and recurrent neural networks have been widely employed in significant

wave height forecasting, these applications mainly focus on singletask forecasting.

In summary, the main contributions are listed as follows:

• A novel significant wave height forecasting system based on neural networks and a

nonlinear model, which improves the forecasting accuracy and avoids negative transfer
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effect and unequal loss distribution.

• Extensive comparative experiments were conducted on our proposed model, confirm-

ing the effectiveness of the combination of NARMAX and multitask learning.

4.2. Significant Wave Height Forecasting

As one of the main challenges for human and environmental sustainability, climate change

become world attention. One major solution to this issue is transformation in energy sources.

The world no longer depends on fossil fuels, and it has been transformed into renewable en-

ergy. This new approach offers clean, sustainable, and affordable solutions that can reduce

the impact of climate change [103].

Wave energy, which has high power density [104, 105], is a potential renewable energy that

can be an alternative to solve the world energy crisis. One of the most vital parameters

of energy waves is significant wave height. Therefore, past, present, and future information

about significant wave height is important to be managed. Future information about signi-

ficant wave height can be delivered through the forecasting process. The machine learning

approach has plenty of choices to do this forecasting task. The use of machine learning,

especially in the context of forecasting tasks, has already been investigated and studied.

In [106], Wei forecasts significant wave height, average wave period, and mean wave period

using eight input variables by applying 2D convolutional neural networks and LSTM. This

work uses multiple inputs and multiple outputs methods in their models. The extreme Learn-

ing model with multiple inputs and multiple outputs is employed for forecasting significant

wave height and energy flux prediction [107] and uses ten variables as their inputs. Another

multiple input and multiple output study was conducted by Bento et al. [108]. This model

uses feedforward neural networks to forecast significant wave height, energy flux, and en-

ergy period.

Bai et al. [109] develop 2D convolutional neural networks with the random search algorithm

to optimize the hyper-parameters of the CNN neural networks to forecast significant wave

height. The proposed model uses two components as their input variables and aims to fore-

cast data in nine different buoys by using singletask learning model. One popular model

for forecasting is LSTM; in [110, 111], LSTM is used to forecast significant wave height in sev-

eral stations using historically significant wave height as their input variables. Both proposed

model uses a single-learning concept in their work.

Yevnin et al. [112] test their using LSTM and GRU neural network to forecast significant wave
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height by using six variables as inputs. The LSTM and GRU models use a singletask learning

model to forecast three buoy locations. In [113], Yang et al. combine seasonal-trend de-

composition procedures based on loess (STL) using 1D convolutional neural networks and

positional encoding (PE) to forecast significant wave height. The proposed model uses his-

torical data and a singletask learning approach to forecast significant wave height in three

stations. Numerous studies have been done to forecast significant wave height, but most

were by applying singletask learning or multiple inputs and multiple outputs methods, none

of them, up to the authors’ knowledge, considers multitask learning models combined with

NARMAX.

4.3. Methodology

4.3.1 Soft Parameter Sharing Network Architecture

The proposed soft parameter sharing multitask learning consists of three layers with the

following components :

• The first layer is task-specific input layer. This layer manages specific input into a

specific network. The number of networks in this layer equals the number of tasks. This

study applied three tasks to the network so that this layer would have three networks,

each based on Xcpetion and BiLSTM neural networks. Each network will have three

outputs, and this output will be inputted into the next layer.

• The second layer is also a specific layer called the middle layer, and the number of

networks is equal to the number of networks in the previous layer. The middle layer is

built using XCeption, BiLSTM, and the NARMAX model. The purpose of adding NARMAX

is to increase the number of past information entered into the networks. The input for

the middle layer is one output from every previous network. For the output, the middle

layer only has one output for each network, and this input will be fed into the last layer

or output layer.

• The final or output layer is built based on Xcpetion, BiLSTM and Attention Neural Net-

works. This layer only has one input and one output for each specific network.

Architecture for soft parameter sharing is shown in Figure 4.1

4.3.2 Mixed Paramter Sharing Network Architecture

The proposed mixed parameter sharing multitask learning consists of three layers with the

following components :
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Figure 4.1.: Soft Parameter Sharing Multitask Learning Architecture

• The specification for the first layer is similar to the soft parameter input layer. The layer

also has a task-specific input layer, and the number of networks equals the number

of tasks. The input layer in the mixed parameter sharing approach used Xception and

BiLSTM in each network. All output for this layer will be the input for the next layer or

networks.

• The middle layer for the mixed parameter sharing model only consists of one network

and is built based on XCeption, BiLSTM, and NARMAX. The output from this network is

equal to the number of tasks.

• Similar to soft parameter sharing, the output layer for this approach is also based on

Xcpetion, BiLSTM, and Attention Neural Networks. This layer consists of an output-

specific layer to accommodate each task.

Architecture for mixed parameter sharing in Figure 4.2.

Figure 4.2.: Mixed Parameter Sharing Multitask Learning Architecture

4.3.3 Data Normalization

Normalization is a process of adjusting or transforming data into a specific or common

scale. The purpose of data normalization is to increase comparability or balance between

the datasets and avoid any specific variable or feature from dominating the analysis. In
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this study, observation data was transformed using z-score normalization. The formula for

z-score normalization for a feature 𝑥 is defined as:

𝑧 =
(𝑥 − 𝜇)

𝜎
(4.1)

where

𝜇 =
1
𝑛

𝑛∑
𝑖=𝑖

𝑥𝑖 (4.2)

where

𝜎 =

√∑𝑛
𝑖=𝑖(𝑥𝑖 − 𝜇)2

𝑁
. (4.3)

where 𝑥 is observation, 𝜇 is mean, 𝜎 is sigma, 𝑥𝑖 is data points, and 𝑁 is the total number

of data points

4.4. Experiments

This section presents the experiment scenario for mixed and soft parameter sharing models.

The detailed information on the datasets used in this chapter is introduced first. The input

network selection process is then introduced. Finally, details of the training setting for the

proposed models are shown.

4.4.1 Dataset

Experiments are conducted on two datasets:

The first dataset is used to forecast three standard meteorological data sets in Grays Reef,

and nine variables are used for their inputs. This data set consists of 12.000 datasets. The

variables are as follows:

1. Average wave period (seconds).

2. Air temperature (celsius).

3. Dew point temperature (celsius).

4. Mean Wave Direction (degrees).

5. Sea level pressure (hPa).

6. Wind direction (m/s)
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7. Wind speed (m/s)

8. Sea surface temperature (celsius).

9. Significant wave height (meters)

The output of the systems or tasks to be solved using the first dataset is to forecast (1)

significant wave height (WVHT), (2) average wave period (APD), and (3) mean wave direction

(MWD).

The second data set is used to forecast three stations/locations simultaneously and uses ten

variables for their inputs. The second dataset consists of 26.304 data. The variables are as

follows:

1. Average wave period (seconds).

2. Air temperature (celsius).

3. Wind Gust (m/s).

4. Mean Wave Direction (degrees).

5. Sea level pressure (hPa).

6. Wind direction (m/s)

7. Wind speed (m/s)

8. Sea surface temperature (celsius).

9. Significant wave height (meters)

10. Dominant Wave Period (second)

The output of the systems or tasks to be solved using the second dataset is to forecast

significant wave height in three different locations (Grays Reef, Canaveral, and Frying Pan

Shoals).

Both datasets are time series of standard meteorological data recorded every 15 minutes.

This study focuses on one step ahead of forecasting so that the model will predict the next

interval of 15 minutes. The datasets were extracted from the National Data Buoy Center

(NDBC) website https://www.ndbc.noaa.gov/to_station.shtml.
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4.4.2 Input Network Selection

The input network is the network that receives input and is located in the first layer of the

network. This network plays an important role because if it delivers poor output, it will

affect the next layer results. Five convolutional and two recurrent neural network models are

investigated to find the best input network for mixed and soft parameter sharing networks.

Input networks with a combination of convolutional neural network models and recurrent

neural networks are as follows:

1. AlexNet with GRU or BiLSTM

2. LeNet with GRU or BiLSTM

3. GoogleNet with GRU or BiLSTM

4. MobileNet with GRU or BiLSTM

5. XCeption with GRU or BiLSTM

4.4.3 Training Setting

All experiments utilize 32 hidden nodes, a learning rate of 0.05, and a total of 300 epochs.

The whole network is trained through stochastic gradient descent with momentum (SGDM).

The output lag 𝑛𝑦 , input lag 𝑛𝑢 , and noise lag 𝑛𝑒 for both models are set to 3.

4.5. Results and Discussions
This section first evaluates four convolutional and two recurrent neural network models to

identify the best network for input. Then, the performance of mixed and soft parameter

sharing with NARMAX is compared. The comparison includes singletask learning and mixed

and soft parameter sharing without NARMAX. The performance comparison of both proposed

models is reflected by the average and individual RMSE metrics.

4.5.1 Input Network Selection

For input network selection, combinations of convolutional neural networks with GRU or BiL-

STM are tested and compared. Figures 4.3 and 4.4 show the performance comparison of

the input network based on average RMSE and individual RMSE, respectively.

From Figure 4.3, it can be observed that XCeption using GRU or BiLSTM is the best model.

XCeption using GRU and BiLSTM has an average RMSE of 0.210308 and 0.206751, while
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single RNN (GRU and BiLSTM), AlexNet RNN, LeNet RNN, GoogleNet RNN, and MobileNet RNN

produce an average RMSE of more than 0.28.

Figure 4.3.: Performance Comparison of Input Network Based on Average RMSE

As shown in Figure 4.4 (a), GRU and BiLSTM performance for Task 1 is better compared with

RMSE under 0.2, while Task 2 and Task 3 have RMSE more than 0.4. AlexNet with GRU or

BiLSTM performance for Task 1 is worse than all models with an RMSE of more than 0.22.

The RMSE results for Task 2 and Task 3 with this model are also no better than Task 1, with

an RMSE of more than 0.39.

The performance of LeNet with RGU or BiLSTM is slightly better than AlexNet with GRU or

BiLSTM. The RMSE for Task 1 is 0.213 for LeNet with GRU and 0.217 for LeNet with BiLSTM.

LeNet with GRU for Task 2 and Task 3 is 0.365 and 0.365071, respectively. For Task 2 and 3,

LeNet with BiLSTM delivers RMSE equal to 0.385 and 0.403, respectively.

For Task 1, GoogleNet with GRU or BiLSTM performs better than AlexNet, with RMSE 0.205

for GRU and 0.209 for BiLSTM. In contrast to their Task 1 result, Task 2 and Task 3 using

either GRU or BiLSTM performed worse than other models, with RMSE 0.443 and 0.4714 for

GoogleNet with GRU and 0.4725 and 0.494 for GoogleNet with BiLSTM.

MobileNet, when applied with GRU, delivers better results than BiLSTM. XCeption with GRU

or BiLSTM achieved the best RMSE results compared to all models. For Task 1, Task 2, and

Task 3, the RMSE value for XCeption with GRU is 0.0991, 0.285, and 0.2461, respectively.

XCeption with BiLSTM, compared with XCeption with GRU, achieved better performance in all

tasks with RMSE is 0.0971, 0.268, and 0.255, respectively. Based on these results, XCeption
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with BiLSTM was used as our input network.

Figure 4.4.: Performance Comparison of Input Networks Model Based on Average RMS

4.5.2 Mixed and Soft Parameter Sharing Performance

As shown in Table 4.1, two proposed models using NARMAX outperform singletask learning

and multitask learning models without NARMAX in all datasets. For dataset 1, the optimal

model is Mixed Parameter Sharing Multitask Learning NARMAX with a loss equal to 0.179272,

and for dataset 2, Soft Parameter Sharing Multitask Learning NARMAX delivers the best result

with RMSE equal to 0.088589. All models using mixed and soft parameter sharing show

better results than singletask learning except for mixed parameter sharing without NARMAX

in dataset 1.

Next, based on individual loss, soft and mixed parameter sharing are compared with sing-

letask and multitask approaches without NARMAX. The individual task loss for dataset 1 is

shown in Table 4.2. Table 4.2 shows that mixed parameter sharing is the only model in
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Model Dataset 1 Dataset 2

Singletask Learning 0.206751 0.102468

Mixed Parameter Sharing Multitask Learning 0.212074 0.098046

Mixed Parameter Sharing Multitask Learning NARMAX 0.179272 0.094526

Soft Parameter Sharing Multitask Learning 0.203452 0.090384

Soft Parameter Sharing Multitask Learning NARMAX 0.194847 0.088589

Table 4.1.: Comparison of Mixed and Soft Parameter Sharing Multitask Learning with singletask Learning and

Model
Dataset 1

Task 1 Task 2 Task 3

Singletask Learning 0.097119763 0.2680003 0.255134

Mixed Parameter Sharing Multitask Learning 0.082386769 0.27475628 0.27908

Mixed Parameter Sharing Multitask Learning NARMAX 0.072709903 0.24291776 0.222189

Soft Parameter Sharing Multitask Learning 0.080267876 0.25686762 0.273221

Soft Parameter Sharing Multitask Learning NARMAX 0.069742292 0.25509876 0.259702

Table 4.2.: Individual Loss of Three Task for Dataset 1

which all individual loss performance outperforms singletask learning. Compared to the

singletask model, the soft parameter model with and without NARMAX only delivers better

individual loss for Task 1 and Task 2. The RMSE results for Task 3 using soft parameter sharing

multitask learning NARMAX are slightly worse than those for the singletask model.

The performance of individual loss of dataset 2, as shown in Table 4.3, using mixed para-

meter sharing multitask learning NARMAX, soft parameter sharing multitask learning, and soft

parameter sharing multitask learning NARMAX in all tasks is better than singletask learning.

The loss gap between tasks is also relatively small, which indicates that these three models

are able to avoid negative transfer and maintain the loss balance between tasks.

Model
Dataset 2

Task 1 Task 2 Task 3

Singletask Learning 0.169046 0.067288 0.071069

Mixed Parameter Sharing Multitask Learning 0.169602 0.0604575 0.06408

Mixed Parameter Sharing Multitask Learning NARMAX 0.152556 0.0638525 0.067171

Soft Parameter Sharing Multitask Learning 0.145516 0.060706 0.064931

Soft Parameter Sharing Multitask Learning NARMAX 0.143373 0.061243 0.061153

Table 4.3.: Individual Loss of Three Task for Dataset 2
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By comparing the results from Dataset 1 and Dataset 2, it can be seen that Dataset 2 delivers

lower RMSE results in individual loss and joint loss compared to Dataset 2. These results not

only appear in soft parameter sharing but also mixed parameter sharing and singlet ask

learning models. The significant difference in results occurs because the expected output

from Dataset 1 is more complex than that of Dataset 2. The output for Dataset 1 is 1) signific-

ant wave height (WVHT), (2) average wave period (APD), and (3) mean wave direction (MWD).

In contrast, the output for Dataset 2 is only one variable (significant wave height). Output for

Dataset 1 consists of three different variables with three different measurement units: meters,

seconds and degrees. Different in unit mean, each variable can have a different range num-

ber of output, which can cause the model to work harder to narrow the distance between

tasks. On the other hand, the Dataset 2 event though has three outputs, but all of them have

the same unit, which causes the model to work less to find the similarity between task or

output.

4.6. Summary

Two multitask learning approaches were proposed by implementing soft parameter shar-

ing and mixed parameter sharing approaches. The first model is soft parameter sharing

NARMAX, and the other is mixed parameter sharing. While the soft parameter approach has

a fully independent network, the mixed model has an independent network and a sharing

network in its network. Both models are performed in two datasets. The mixed parameter

sharing multitask learning with NARMAX outperforms all models for dataset 1, while soft para-

meter sharing multitask learning with NARMAX outperforms all models for dataset 2.

From the results and discussion,it was found that multitask learning with mixed or soft parameter-

sharing with NARMAX techniques not only improves forecasting accuracy but is also capable

of avoiding a negative transfer. For mixed and soft parameter sharing, multitask learning

without NARMAX using dataset 1 and dataset 2 shows better average results than singletask

learning but fails to avoid negative transfer because one of the tasks gains worse results than

singletask learning.
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5
Gated Multitask Learning with Nonlinear

Autoregressive Moving Average Model

with Exogenous Inputs

5.1. Introduction
This chapter introduces Gated Multitask Learning using NARMAX and applies a hard parallel

mixture of expert [73]. The proposed model is an extended model of soft parameter sharing

presented in Chapter 4. Like soft parameter sharing, the gated model concept only shares the

input and parameter. Although numerous studies have been conducted on significant wave

height forecasting, none of them, up to the authors’ knowledge, considers the application of

a mixture of expert models combined with NARMAX. The goal is to apply gated and NARMAX

models to enhance the accuracy of significant wave height forecasting, prevent negative

transfer, and equally distribute the loss value.

In summary, the main contributions are listed as follows:

• Proposed a novel gated multitask learning with NARMAX and compared it with a sing-

letask learning model and gated multitask learning without NARMAX.

• The performance of Gated Multitask Learning is demonstrated by using a nonlinear

model and convolutional neural network to forecast significant wave height.
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• A comparative study is done to evaluate the effectiveness of NARMAX in the gated

multitask learning model

The forecasting case in this chapter refers to dataset 1, mentioned in Chapter 4.

5.2. Methodology

5.2.1 Experts Networks Input Distribution

In a mixture of experts, the input to be fed to the expert is randomly sampled from training

data and the class. This study adopted a hard mixture of experts [73], where each expert

trains individually without involving a gate network. Because of this, the input sampling or

data distribution to experts has to be done independently.

One of the sampling modeling methods is bootstrapping. Bootstrapping or bootstrap sampling

is a sampling method that randomly samples the data with replacement. Replacement means

the sample chosen from the dataset can be chosen again [31]. Bootstrapping has difficulties

dealing with time series data because it has to manage the non-stationarity and autocorrel-

ation in time series [114]. To solve this issue, Liu and Singh [115] and Künsch [116] proposed a

new sampling method called the moving block bootstrap unlike bootstrapping, which creates

a new group of samples by taking random data observations from the original sample, mov-

ing block bootstrap only sampling within a row of formed groups or blocks. The purpose

of this process is to preserve the original structure of the time series, which is where the

observations have to be formed in specific time intervals. Moving block bootstrapping of a

time series can be seen in Fig 5.1.

Figure 5.1.: Moving Block Bootstrapping of A Time Series Reprinted from [114]

5.2.2 Gated Multitask Learning with NARMAX Model

In this section, a mixture of experts with NARMAX is proposed for multitask modeling to fore-

cast significant wave height. Figure.5.2 illustrates the graphical architecture of the proposed
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model.

Figure 5.2.: Gated Multitask Learning

Gated Multitask Learning with NARMAX is composed of the following components.

• Experts Networks

This network consists of seven experts. Unlike the classic expert network approach,

which uses the same model or neural network for each expert, this method employs

four different networks to create seven experts. Our proposed experts consist of two

Xception CNN and GRU networks, two Xception CNN and LSTM networks, two Xception

CNN and BiLSTM networks, and a single Xception CNN and LSTM Projected Layers

network. The input for the expert is manage by using the moving block bootstrap

method explained in subsection 5.1

• Gating Networks

The gating network is built using Xception CNN followed by BiLSTM. In this network,

NARMAX is implemented to enhance its sharing capability and all the data is used as

input for this network.

• Tower Networks

As the last network in the architecture, the tower network is specialized for each task.

Three Backpropagation neural networks are used for the three specific tower networks.
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Mathematically, given a data sequence with 𝑡 time steps 𝑥 = (𝑥1, 𝑥2, ..., 𝑥𝑡). For a given time

step 𝑡 for input (𝑥𝑡), :
𝑦𝐾(𝑡+1) = ℎ𝐾

𝐵𝑎𝑐𝑘𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛
( 𝑓 𝐾(𝑥𝑡)) (5.1)

where

𝑓 𝐾(𝑥𝑡) =
𝑚∑
𝑖=1
(𝑔𝐾𝑥)𝑖 𝑓𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝑅𝑁𝑁 𝑖(𝑥𝑡) (5.2)

where ℎ𝐾
𝐵𝑎𝑐𝑘𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛

is the tower network for task 𝐾, 𝑓 𝐾 is the output of the gated mixture

of experts layer, 𝑓𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝑅𝑁𝑁 𝑖 is the 𝑖 − 𝑡ℎ is the expert (there are 𝑚 experts in total), 𝑔𝐾 is

gating network. RNN in XCeptionRNN are GRU, LSTM, BiLSTM, and LSTM Projected layer. The

gating network define as

𝑔𝐾(𝑥) =𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥(𝑊𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝐵𝑖𝐿𝑆𝑇𝑀(𝑦1(𝑡 − 1), ..., 𝑦1(𝑡 − 𝑛𝑦), ..., (𝑦𝑚(𝑡 − 1),
..., 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 1), ..., 𝑢1(𝑡 − 𝑛𝑢), ..., 𝑢𝑟(𝑡 − 1), ..., 𝑢𝑟(𝑡 − 𝑛𝑢),
𝑒1(𝑡 − 1), ..., 𝑒1(𝑡 − 𝑛𝑒), 𝑒𝑚(𝑡 − 1), ..., 𝑒𝑚(𝑡 − 𝑛𝑒))

(5.3)

where

𝑊𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝐵𝑖𝐿𝑆𝑇𝑀(𝑦1(𝑡 − 1), ..., 𝑦1(𝑡 − 𝑛𝑦), ..., (𝑦𝑚(𝑡 − 1), ...,𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 1), ..., 𝑢1(𝑡 −
𝑛𝑢), ..., 𝑢𝑟(𝑡 − 1), ..., 𝑢𝑟(𝑡 − 𝑛𝑢), 𝑒1(𝑡 − 1), ..., 𝑒1(𝑡 − 𝑛𝑒), ..., 𝑒𝑚(𝑡 − 1), ..., 𝑒𝑚(𝑡 − 𝑛𝑒)

is gating function using XCeption followed by BiLSTM applied with NARMAX model, 𝑦(𝑡), 𝑢(𝑡)
and 𝑒(𝑡) are the system output, input, and noise, respectively; 𝑛𝑦 , 𝑛𝑢 , 𝑛𝑒 are the maximum

lags in the output, input, and noise.

In this work, the gated mixture model is trained to minimize the cost function, which is the

sum of squared losses:

5.2.3 Model Training

A classic mixture of experts models trains the experts alongside the gating, but in [73],

Colobert et al. proposed a hard nonprobabilistic mixture where each expert is trained inde-

pendently on a random subsets dataset. This train mechanism is used on large datasets that

implement complex models. This training approach will be adopted to train our proposed

model. The training process is as follows :

a) Sampling training data using moving block bootstrap

b) Independently train each expert 𝑓𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝑅𝑁𝑁 𝑖 over one of sampling subset data

c) Train the fixed experts 𝑓𝑋𝐶𝑒𝑝𝑡𝑖𝑜𝑛𝑅𝑁𝑁 𝑖 with the gater 𝑔𝐾 and tower ℎ𝐾
𝐵𝑎𝑐𝑘𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛

to minimize 𝐿 on the whole training set.

𝐿 is a joint loss function, which refers to equation 3.24 in chapter 3.
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5.3. Experiments

To find the ideal expert for the gated mixture of experts model is found through experi-

mentation with six convolutional neural network models and four recurrent neural network

models. The experiments include an expert model with only one neural network and an

expert architecture with two neural networks.

The expert’s model with only one neural model uses GRU, LSTM, BiLSTM, or LSTM Projector

Layer (LSTM P). Expert with two neural networks is a combination of convolutional neural

network models and recurrent neural networks is as follows:

1. AlexNet with GRU, LSTM, BiLSTM or LSTM P

2. LeNet with GRU, LSTM, BiLSTM or LSTM P

3. ResNet50 with GRU, LSTM, BiLSTM or LSTM P

4. VGG 16 with GRU, LSTM, BiLSTM or LSTM P

5. VGG 19 with GRU, LSTM, BiLSTM or LSTM P

6. XCeption with GRU, LSTM, BiLSTM or LSTM P

As previously mentioned, the data was sampled with the moving block bootstrap method,

so it is important to choose the block’s size. Determining the block’s size can be challenging

because a shorter block length can deliver more precise predictions, while a longer block

data has more complete information. This study conducted seven variations [96, 72, 48,24,

13, 6, 3] of block length to validate our expert network.

The experts and gating are trained with SGDM using 32 hidden nodes; the learning rate is set

to 0.05 with 32 hidden nodes. The Tower network is a build-based Backpropagation neural

network with 25 hidden nodes, and the learning rate is set to 0.01. The best combination

of input, output and noise lags is found by experimenting with varying lags [1, 2, 3]. The

optimal number of experts in the Gated Mixture model is determined by experimenting with

the number of experts, starting from 4 to 8.

5.4. Results and Discussion
In this section, several framework settings for our model are evaluated to find the ideal

gated multitask learning architecture. First, a detailed experiment on several expert models

is introduced. The average RMSE and individual RMSE values from each expert are used to

determine which experts to include in our model. Following that, the optimal block size is
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discussed. The average RMSE value from each expert is used to decide the optimal block

length for sampling the observation data. Next, several lag networks are compared based

on the average RMSE on joint loss to determine the ideal output lag (𝑛𝑦), input lag (𝑛𝑢) and
noise lag (𝑛𝑒). Finally, to validate our proposed models, comparisons are made between (1)

the singletask learning model, (2) the Gated multitask learning model without NARMAX, and

(3) the Gated multitask learning model with NARMAX. All comparisons are based on average

RMSE and individual RMSE (RMSE for each task) and use the best settings discovered in the

previous experiment.

5.4.1 Experts Selection

Four single expert models using recurrent neural networks (RNN) were compared with six

convolutional neural networks (CNN) combined with expert models of recurrent neural net-

works. Figure 5.3 shows the performance comparison of experts based on average RMSE,

and Figure 5.4 shows the performance comparison of experts based on individual RMSE.

As shown in Figure 5.3, the performance of all models, with Xeception, using GRU or LSTM or

BilSTM or LSTM Projected Layer, outperforms other models. Experts with worse performance

are VGG 19 combined with all RNN models and VGG 16 combined with GRU or BiLSTM, with

an average RMSE of more than 4. Figure 5.4 shows that Single RNN, AlexNet RNN, LeNet RNN,

Figure 5.3.: Performance Comparison of Experts Based on Average RMSE

ResNe50 RNN, and XCeption have individual RMSE under 0.3 for Task 1 and under 0.7 for

Task 2 and Task 3. In contrast, VGG 16 RNN and VGG 19 perform the worst, with RMSE for
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Task 1 reaching 0.9, except for VGG 16, which uses LSTM and LSTM Projector Layer. For Task

2 and Task 3, VGG 16 and RNN 16 reached RMSE values of more than 0.9, except for VGG

16, which used the LSTM and LSTM Projector Layer.

In a model that only uses RNN (without combination with CNN), BiLSTM has the lower RMSE

(0.179942) for Task 1, while LSTM Projected Layer is the best model for Task 2 and Task 3,

with RMSEs of 0.471383 and 0.486482, respectively. AlexNet combined with RNN performs

well, with RMSEs for all RNNs under 0.23 for Task 1 but ranges from 0.4 to 0.59 for Task 2

and Task 3.

Like single RNN and AlexNet RNN, LeNet RNN and Resnet RNN also perform well in Task 1 with

RMSE ranges from 0.16 to 2.3 but fail to present good results for Task 2 and Task 3 with RMSE

ranges from 0.4 to 0.8. XCeption RNN performance is the best compared to other models.

For Task 1, the RMSE values range from 0.09 to 1.2, and the RMSE range from 0.29 to 0.44

for Task 2. For Task 3, Xception RNN ranges from 0.25 to 0.55.

Based on these results, XCeption GRU, XCeption LSTM, XCeption BiLSTM, and XCeption LSTM

Projected Layer were used as our experts. As stated in subchapter 5.3, the number of experts

is experimented with several numbers of experts, starting from 4 to 8. For the next exper-

iment, the first expert will be XCeption GRU, the second expert will be XCeption LSTM, the

third expert will be XCeption BiLSTM, and the fourth expert will be XCeption LSTM Projected.

Expert number five will use XCeption GRU and so on.

5.4.2 Optimal Block Size

As given in Table 5.1, for a model with a total of experts 5, 6, 7, and 8, the ideal block size

is 96. A model with four experts has the lowest loss value in all block sizes compared with

a model with 5, 6, 7, and 8 experts. In detail, the average RMSE values for 96, 72, 48, 12,

and 6,3 are 0.208668, 0.207816, 0.232025, 0.231136, 0.282639, 0.405442, and 0.343812,

respectively. Since the loss difference between block sizes 72 and 96 is relatively small, block

size 96 was used to train all models.

Average RMSE
Number of Experts

96 72 48 24 12 6 3

4 0.208668 0.207816 0.232025 0.231137 0.282639 0.405443 0.343812

5 0.354722 0.369535 0.371042 0.36353 0.364682 0.355724 0.364427

6 0.354721 0.374638 0.373696 0.380752 0.359274 0.362248 0.364098

7 0.355947 0.371228 0.371924 0.372777 0.37123697 0.3603 0.365572

8 0.36584 0.376588 0.376075 0.374488 0.362634 0.362703 0.365015

Table 5.1.: Comparison of Block Size Length with Five Different Experts Number
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Figure 5.4.: Performance Comparison of Experts Based on Average RMSE
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5.4.3 Gated Multitask Learning Performance

The increasing number of experts has a significant impact on model accuracy. The model

with a bigger number of experts performs better than the model with a small number of

experts. Model with 4,5 and 6 experts has joint loss more than 0.2, in contrast model with

7 and 8 experts gain loss less than 0.18. From Table 5.2, it can also be observed that the

proposed gated mixture of expert models needs a small output lag 𝑛𝑦 = 1 and input lag

𝑛𝑢 = 1, , meaning the model needs less time to be trained.

Number of Expert Lag Networks Joint Loss

4
(𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 2) 0.21578923

(𝑛𝑦 = 2, 𝑛𝑢 = 3, 𝑛𝑒 = 2) 0.21359232

5
(𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.21259185

(𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.20313972

6
(𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.22113117

(𝑛𝑦 = 2, 𝑛𝑢 = 1, 𝑛𝑒 = 2) 0.21468935

7
(𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.17757598

(𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.17906236

8
(𝑛𝑦 = 1, 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.17636764

(𝑛𝑦 = 1, 𝑛𝑢 = 1, 𝑛𝑒 = 2) 0.17220143

Table 5.2.: Optimal Lags Number for Experts

Table 5.3 shows the comparison performance of these models. The NARMAX Gated Multitask

Learning with 7 and 8 experts outperformed all models regarding joint loss. The forecasting

performance of the proposed model is demonstrated and compared to the singletask model

and gated multitask learning without applying NARMAX. It also shows that the Gated Multitask

Model with NARMAX delivers a lower joint loss value than the Gated Multitask Model without

NARMAX.

To further evaluate the performance of the proposed model, the individual tasks of each

model are compared. The comparison results are shown in Table 5.4. The prediction accur-

acy of NARMAX Gated Multitask Learning, which had 8 experts in every singletask, is strictly

better than NARMAX Gated Multitask Learning with smaller experts and models without ap-

plying NARMAX. Based on joint loss and individual RMSE, it can be found that adding lags to

the model improves its performance.

From the experiments, it was found that multitask learning does not always perform bet-

ter than singletask learning. In Tables 5.2 and 5.3, it can be seen that singletask learning

has lower joint loss and individual RMSE in each task compared to Gated Multitask Learning

without NARMAX. Individual RMSE in three tasks shows that there is a small gap between Task

2 and Task 3, but the RMSE gap between Task 1 and Task 2 or Task 3 is slightly large. This
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Model Number of Experts Joint Loss

Singletask - 0.206751

Gated Multi Task Learning

4 0.229665

5 0.204761

6 0.216079

7 0.234716

8 0.230243

NARMAX Gated Multi Task Learning

4 0.213592

5 0.20314

6 0.214689

7 0.177576

8 0.172201

Table 5.3.: Performance Comparison of NARMAX Gated Multitask Learning with Singletask Learning and Gated

Multitask Learning

Model Number of Experts Task 1 Task 2 Task 3

Singletask - 0.09712 0.268 0.255134

Gated Multi Task Learning

4 0.139454 0.270454 0.279087

5 0.097241 0.260541 0.2565

6 0.099584 0.277225 0.271427

7 0.10082 0.291135 0.312193

8 0.101817 0.298616 0.290296

NARMAX Gated Multi Task Learning

4 0.097633 0.265173 0.277971

5 0.096775 0.257587 0.255058

6 0.100283 0.285246 0.277865

7 0.090764 0.221489 0.220475

8 0.08928 0.21283 0.214495

Table 5.4.: Perfomance Comparison of Individual Task RMSE between NARMAX Gated Multitask Learning, Sing-

letask Learning, and Gated Multitask Learning
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means the loss balance between tasks only happens to Task 2 and Task 3.

NARMAX works better than a singletask model and Gated Multitask Learning because it brings

more information to the model. For the input, NARMAX uses past data, output from previous

forecast results, and noise, while singletask learning and gated multitask learning only use

past data. The large amount of input by NARMAX makes the model more likely to have more

information or knowledge to deliver more accurate results.

5.5. Summary

In this chapter, two Gated Multitask frameworks are built. The first framework is based on

NARMAX, while the other does not use NARMAX. The proposed model using NARMAX is proven

to increase the accuracy of significant wave height forecasting compared to the singletask

learning model. The optimal model is gained using eight experts, 𝑛𝑦 = 1, 𝑛𝑢 = 1, and
𝑛𝑒 = 2. The loss value between the three tasks is small between Task 2 and Task 3 but

became slightly large for Task 1. Based on these results, the proposed model is able to avoid

the negative transfer effect by outperforming singletask model but failed to gain a loss of

balance between all tasks.
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6
Conclusions and future work

The motivations of this project are to build a multitask learning framework that is able to

improve forecasting accuracy, avoid negative transfer, and distribute loss value equally. This

thesis introduces three novel model contributions and a case study to show the effectiveness

of the proposed multitask model for forecasting

6.1. Conclusions
The main purpose of multitasking learning is to solve several tasks simultaneously by us-

ing a sharing mechanism. Like any other model, this approach still has flaws. The first

issue creating multitask learning is that the accuracy of multitask learning is worse than

singletask learning. By multiplying the task, the model fails to grab the information from

multiple sources, causing the model to have low accuracy compared to singletask learning.

The second problem is unequal loss distribution between tasks or failure to distribute loss

value equally. This indicated one or more tasks degrading other task performance. This

thesis contributes to solving these issues by designing, developing, and implementing novel

multitask learning by employing neural networks and nonlinear models.

Chapter 3 proposed two multitask learning methods, combining the Recurrent Neural Net-

works Model (GRU, LSTM, and BiLSTM) and the nonlinear model (NARX and NARMAX).Hard

parameter sharing and non-deep neural networks are employed for both models. Further-

more, the model is evaluated using tide level forecasting. The input variable for this model
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is historical tide level data, and the output is to forecast tide level data in multiple locations

simultaneously. The results show that the models are able to outperform singletask learn-

ing; this means the model successfully avoids negative transfer. The model is also able to

distribute loss value equally.

In Chapter 4, two novels multitask learning models are developed based on a soft parameter

sharing technique to forecast significant wave height. The proposed models are built based

on BiLSTM, XCeption, and NARMAX for specialization and sharing layers. For the output layer,

the attention model is added to the networks. Two datasets related to significant wave height

forecasts are implemented into the model. The experiments demonstrated that both models

could avoid negative transfer in the first dataset, but the gap of loss value between tasks is

slightly large. For the second dataset, both models are not only capable of avoiding negative

transfer but also manage to distribute loss between tasks equally.

Chapter 5 focuses on developing novel multitask learning by borrowing a mixture of experts’

concepts. A novel gated multitask learning is designed using eight experts and a single gate

with NARMAX. The dataset used in this chapter is similar to the one used in Chapter 4, but

only Datset 1 is applied. The results of the experiment show that gated multitask learning

improves the forecasting results and does not suffer from negative transfer.

By analyzing the results from Chapter 3, the time lag variation and the neural networks set-

ting show that the numbers of input time lag, output time lag, hidden layers, and hidden

nodes have no correlations. The increase of the network complexity, namely, the increase of

hidden layers, number of nodes, and time lag, does not significantly affect the accuracy or

joint loss value of the models. In some cases, it needs a relatively more significant number

of hidden layers to generate the lowest joint loss value, while in other cases, it only needs

a single hidden layer with a minimal number of hidden nodes. This means that manual

intervention is still needed in the fine-tune process of the neural network models.

As seen from chapters 4 and 5, the choice of which neural networks to pair with NARMAX

to build the best multitask learning model plays an important role. Choosing the right pair

requires quite a bit of time and can be an exhaustive process.
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6.2. Future work
The work conducted in the study can be potentially extended to address limitations and

further improvements. Some ideas and future extensions are listed below.

• One of the most difficult issues to solve in multitask learning is unequal loss distribution.

Creating a model that can share information and distribute loss equally seems to be a

complex job for a multitasking learning framework. Curriculum learning, which has a

concept of training from simple to complex problems, may be able to solve this issue.

Extending multitask learning by combining it with another learning method, such as

curriculum learning and reinforcement learning, can be an alternative solution to solve

the unequal loss distribution problems.

• Implementation of multitask learning into less related tasks or unrelated tasks. Multitask

learning works well in highly related tasks, but problems are not always related in the

real world.

• Gated multitask learning has big potential to solve multitasking learning issues. This

model can be developed into a flexible model. Flexibility in terms of the number of

experts used in the model can be based on the task difficulties. The number of experts

is not decided randomly or based on trial and error but on the task to solve.
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Abstract—Traditional time series forecasting models 

based on neural networks are usually designed for a 

single task, which ignores the source of knowledge or 

information from other related tasks. On the other 

hand, multitask learning (MTL) offers a new 

perspective where one model is not only for one 

forecasting case or task but several tasks at the same 

time. The MTL model proposed in this study is based 

on the Nonlinear AutoRegressive Moving Average with 

eXogenous input (NARMAX) model and Long-Short 

Term Memory (LSTM) Neural Networks. The 

NARMAX-LSTM model is tested and validated using 

three different time horizons and different cases/tasks. 

The model forecasting performance is compared with 

that of three other linear and nonlinear models. The 

comparison results show that the multi-task 

NARMAX-LSTM model does not only have better 

prediction performance but also avoid suffering from 

negative transfer and overfitting.  

 
Keywords-multitask learning, NARMAXx, LSTM, 

forecasting;  

I.  INTRODUCTION 

 
Machine learning provides an important tool for 

solving real-life data based modelling problems. 
Traditionally, different modelling tasks are usually solved 
separately by choosing a specific technique for the task to 
find optimal solutions. Such a modelling approach is called 
single task learning (STL). The STL method can only give 
one forecast result using an available model; it requires to 
fine-tune other models in cases where there is a need to 
produce other forecast results for a similar or related task. 

However, in certain cases, it is possible to 
simultaneously deal with several tasks/problems by 
exploiting the information and knowledge from other 
similar and related tasks [1, 2]. Such an approach is called 
Multi-Task Learning (MTL). The term Multi Task is used 
to describe a single model that can be used to conduct two 
or more tasks at the same times [3]. The MTL framework 
attempt to share useful information across tasks in parallel. 
The goal of MTL is to leverage information in various 
learning tasks to improve the model generalisation 
performance [4, 5]. From this perspective of performance 
generalisation, the high computational capacity of deep 

neural networks (DNN) can be combined with MTL to 
improve its performance. This approach has been widely 
applied in numerous area of science and engineering [2,5]. 

One of the benefits of neural networks (NN) is their 
capability to perform various data sets and endpoints 
concurrently. Caruana [6] argued that neural networks are 
suitable for MTL problems because NN can learn hidden 
information of the data shared between multiple tasks [3, 
7]. The basic idea of combining NN with MTL is as 
follows: the NN hidden layer are shared by all tasks 
(targets/outputs); the training or learning process for all 
task is implemented in parallel; some hidden nodes may be 
specially designed for a specific task; add auxiliary output 
nodes for auxiliary tasks [8, 9].  

NARMAX is a class of non-linear model that can be 
treated as a neural network. This study uses LSTM neural 
network as non-linear framework for NARMAX [10]. 

The combination of MTL can increase the 
effectiveness of the resulting models by augmenting the 
training set and by using different datasets for related 
tasks. Because the model has to learn shared information 
for multiple tasks, there is a lower possibility of overfitting 
[10]. Another advantage of MTL is that it will cut down 
the number of networks that need to be trained, optimised, 
and evaluated. Therefore, MTL would be more cost-
effective in terms of computational resources. In the 
industrial world, this plays an important role in cost-saving 
when dealing with DNN [3]. Although MTL has the 
aforementioned advantages, it has drawbacks and one of 
them is the negative transfer [11]. The model performance 
may be better on average overall tasks using the MTL 
setting, but for some particular tasks, MTL may produce 
unsatisfactory performance compare to independently 
trained framework or STL. Such a detrimental effect in 
MTL performance is called negative transfer. Negative 
transfer can also be described as the situation where 
accurate forecasting for less difficult tasks are negatively 
affected by inaccurate forecasting results for harder tasks 
[2, 12, 13].  

This study proposes a novel MTL framework based on 
NARMAX-LSTM that can simultaneously forecast 
several tasks to reduce the complex process of designing 
the neural network models and improving the forecast 
accuracy using models that avoid or overcome experience 
negative transfer and overfitting. 
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The main contributions of the work are summarized as 
follows: 

1) The proposal of a novel MTL framework using 
NARMAX-LSTM that addresses the challenges of 
overfitting and negative transfer problems.  

2) The design and scheme of a single model structure that 
can be used for multiple tasks/cases (e.g. forecasting) 
simultaneously.   

3) The analysis of the performance of MTL NARMAX –
LSTM,  and the comparison with single-task baselines 
for three different time horizons. 

II. THEORETICAL BACKGROUND FOR MULTITASK 

LEARNING AND NARMAX 

A. Multitask Learning 

MTL is a machine learning approach for 
simultaneously solving and learning multiple tasks that 
related to each other by shared knowledge among the tasks 
[5, 14]. MTL is also called learning with auxiliary tasks, 
jointly learns and learns to learn [15]. The auxiliary tasks 
are expected to help the main task train or learn its tasks 
by supplying knowledge and representation [16]. The 
definition of MTL is as follows: 

Given � learning tasks  {��}����  where the subset of the 
tasks or all the tasks are related but not exactly alike, 
multitask learning aims to improve the learning of a model 
for ��  by using the information contained in the � tasks.  

MTL can be seen as a machine learning way to mimic 
the activity of how human learns. The information or 
knowledge that we acquire from somewhere can often be 
transferred to and/or used somewhere else. For instance, 
skills learned from a sport activity can usually applied to 
another sport, such as skills learned in squash and tennis 
can benefit each other [4,15,16]. MTL is useful for dealing 
with a data modelling problem under the following 
scenario: a set of tasks have commonalities between each 
other; therefore, the model for each task could gain 
advantages by sharing knowledge across the tasks than 
training then independently [5, 16]. 

MTL methods can be roughly categorized into two 
classes soft parameter sharing and hard parameter sharing 
[15, 16, 17]. The fundamental idea of hard parameter 
sharing is sharing the hidden layer among all tasks and 
having output separately or allocated several specific 
output layers for specific tasks [15,17, 18]. This approach 
dramatically impacts the risk of overfitting and 
minimizing the loss function of multiple tasks [15, 16]. 
The rationale of this claim is as follows: the more tasks 
learn or train jointly, the more the MTL model has to 
capture all representation or information from all tasks and 
the less the model has the opportunity of overfitting [15]. 
Baxter [19] demonstrated the possibility of smaller 
overfitting by using the shared parameters in comparison 
that in task-specific parameters.  

 MTL is useful for dealing with a data modelling 
problem under the following scenario: a set of tasks have 
commonalities between each other; therefore, the model 

for each task could gain advantages by sharing knowledge 
across the tasks than training then independently [5, 16]. 

       Compared to soft parameter sharing, hard 
parameter sharing is more likely to use in MTL 
architecture while soft parameter sharing extent their used 
in multi task optimisation. These two approaches are not 
ideal enough to accurately describe the multi task expertise 
[7, 15]. The hard parameter sharing architecture is shown 
in Figure. 1. 

Task A Task B Task C

             

         Shared 

        Layers

     

        

Task       

Specific         

Layers

 
     

 Figure 2. Hard parameter sharing architecture 

Source: adapted from [15, 18] 

 

B. NARMAX 

NARMAX is transparent non-linear system 
identification method which focuses on determining the 
best model structure including selecting most useful and 
important model terms based on available systems output 
and output data [10]. The NARMAX model is expressed 
as follows: 

� 
�� =  � ��
� − 1�, �
� − 1�, … , ��� − ���, �
� −
��, �
� − � − 1� … , �
� − � − ���, �
� −
1�, �
� − 2� … , �
� − ���� + �
��                  (1)                                                            

where  �
�� ,  �
��  and �
��  are the system output, input, 
and noise sequences, respectively; �� , �� , ��  are the 

maximum delays of the output, input and noise; �
. � is 
nonlinear function or mapping, and d is a time delay 
typically set to d=1. The problems or tasks that is relevant 
to nonlinear systems identification are also suitable to 
neural networks.  

The nonlinear mapping used in this study is based on 
LSTM neural networks. LSTM as nonlinear neural 
networks, which can be used to deal with nonlinear time 
series modeling tasks.   

III. THE PROPOSED MODEL  

A. Model 

The proposed NARMAX-LSTM model is designed 
based on the characteristics of the problem to be solved. If 
the input data pattern changes over time, like in a time 
series modelling problem, the feed-forward neural 
network may not perform well. This underperformance 
results from that the preceding output data are not being 
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used as input to derived the relationship between the input 
and output. 

This study uses a direct approach to generate forecast for 
time series data. The direct approach uses a separate model 
for each fixed horizon h of interest [21,22,23]. The h steps 
prediction of tide level forecasting using NARMAX-
LSTM as seen in [21] can be define as: 

� 
�� =  � ��
� − ℎ�, �
� − ℎ − 1�, … , ��� − ℎ −
���, �
� − 1�, �
� − 2� … , �
� − ���, �
� −
1�, �
� − 2� … , �
� − ���� + �
��                           (2)                                                                                            

The multi-task model bas NARMAX-LSTM for direct 
forecasting approach can be represented as: 

�� 
�� = ��  ���
� − ℎ�, ��
� − ℎ − 1�, ���� − ℎ −
���, … , ��
� − ℎ�, ��
� − ℎ − 1�, ���� − ℎ −
���, ��
� − 1�, ��
� − 2�, … , ��
� − ���,
… , �"
� − 1�, �"
� − 2�, … , �"
� − ���, ��
� −
1�, ��
� − 2�, … , ��
� − ���, … , ��
� −
1�, ��
� − 2�, … , ��
� − ��� �, # = 1, … , �    (3)                                                                                                   

Note that in this study the NARMAX model is realized 
based on LSTM, the functions �� (i=1,2,…,m) are derived 
from the mathematical model of LSTM. LSTM for 
NARMAX model can be established as: 

Forget Gate: 

�
�� =  $ 
%&'�
� − ��, �
� − ��, �
� − ��( + )&�     (4)   

Input Gate:                                                

#
�� =  $ 
%�'�
� − ��, �
� − ��, �
� − ��( + )��       (5)   

*̂
�� = �,�ℎ 
 %-'�
� − ��, �
� − ��, �
� − ��(� + )-(6)                     

*
�� =  �
��. *
� − 1� + #
��. *̂
��                                (7)              

Output Gate:                                                    

.
�� =  $ 
%/'�
� − ��, �
� − ��, �
� − ��( + )/�     (8) 

ℎ
�� = .
�� �,�ℎ
*
���                                                 (9)             

where $  is the sigmoid function; tanh  is the tangent 
function;  # is the input gate; � is the forget gate; . is the 
output gate; * is the memory cell; ℎ is the hidden layer 
output; 45 , ℎ5 is the input vector and hidden vector at time 
step t; % denotes the weight matrix and ) denotes the bias.  

The sharing layer is located in the hidden layer. The 
remaining layers are divided into different specific tasks, 
as illustrated in Fig.  1.    The LSTM layer acts as hidden 
layer and is shared all their properties with all four tasks. 
The lower layer is task-specific layer which is spilt 
according to their specific task.  Note that in this study 
multi-task NARMAX-LSTM model is designed for tide 
level forecasting, more details are given in the next section. 

IV. EXPERIMENTS 

A. Data Preparation 

This study is concerned with tide level prediction. The 
experimental dataset used consist of about 29,000 samples. 
The data are time series of tide level recorded every 15 
minutes. This study considered three different forecast 

horizons: one step, two steps ahead and three steps, 
corresponding to 15 minutes, 30 minutes and 45 minutes 
ahead of predictions. In other words, the model will predict 
on the next interval of 15 minutes, 30 minutes and 45. The 
data are divided into three parts: training, test and 
validation. 

B. Multitask LSTM-NARK Architecture 

 

Figure 1.  Architecture of Multitask NARMAX-LSTM 

The multi task problems in this study are to predict tide 
level in four stations (locations) simultaneously. The first 
task or main task is to forecast the tidal level in Wick, and 
the other tasks (as auxiliary tasks) are to predict tidal in 
Workington (task 2), Ullapool (task 3) and New Heaven 
(task 4).  

The prediction capability of the models was tested not 
only tested on validation and test data but also on other new 
tasks, including the tide level data at Barmouth, Cromer, 
Milford Haven and Tobermory. 

C. Performance Metrics 

Multiple loss functions were defined based on error 
values of the outputs of multiple tasks and the predicted 
results. STL may yield multiple local minimum values and 
the possibility that gradient vanishing appears in the 
training process is high. Because the tasks in MTL are 
executed simultaneously, the learning process can be 
prevented from falling into local minimal through sharing 
information between tasks [24].  

An overall loss of the prediction model was obtained 
by summing losses of different tasks. The loss of task n is 
defined in the form of the root mean square error:  

6789:   = ;∑ 
�=>?�>�@
A

A���                                                (10) 

where �=� is the predicted value, ��  is actual value and n is 
the number of observations. The various task-specific loss 
functions must be combined into a single aggregated loss 
function by the joint loss function, which is defined as: 
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6 = 
�
� ∑ 6���� RMSE                                                                                     (11) 

 
where L is the joint loss and � is the number of tasks. 

D. Results and Discussion 

The optimal time lag in the multitask NARMAX –

LSTM structure for each network were determined by 

using the lowest joint loss value obtained after performing 

empirical analysis. To find best neural networks 

architecture, the parameter settings for all the network 

models are as follows: the iteration number for each time 

horizon case is set to be 200; the number of hidden layers, 

hidden nodes, and time lags for input and output are set to 

be from 1 to 5, 32 to 256, and 1to 4, respectively.  

The details of joint loss results for three different time 

horizon based on the best parameter setting are 

summarized in Table I, II and III. 

It was observed from Table I that for one step ahead 

prediction, the optimal setting for the multi-task 

NARMAX-LSTM are as follows: time lag for input is 

2 
���, time lag for output is 1
���, time lag for noise is 1 


��� and there are a total of 128 nodes in the hidden layer.  

The one step ahead forecast model based on the 
optimal model in table I can be written as: 

�=� 
��  = ��  
��
� − 1�, ��
� − 2�, … , �B
� − 1�, �B
� −
2�, ��
� − 1�, … , �B
� − 1�, ��
� − 1�, … , �B
� −1� �                                                                   (12) 

For two step ahead case, the best model setting as 
follow: time lag for input is 4 
���, time lag for output is 
1
���, time lag for noise is 1 
��� and there are 128 nodes 

in the hidden layer as shown in Table I. 

�=� 
��  = ��  ���
� − 2�, ��
� − 3�, … , �B
� − 2�, �B
� −
3�, ��
� − 1�, ��
� − 2�, ��
� − 3�, ��
� −
4�, … , �B
� − 1�, �B
� − 2�, �B
� − 3�, �B
� −
4�, ��
� − 1�, … , �B
� − 1��                            (13) 

TABLE I.  TIME LAG PERFORMANCE FOR ONE STEP AHEAD 

FORECASTING 

No Time Lag LSTM Setting Joint 

Loss 

(average 
RMSE) 

Hidden 

Layer 

Hidden 

Node 

1. (�� = 1 , �� = 1, �� = 1� 4 64 0.3088 

2. (EF = G , EH = I, EJ = G� 1 128 0.1542 

3. (�� = 1 , �� = 3, �� = 1� 3 32 0.3185 

4. (�� = 1 , �� = 4, �� = 1� 1 32 0.2578 

5. (�� = 2 , �� = 1, �� = 1� 2 64 0.2416 

6. (�� = 2 , �� = 2, �� = 1� 1 32 0.1931 

7. (�� = 2 , �� = 3, �� = 1� 1 64 0.1774 

8. (�� = 2 , �� = 4, �� = 1� 2 64 0.2126 

9. (�� = 3 , �� = 1, �� = 1� 2 64 0.2248 

10. (�� = 3 , �� = 2, �� = 1� 2 32 0.2276 

11. (�� = 3 , �� = 3, �� = 1� 1 64 0.1854 

12. (�� = 3 , �� = 4, �� = 1� 1 64 0.1953 

13. (�� = 4 , �� = 1, �� = 1� 3 32 0.2988 

14. (�� = 4 , �� = 2, �� = 1� 1 32 0.2101 

15. (�� = 4 , �� = 3, �� = 1� 2 32 0.2380 

16. (�� = 4 , �� = 4, �� = 1� 3 64 0.2683 

As shown in Table III, the best model for the three steps 
ahead horizon case is as follow: two lagged input 
variables, two lagged output variables, one lagged noise 
variable and 64 nodes in hidden layer. For three steps 
ahead prediction, the model is: 

TABLE II.  TIME LAG PERFORMANCE FOR TWO STEPS AHEAD 

FORECASTING 

No Time Lag LSTM Setting Joint 

Loss 

(average 
RMSE) 

Hidden 

Layer 

Hidden 

Node 

1. (�� = 1 , �� = 1, �� = 1� 1 64 0.1287 

2. (�� = 1 , �� = 2, �� = 1� 1 32 0.1607 

3. (�� = 1 , �� = 3, �� = 1� 3 128 0.2273 

4. (EF = G , EH = K, EJ = G� 1 128 0.1262 

5. (�� = 2 , �� = 1, �� = 1� 1 64 0.1607 

6. (�� = 2 , �� = 2, �� = 1� 3 256 0.2340 

7. (�� = 2 , �� = 3, �� = 1� 1 32 0.1798 

8. (�� = 2 , �� = 4, �� = 1� 4 64 0.2326 

9. (�� = 3 , �� = 1, �� = 1� 3 32 0.2697 

10. (�� = 3 , �� = 2, �� = 1� 1 32 0.1633 

11. (�� = 3 , �� = 3, �� = 1� 1 64 0.1693 

12. (�� = 3 , �� = 4, �� = 1� 1 64 0.1621 

13. (�� = 4 , �� = 1, �� = 1� 4 64 0.5914 

14. (�� = 4 , �� = 2, �� = 1� 2 64 0.2340 

15. (�� = 4 , �� = 3, �� = 1� 2 128 0.2083 

16. (�� = 4 , �� = 4, �� = 1� 1 128 0.1731 

 

�=� 
��  = ��  ���
� − 3�, ��
� − 4�, ��
� − 5�, … , �B
� −
3�, �B
� − 4�, �B
� − 5�, ��
� − 1�, ��
� −
2�, … , �B
� − 1�, �B
� − 2�, ��
� − 1�, … , �B
� −
1��                                                                  (13) 

TABLE III.  TIME LAG PERFORMANCE FOR THREE STEPS AHEAD 

FORECASTING 

No Time Lag LSTM Setting Joint 

Loss 
(average 

RMSE) 

Hidden 

Layer 

Hidden 

Node 

1. (�� = 1 , �� = 1, �� = 1� 1 64 0.1739 

2. (�� = 1 , �� = 2, �� = 1� 2 32 0.2317 

3. (�� = 1 , �� = 3, �� = 1� 2 32 0.2252 

4. (�� = 1 , �� = 4, �� = 1� 2 128 0.1929 

5. (�� = 2 , �� = 1, �� = 1� 5 64 0.2767 

6. (EF = I , EH = I, EJ = G� 1 64 0.1546 

7. (�� = 2 , �� = 3, �� = 1� 3 128 0.2427 

8. (�� = 2 , �� = 4, �� = 1� 1 256 0.1566 

9. (�� = 3 , �� = 1, �� = 1� 3 64 0.2723 

10. (�� = 3 , �� = 2, �� = 1� 1 32 0.2037 

11. (�� = 3 , �� = 3, �� = 1� 2 256 0.1802 

12. (�� = 3 , �� = 4, �� = 1� 2 128 0.2324 

13. (�� = 4 , �� = 1, �� = 1� 1 32 0.2733 

14. (�� = 4 , �� = 2, �� = 1� 1 128 0.1723 

15. (�� = 4 , �� = 3, �� = 1� 3 64 0.2985 

16. (�� = 4 , �� = 4, �� = 1� 3 64 0.2596 

 
By analyzing the time lag variation and the LSTM 

setting from three different time horizons in Table I, II and 
III, we can see that the numbers of input time lag, output 
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time lag, hidden layers and hidden nodes have no 
correlations at all. The increase of the network complexity, 
namely, the increase of hidden layers, number of nodes and 
time lag does not have significant effect on the accuracy or 
joint loss value of the models. In some cases, it needs a 
relatively larger number of hidden layers to generate the 
lowest joint loss value while in other cases it only needs a 
single hidden layer with a minimal number of hidden 
nodes. This means that manual intervention is still needed 
in the fine-tune process of the neural network models.  

The models for the above three different time horizons 
were tested using four new tasks, their performance were 
analyzed and summarized as follows. As can be seen in 
Table IV, individual loss values of the tasks (old and new) 
in a same time horizon are slightly different from each 
other. No task has an obvious larger loss value than other 
tasks. This means that the performance of some specific 
tasks does not significantly impact the performance of the 
models for other tasks. The joint loss value results show 
that both new and old tasks do not encounter overfitting.   

TABLE IV.  COMPARISON OF INDIVIDUAL LOSS VALUE OF OLD 

TASKS AND NEW TASKS 

Multitask LSTM-NARMAX with Old Tasks 

Horizon Task 1 Task 2 Task 3 Task 4 Joint 
Loss 

1 0.0981 0.2167 0.1492 0.1527 0.1542 

2 0.1228 0.1356 0.1136 0.1331 0.1262 

3 0.0973 0.2026 0.1716 0.1472 0.1546 

Multitask LSTM-NARMAX with New Tasks 

Horizon Task 1 Task 2 Task 3 Task 4 Joint 

Loss 

1 0.1201 0.1717 0.1959 0.1608 0.1621 
2 0.1504 0.1058 0.1462 0.103 0.1263 

3 0.0896 0.1415 0.2817 0.129 0.16045 

 

To further assess the capability of the proposed multi-
task NARMAX-LSTM model, its performance was 
compared with LSTM, ARIMA and Backpropagation 
models. The comparison results are shown in Figure 2, 
from which it is clear that in term of joint loss, multi-task 
NARMAX LSTM outperforms all the other models in all 
task in three different time horizon. 

From Figure 2, it can be seen that ARIMA severely 
suffers negative transfer: its RMSE values for Tasks 1 and 
4 are much higher than those of the other models. The 
ARIMA model also shows the worst performance for all 
tasks and for all time horizons. Backpropagation also 
suffers negative transfer in all time horizons. The negative 
transfer occurs in Task 2 and Task 4 for the 
Backpropagation model. 

The LSTM model performs good in one step ahead 
especially in task 1, task 2 and task 3 but have poor results 
in other time horizons. 

V. CONCLUSION AND FUTURE WORKS 

The paper proposed a novel multi-task learning 
approach for time series forecasting by effectively 
integrating the NARMAX and LSTM models. Unlike 
traditional time series forecasting methods which follow ‘a 
single model for a single task’ practice, the proposed 
MLT-NARMAX-LSTM method deals with time series 
modelling and forecasting from a multi-task viewpoint: it 

does not treat a single time series modelling and 
forecasting as an isolated task, but one of a set of tasks; the 
individual tasks are not the same but closely associated to 
each other (e.g. common features, similar change patters, 
sharable knowledge and information). The proposed 
method has several advantages, for example, it generates 
robust models by making use of information shared by all 
the tasks; it avoids overfitting that can easily occur when 
using traditional time series modelling methods; the 
combination of the two different types of modelling 
methods, namely, NARMAX and LSTM, makes the 
proposed modelling framework immune to negative 
transfer. The predictive capability of MTL-NARMAX-
LSTM network models was tested and evaluated on 
several real datasets of tide levels. Experimental results 
confirm the good performance of the proposed method.   

In future, more benchmarks and case studies for 

applications in different areas will be investigated to 

further explore and improve the performance of the 

proposed method. To explore a new or improved MTL 

framework by employing evolutionary computation 

methods and transfer learning approach will be another 

interesting direction. 

 
Figure 2.  Comparison of the joint loss of the NARMAX-LSTM, 

LSTM, Backpropagation, and ARIMA. (a) One Step Ahead (b) Two 

Steps Ahead (3) Three Steps Ahead  
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Abstract—Tide level forecasting is one of major components 
in oceanography and marine research. The future prediction 
of tides is an important issue for human and environment. 
This study proposes new tide level prediction methods with 
multiple input multiple output (MIMO) approach based on 
nonlinear autoregressive with exogenous inputs (NARX) 
model and three types of recurrent neural networks (RNNs), 
namely, long short-term memory (LSTM), bi-directional 
long short-term memory (biLSTM) and gated recurrent unit 
(GRU) networks.   We develop three types of NARX models: 
NARX-LSTM, NARX-biLSTM and NARX-GRU. We 
evaluate the three models and compare their performances 
with LSTM, biLSTM and GRU network models.  It turns out 
that the proposed MIMO NARX based RNN models, 
especially NARX-LSTM and NARX-GRU  have better 
performance in comparison with their RNN counterparts 
(i.e., LSTM, biLSTM, and GRU). The NARX-GRU model 
shows the best performance for one step and three step ahead 
prediction in terms of RMSE in each location and average 
RMSE, while NARX-LSTM performs better for two steps 
ahead prediction in terms average RMSE. The results also 
show that the mixture of RNN and NARX improves the 
performance of RNN model for all the four tasks at four 
locations in the UK (Wick, Workington, Ullapol and New 
Heaven)  and for the three time horizons (i.e., 1, 2 and 3 steps 
ahead). 

Keywords- tide level forecasting, MIMO, NARX, LSTM, 
biLSTM, GRU 

I.  INTRODUCTION 

Tides are an ocean natural phenomenon, which are 
mainly influenced by the gravitational forces of the 
rotation of the earth and the alignment of the sun and 
moon. The rising and the falling of the sea levels can also 
be induced by meteorological conditions and shallow 
water. Predicting future tide levels plays a vital part in 
keeping people and the environment safe because the tide 
level fluctuations play a substantial role in marine 
meteorology, the operational of oceanography and coastal 
zone management. In the fields of marine meteorology and 
oceanography the future tide level data will be helpful for 
the disposal and movements of sediments, tracers and 
pollutants. Besides that, tide level data is also crucial for 
coastal structure harbor project such as constructing cross 
sea bridges or navigating large engineering. For coastal 
zone management, the tide level prediction can be used as 
early warning systems of occurrences of Tsunamis and 
prevent flooding caused by sea rise [1] – [4]. 

The conventional method to predict tidal is to build a 
model based on astronomical factors. This method is called 
harmonic analyses, but this approach can be difficult to 
implement when the non-astronomical features play more 
significant role than astronomical ones. The tide level data 

for forecasting is usually presented as a time series [5,6].  
An alternative technique to time series prediction, for 
instance Nonlinear Autoregressive Neural Network with 
Exogenous inputs (NARX) models and Recurrent Neural 
Networks (RNNs).  

Many studies have been conducted to forecast tide 
levels using different linear or nonlinear models with 
single input single output (SISO) or multiple input single 
output (MISO).  NARX model and RNN networks are 
among the commonly used techniques for tide level 
prediction,  which usually involves using nonlinear MIMO 
models.  

Wu et al. [7] carried out tide level forecasting using 
NARX neural network models and harmonic analysis with 
multiple inputs and single output. Nunno et al. [8] applied 
NARX network and LSTM models for forecasting high 
tide level of the city of Venice. In [9] and [10], LSTM was 
applied to tide level prediction. The models used in 
[8,9,10] involved multiple outputs, representing multiple 
tide levels of h steps ahead. These techniques can be easily 
implemented with LSTM models but these models still  
need to run � times if there are a number of � locations to 
forecast. An alternative MIMO  method for tide level 
prediction is to combine and integrate neural networks and 
non-linear MIMO models, which can simultaneously 
produce predictions of tide levels at several locations 
(geological areas). 

This study proposes a new class of nonlinear models 
and neural networks with multiple input and multiple 
output to predict tide level in several areas simultaneously. 
It aims to demonstrate the feasibility of using MIMO 
models based on two types of neural networks: a) solely 
using recurrent neural networks models, and b) recurrent 
neural networks combined with NARX models. Three 
RNN models, namely, LSTM, biLSTM and Gated 
Recurrent Unit (GRU),  are built in this study. These three 
neural networks are then integrated with the NARX model, 
respectively. Therefore, a total of six models are 
developed: LSTM, biLSTM, GRU, NARX-LSTM, 
NARX-biLSTM and NARX-GRU. Comparative studies 
are performed to evaluate the two types of models based 
on the same real data and for tide level prediction with 
three different time horizons.  

All the six models are used to forecast the tide levels of 
four different locations in the UK. This study is concerned 
with one step ahead, two steps ahead and three steps ahead 
predictions. The main contributions of the work are 
summarized as follows: 

Proceedings of the 27th International Conference on 
Automation & Computing, University of The West 
England, Bristol, UK, 1-3 September 2022 

 

20
22

 2
7t

h 
In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 A
ut

om
at

io
n 

an
d 

C
om

pu
tin

g 
(I

C
A

C
) |

 9
78

-1
-6

65
4-

98
07

-4
/2

2/
$3

1.
00

 ©
20

22
 IE

EE
 | 

D
O

I: 
10

.1
10

9/
IC

A
C

55
05

1.
20

22
.9

91
11

63

Authorized licensed use limited to: Sheffield University. Downloaded on August 09,2024 at 06:11:25 UTC from IEEE Xplore.  Restrictions apply. 

108 Appendix B: Paper 2



1) The proposal of using different recurrent neural 
network models, namely,  LSTM, biLSTM, GRU for 
tide level prediction by exploring MIMO nonlinear 
autoregressive with exogenous inputs with GRU, 
biLSTM and LSTM and MIMO with GRU, biLSTM 
and LSTM. 

2) The proposal of integrated NARX and RNN models, 
namely, NARX-LSTM, NARX-biLSTM and NARX-
GRU, for tide level prediction.  

3) Comprehensive comparative studies of the six models 
for tide leve prediction at three different horizons based 
on real data. 

II. METHODOLOGY 

A. MIMO Approach 

The MIMO approach is where several or many outputs 
are simultaneously predicted using multiple inputs, in 
which the output of the prediction model is a vector of 
future values predicted by using only single model 
structure and single dataset [11,12]. The multiple output in 
this forecasting strategy is several h steps ahead data.  

This study proposes different implementation ways of 
MIMO models. The designed MIMO architecture consists 
of multiple input and multiple output from several datasets 
(measured at different locations). The multiple outputs in 
our model is h steps ahead forecast results in multiple 
locations. The model only delivers single h steps ahead 
prediction but data are from multiple locations. The model 
is able to forecast the tide level at different locations one 
time by using the results from a few single models. The 
inputs are tide levels in four locations at the present time 
instant t and the output are the predicted data of tide level 
for h step/s ahead. This study implements direct 
forecasting models where there are h different models for 
h different time step/s.  

B. MIMO RNN 

As mentioned earlier, LSTM, biLSTM and GRU will 
be considered for implementing MIMO forecasting. The 
general architecture of the MIMO RNN is shown in Figure 
1, where  ������� = 1,2, … , ��  and ������� = 1,2, … , �� 

are the system inputs and outputs, �, �, �  are the numbers 
of lags, stations/locations and output variables, 
respectively. The outputs in this study assumed to be same 
with the number of the inputs. For example if the inputs 
are the location in four locations (r = 4), the output are the 
h steps ahead forecasting in four locations (i =4).  

The inputs layer of the proposed network model are 
sequences of the tide data in � locations followed by an 
RNN layer (LSTM or biLSTM or GRU), or a dense layer 
or fully connected layer and the outputs layer are tide level 
data in � location at time �. 

LSTM is a variant of RNN that was proposed by 
Hochreiter and Schmidhuber [13].  RNNs have 
disadvantages in training sequences with long term 
dependencies which cause gradient explosion or 
vanishing, and usually the longer the interval becomes, the 
more affected the gradient become [13]-[16].  LSTM, 
which works well on a wide variety of problems, is 

explicitly designed to address these issues by introducing 
memory cells. The functions of the cells are to determine 
the extent of the information to be erased, updated and 
exposed [13],[14], [16] – [18]. 

 

Figure 1. MIMO RNN Architecture 

 
The basic structure of LSTM usually comprises one 

memory cell (��� and three gates: forget gate (��), input 
gate (��), and output gate (��).  The forget gate decide what 
information will be thrown away, and how the information 
is taken out from the memory state of the previous step. 
The input gate decides what information will be added in 
the cell state and the output gate manage what information 
should be issued from the current state [14, 16, 19].   
BiLSTM is combination of two LSTM layers, where one 
layer is to move forward and the other one move backward. 
The backward and forward LSTM was proposed to 
overcome the limitation of LSTM that was only able to 
absorb previous information but failed to gain future 
information [19]-[21].  

GRU model is adapted from LSTM, aiming to simplify 
LSTM  by using only two gates: update gates (���  and 
reset gate (���. The input gate and forget gate in LSTM are 
merged into update gate  in GRU. This approach makes 
GRU require less training time and reduce computational 
cost [21]-[25]. 

C. MIMO NARX RNN 

  NARX is a nonlinear identification model that uses 
lagged inputs and outputs to represent the system behavior. 
NARX model is a special case of the nonlinear 
autoregressive moving average model with exogenous 
inputs (NARMAX) model that does not contain lagged 
noise variables. NARX model, implemented using a neural 
network structure, is usually called recurrent NARX 
network [26].  

 This study employs a direct approach using RNN to 
predict tide levels. The basic idea behind the direct 
approach is that forecasting for h time horizons (h steps 
ahead forecasting) are realized using different models [27-
30]. The h steps prediction of tide level can be obtained 
using NARX LSTM or NARX biLSTM. The model for h 
steps ahead prediction can be expressed as [27-29]:  

� ��� =  ����� − ℎ�, ��� − ℎ − 1�, … , ��� − ℎ −
���, ��� − 1�, ��� − 2� … , ��� − ���, �                    (1)                                                                 
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where ���� ��� ���� and  ��� are the system output and 
inputrespectively;��and �� are the maximum lags of the 

output and input; ��. � is nonlinear function or mapping. 

MIMO NARX RNN is an MIMO forecasting model 
that employs NARX by incorporating LSTM, biLSTM or 
GRU. The MIMO model based on these three neural 
networks for direct forecasting approach can be defined as 
[26,31]: 

�%��� = �%  ��&�� − ℎ�, �&�� − ℎ − 1�, �&�� − ℎ −
���, … , �'�� − ℎ�, �'�� − ℎ − 1�, �'�� − ℎ −
���, �&�� − 1�, �&�� − 2�, … , �&�� − ���,
… , �(�� − 1�, �(�� − 2�, … , �(�� − ��� �, � =
1, … , )    (2) 

The general architecture of MIMO NARX RNN is 
shown in Figure 2. The architecture of MIMO NARX 
RNN is basically similar to that of MIMO RNN in that 
both have four layers: input layer, RNN layer, dense layer 
and output layer. The difference is in the inputs: the MIMO 
NARX RNN model needs previous output values. This 
study focuses on the direct approach, and the observational 
values of the output are assumed to be known [24]. 

 In (2), �%  (i=1,2,…,m) are approximated  by using 
LSTM or biLSTM and GRU. The NARX-LSTM and 
NARX-biLSTM models can be represented as [13]: 

Forget Gate: 

���� =  * �+,-��� − ��, ��� − ��. + 0,�                     (3)   

Input Gate:                                                

���� =  * �+%-��� − ��, ��� − ��. + 0%�                       (4)   

�̂��� = ���ℎ � +2-��� − ��, ��� − ��.� + 02                   (5)                     

���� =  ����. ��� − 1� + ����. �̂���                                (6)              

Output Gate:                                                    

���� =  * �+3-��� − ��, ��� − ��. + 03�                     (7) 

ℎ��� = ���� ���ℎ������                                                 (8) 

GRU for NARX model can be represented as [32]: 

Hidden Gate: 

ℎ�t� =  �1 − z�t��. ℎ�t − 1� + ��t�. ℎ�t�                     (9)                       

Update Gate: 

��t� =  σ �W8-y�t − d�, u�t − d�.�                              (10) 

Reset Gate: 

��t� =  σ �W;-y�t − d�, u�t − d�.�                              (11) 

III. RESULTS AND DISCUSSION 

A. Data Preparation 

The multiple inputs considered in this study are the tide 
levels in four stations/locations of the UK (Wick, 
Workington, Ullapol and New Heaven), and the multiple  
outputs are the predicted values (of h steps ahead) of tide 
levels in the four locations, each using its own h steps 
ahead prediction model.   

The training set,  the validation set, and the test set have 
the sample sizes around 13,000, 3,000,and 3,000, 
respectively.  

 

Figure 2. MIMO NARX RNN Architecture 

B. Parameter Setting 

In order to fairly compare the six models, all RNN 
models are trained, validated and tested using the same 
parameter setting. The setting can be seen in table I. 

TABLE I.  PARAMETER SETTING FOR MIMO RNN/MIMO NARX RNN 

Parameter Values 

Number of hidden layer 1,2,3,4,5 
Number of nodes 25,32,64,128,256 

Activation function SGDM 

Number of iterations 200 
Time Lag for NARX model  ��  = 1,2,3,4    �� = 1,2,3,4 

C. MIMO RNN 

For the MIMO RNN models, a number of different 
neural network settings were implemented.  The optimal 
settings obtained for the three RNN network models are 
shown in Table II.  These results were achieved after fine 
tuning of the RNN parameters. The best results for LSTM 
model is by applying and testing a large number of hidden 
layers and using large time horizons. GRU delivers the 
best accuracy for forecasting in all time horizons while 
biLSTM failed to gain good overall performance. 

TABLE II.  MIMO RNN PERFORMANCE  

RNN 

Model 

Forecast 

Horizon 

Number of 

Hidden 

Layer 

Number of 

Hidden 

Node 

Average 

RMSE 

LSTM 1 1 256 0.2781 
 2 4 128 0.4894 

 3 5 256 0.4841 

biLSTM 1 1 32 0.5653 
 2 1 128 0.7131 

 3 1 32 0.6285 

GRU 1 2 256 0.1383 

 2 1 64 0.1082 

 3 5 25 0.4447 
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D. MIMO NARX RNN 

The optimal structure of MIMO NARX RNN model 
are determined using the lowest average RMSE values 
obtain after performing an empirical analysis as shown in 
Table III. As seen from Table I, for one step ahead and two 
steps ahead forecasting, the GRU models, with time lags 
 ��=4 and ��=2, perform best among the group of MIMO 

NARX RNN. The hidden layer of the optimal NARX-
GRU model for one step and two steps ahead includes 128 
and 64 nodes, respectively. For the three steps ahead case, 
the best model is still NARX-GRU, with the following 
setting: time lags  ��=1 and  ��=4; there are 128 nodes in 

the hidden layer. The details of network parameter setting 
for the best NARX RNN model are shown in Table IV. 

The models identified by the NARX RNN based on the 
optimal results in Table III for each horizon are listed 
below: 

1) One Step Ahead 

�>% ���  = �%  ��&�� − 1�, �&�� − 2�, �&�� − 3�, �&�� −
 4�, �&�� − 5�, … , �@�� − 1�, �@�� −
2�, �@�� − 3�, �@�� − 4�, �@�� − 5�, �&�� −
1�, �&�� − 2�, … , �@�� − 1�, �@�� − 2��(12)                       

2) Two Steps Ahead 

�>% ���  = �%  ��&�� − 2�, �&�� − 3�, �&�� − 4�, �&�� −
5�, �&�� − 6�, … , �@�� − 2�, �@�� −
3�, �@�� − 4�, �@�� − 5�, �@�� − 6�, �&�� −
1�, �&�� − 2�, … , �@�� − 1�, �@�� − 2��(13)                          

3) Three Steps Ahead 

�>% ���=�%��&�� − 3�, �&�� − 4�, … , �@�� − 3�, �@�� −
4�, �&�� − 1�, �&�� − 2�, �&�� − 3�, �&�� −
4� … , �@�� − 1�, �@�� − 2�, �@�� −
3�, �@�� − 4��                                               (14) 

TABLE III.  MIMO NARX RNN PERFORMANCE  

Network 

lags 
 Average RMSE 

One Step Ahead Two Steps Ahead Three Steps Ahead 

LSTM biLSTM 

 

GRU LSTM biLSTM 

 

GRU LSTM biLSTM 

 

GRU 

�� = 1 , �� = 1� 0.1576 0.5364 0.1089 0.1990 0.5070 0.134 0.2840 0.7233 0.1412 

(�� = 1 , �� = 2� 0.1717 0.4244 0.1358 0.6959 0.6899 0.1708 0.3054 0.6735 0.1638 

(�� = 1 , �� = 3� 0.2483 0.5483 0.1238 0.2372 0.5179 0.1209 0.1787 0.6728 0.1493 

(�� = 1 , �� = 4� 0.2041 0.4591 0.1427 0.1999 0.5390 0.1514        0.1755 0.6401 0.1379 

(�� = 2 , �� = 1� 0.1875 0.4650 0.1037 0.2742 0.4633 0.1462 0.4760 0.7084 0.1545 

(�� = 2 , �� = 2� 0.1120 0.5493 0.1053 0.1913 0.7097 0.2333 0.2881 0.7025 0.2111 

(�� = 2 , �� = 3� 0.2504 0.5148 0.1531 0.2443 0.6501 0.1309 0.2185 0.6991 0.1532 

(�� = 2 , �� = 4� 0.154 0.3841 0.1263 0.2847 0.5355 0.1537 0.1464 0.4114 0.1732 

(�� = 3 , �� = 1� 0.3640 0.5163 0.1541 0.2491 0.5312 0.2721 0.4883 0.5957 0.1703 

(�� = 3 , �� = 2� 0.1735 0.5553 0.1428 0.2635 0.5132 0.1751 0.2006 0.6928 0.1964 

(�� = 3 , �� = 3� 0.1948 0.4520 0.1214 0.2361 0.6943 0.2000 0.2788 0.7154 0.1533 

(�� = 3 , �� = 4� 0.1909 0.4619 0.1094 0.2199 0.2969 0.1619 0.2317 0.6299 0.1553 

(�� = 4 , �� = 1� 0.1822 0.3736 0.0955 0.2167 0.4606 0.1265 0.1591 0.5741 0.1455 

(�� = 4 , �� = 2� 0.1098 0.4163 0.1704 0.1385 0.5287 0.1284 0.2341 0.7481 0.1699 

(�� = 4 , �� = 3� 0.1660 0.4733 0.1216 0.2099 0.432 0.1454 0.1962 0.6849 0.1698 

(�� = 4 , �� = 4� 0.1341 0.5130 0.1216 0.1689 0.5524 0.2707 0.2346 0.7377 0.1796 

TABLE IV.  NEURAL NETWORKS SETTING FOR OPTIMAL RNN NARX 

MODELS 

Model Forecast 
Horizon 

Number of 
Hidden 

Layer 

Number of 
Hidden 

Node 

NARX- LSTM 1 1 256 

2 1 256 

3 1 128 

NARX- biLSTM 1 1 25 

2 1 25 

3 1 25 

NARX- GRU 1 1 128 

2 1 64 

3 1 128 

 
E. Performance Comparison Between MIMO RNN and 

MIMO NARX RNN 

The comparison of RNN and NARX RNN models were 
performed based on two metrics: average RMSE and 
individual RMSE for tide level prediction as each location. 

TABLE V.  COMPARISON PERFORMANCE OF MIMO-RNN AND MIMO- 

NARX IN TERM OF AVERAGE RMSE 

Model Time Horizon 

1 2 3 

LSTM 0.2781 0.4894 0.4841 

biLSTM 0.5653 0.7131 0.6285 

GRU 0.1383 0.1082 0.4447 

NARX-LSTM 0.1098 0.1385 0.1464 

NARX-biLSTM 0.3736 0.2969 0.4114 

NARX-GRU 0.0955 0.1209 0.1379 

 

Table V shows the comparison results based on average 
RMSE for one step ahead, two steps ahead and three steps 
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ahead forecasting.  It can be seen that in both GRU and NARX 
GRU groups, GRU gives the best overall performance in 
comparison with LSTM and biLSTM for one step and three 
steps ahead. The performance of the biLSTM is the worst 
among three models: the average RMSE values are larger than 
0.5. The biLSTM forecast results are slightly improved when 
the NARX model  deployed in the RNN network where the 
average RMSE values in the three different time horizons are 
below 0.45.  

Now we compare the RMSE values of the individual 
models for tide level prediction for different locations. The 
RMSE values for three prediction time horizons for the four 
locations are shown in Figure 4. We have the following 
findings: 

 

 

 

Figure 4. Comparison performance of MIMO RNN and MIMO NARX 
for every location 

1) For one step ahead prediction, the best model for  Wick 
and Workington is NARX GRU with RMSE values of 0.0508 
and 0.0888, respectively, whilst the optimal model for 
Ullapol and New Heaven is NARX LSTM.  

2) The optimal model for two steps ahead prediction of 
the tide level in Wick, Workington and New Heaven is GRU, 
whilst NARX-GRU gives the best results for Ullapol.  

According to the results shown in Figure 4, it can be 
noticed that the NARX LSTM model performs best for three 
steps ahead prediction in Wick and New Heaven, whereas 
NARX GRU performs best for the data at Workington and 
Ullapol. Similar to the case of using average RMSE, the 
biLSTM model demonstrates poor results in single models 
for each of the locations for almost all locations and time 
horizons. The model performs good only in Wick for one step 
ahead and two steps ahead forecasting. 

Based on the RMSE values for all the three different 
horizons and all the four stations, it also can be seen that the 
RMSE  values are not at the same level for the four locations. 
The location that has a relatively low and stable RMSE is 
Wick, while others locals have slightly higher RMSE values. 
This may suggest that one of the inputs or features can be 
detrimental to the performance of other features while using 
an MIMO model.   

The proposed models show the positive benefits of using 
several similar data to forecast the tide levels at different 
locations or stations simultaneously.  However, the 
combination of NARX networks and the MIMO models 
requires high computational costs. The MIMO models need to 
be well designed; in doing so, it does not only need to find the 
best number of delays (for MIMO NARX) but also the 
optimal number of hidden layers and hidden nodes. 

IV. CONCLUSION 

A total of six MIMO RNN models, namely, LSTM, 
bilSTM, GRU, NARX-LSTM, NARX-biLSTM, and NARX-
GRU have been investigated for tide level prediction from one 
to three steps ahead. All models were initialized with the same 
neural network setting, e.g. the number of hidden layers and 
the number of nodes in each hidden layer. It turned out that 
GRU in both individual RNN models and combined NARX-
RNN models outperform other models in terms of average 
RMSE.  It was also observed that the prediction performances 
of the three individual RNN models, namely, LSTM, biLSTM 
and GRU, were improved when they were combined with the 
NARX model. In other words, the three hybrid models 
NARX-LATM, NARX-biLATM and NARX-GRU perform 
better than LSTM, biLSTM and GRU, respectively, for all the 
cases of the three time horizons (i.e., 1-, 2-, and 3-steps ahead 
prediction). The study also found that the biLSTM and NARX 
biLSTM may not be suitable for predicting tide level with 
MIMO models due to their poor performance for all the  three 
different prediction cases (three time horizons).  

Future work will broaden the scope to include a feasibility 
investigation of the proposed method for other non-linear 
types of models. 
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 Tide level forecasting plays an important role in environmental management 

and development. Current tide level forecasting methods are usually 

implemented for solving single task problems, that is, a model built based on 

the tide level data at an individual location is only used to forecast tide level 

of the same location but is not used for tide forecasting at another location. 

This study proposes a new method for tide level prediction at multiple 

locations simultaneously. The method combines nonlinear autoregressive 
moving average with exogenous inputs (NARMAX) model and recurrent 

neural networks (RNNs), and incorporates them into a multi-task learning 

(MTL) framework. Experiments are designed and performed to compare 

single task learning (STL) and MTL with and without using non-linear 

autoregressive models. Three different RNN variants, namely, long short-

term memory (LSTM), gated recurrent unit (GRU) and bidirectional LSTM 

(BiLSTM) are employed together with non-linear autoregressive models. A 

case study on tide level forecasting at many different geographical locations 

(5 to 11 locations) is conducted. Experimental results demonstrate that the 

proposed architectures outperform the classical single-task prediction 

methods. 
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1. INTRODUCTION  

Tide level could have significant impact on human life, and the study of ocean phenomena is an 

essential part of coastal engineering, coastal ecosystem, and human activity. In the field of coastal 

engineering, tide level data are valuable for the construction of ports, offshores and cross-sea bridges [1]–[4]. 

For coastal ecosystems, tide level data can be crucial for sediment movements and pollutant tracing and 

monitoring [1], [5]. In the domain of human activity, tide level data can be used as important information in 

fishing, doing recreational activities [6], and potentially developing tidal energy [7], [8]. Therefore, it is 

important to effectively model and forecast tide levels. In doing so, tide level data are usually observed and 

recorded as time series. A classical way to make tide level forecasting is by implementing harmonic analysis 

method. Such a traditional way of forecasting can be ineffective if the data are incomplete (e.g., with some 

data being missing) [9]. Harmonic analysis methods usually also demand a substantial amount of parameters 

because such a method needs to use not only astronomical but also non-astronomical features [2], [10]. To 

overcome these drawbacks, an alternative forecasting method is required. 

Various algorithms and models have been proposed and explored to improve the accuracy of time 

series forecasting results. One of the most popular approaches for forecasting is using neural networks. 

Forecasting using artificial neural networks (ANNs), combined with other models, has attracted extensive 
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attention. Specifically, nonlinear autoregressive with exogenous input model (NARX) and nonlinear 

autoregressive moving average with exogenous input model (NARMAX) have been widely applied to 

complex system identification, modelling and time series forecasting [11]. For example, Aguirre et al. [12] 

employed both nonlinear autoregressive (NAR) and multi-layer perceptron models to investigate two 

fundamental issues which underlie periodic time series forecasting tasks (e.g., daily load forecasting): pattern 

mapping and dynamical prediction; the results are interesting and useful for designing more effective 

predictive approaches for short-term periodic time series forecasting. Wu et al. [13] proposed a combination 

of genetic algorithm, backpropagation and NARX for tide level prediction. Muñoz and Acuña [14] developed 

NARX and NARMAX models combined with shallow and deep neural networks (DNNs) to forecast daily 

demand data and air quality conditions. The performance of NARMAX and radial basis function (RBF) 

neural networks was examined by Omri et al. [15] for water flow depth forecasting. Gu et al. [16] proposed a 

neural network enhanced NARMAX model to predict the disturbance storm time (Dst) index and the model 

showed better performance than either NARX model and a typical neural network model alone. A novel 

cloud-NARX model is presented by Gu et al. [17] for the auroral electrojet (AE) index forecasting and 

prediction uncertainty analysis.  

The aforementioned methods, combining ANNs and other models, demonstrate promising results 

for time series prediction. However, most of these methods are designed for single task learning (STL), 

where a model trained using a set of time series data can only be used to make prediction of the same time 

series process, but cannot be used for other time series predictions, and therefore cannot benefit from sharing 

knowledge among related tasks [18], [19]. In many real scenarios, two or more different events or processes 

may be closely associated with each other; therefore, it is desirable to design a new framework that can be 

used to deal with more than one different but similar datasets simultaneously. 

To extend STL models to multi-task learning (MTL) cases, this paper proposes a new MTL 

framework by combining nonlinear aggressive models and recurrent neural network (RNN). The proposed 

MTL framework performs multiple tasks simultaneously, allowing for sharing information between related 

tasks. For RNN, an MTL scheme can be implemented by sharing information of the structures of the network 

models (e.g., numbers of layers and numbers of nodes in each layer) and their training process. Sharing 

information between multiple related tasks can boost learning efficiency and improve the generalization 

ability of the resulting models. These performance improvements are achieved through knowledge sharing 

between different tasks [19]–[21].  

Several MTL RNN models have been proposed for forecasting purposes in the literature. In study 

[22], MTL and long short-term memory (LSTM) RNN models were combined for wind power forecasting; 

the prediction accuracy was increased by more than 23.13% in comparison with the existing STL 

forecasting models. In study [23], MTL and RNN were used to forecast urban traffic flow; the forecasting 

accuracy was improved around 10% to 15% over baseline models. In study [18], another RNN variant, 

gated recurrent unit (GRU), was combined with MTL for traffic flow and speed forecasting; the model 

does not only improve the forecasting accuracy but also solve the problems caused by enlarging the 

dataset. In study [24], the performance of MTL with LSTM (MTL+LSTM) was compared with that of 

MTL+GRU for health assessment and remaining useful life forecasting; it shows interesting results where 

LSTM gives smaller loss and simpler model while GRU can perform well with less training time. MTL 

based on bidirectional LSTM (BiLSTM) was proposed to forecast cooling, heating, and electric load [25]; 

the MTL+BiLSTM model is able to increase the accuracy significantly and improve the time efficiency for 

training the model. 

Over the past years, NARX and NARMAX models have been applied to STL, and RNN has been 

introduced to solve multi task learning problems, but relatively few works have been done to combine 

nonlinear model autoregressive models and RNNs, and applied them to MTL. This study aims to develop 

new models for tide level forecasting. The proposed approach is as follows. It first combines three RNN 

variants (LSTM, GRU, and BiLSTM) with NARX and NARMAX, respectively. Then, it compares the 

performance of all the resulting models. Finally, it determines the best models for tide level forecasting by 

evaluating the accuracy of these models, with and without using the proposed MTL scheme. 

The study conducts comprehensive comparisons between three types of recurrent neural networks 

(LSTM, GRU, and BiLSTM), paired with NARX and NARMAX models, and analyze their performances 

for forecasting tide level at different locations. The main contributions of the work are summarized as 

follow: 

a. The proposal of NARMAX and NARX modelling framework, combined with an MTL scheme, for 

forecasting tide levels at many different locations simultaneously. 

b. A comparison studies of NARMAX and NARX, paired with three RNN model structures with MTL 

schemes, to improve tide level prediction performances. 
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2. METHOD  

2.1. Multi-task learning 

MTL is a transfer learning method where multiple related tasks are solved in parallel by sharing 

information between them. The task relatedness is defined based on the recognition of how each task is 

related, based on which MTL models are designed, trained and implemented. The classic methods to perform 

MTL can be categorized into soft parameter sharing and hard parameter sharing.  

MTL with hard parameter sharing concept is by using the hidden layer together for entire tasks but 

the output layers will be allocated separately for different tasks. Hard parameter technique shows the 

possibility of lower chance of overfitting and smaller loss or error because the MTL is able to hold all the 

knowledge and information, sharing all the parameters and training all tasks jointly [26]–[28]. In soft 

parameter sharing, each task has it is own specific hidden layer with independent parameters. The distance 

between the model parameters of different tasks is then regularized to make the parameter to be similar. 

Although every task has it is own model with its own setting, the distance between the model parameters of 

every dissimilar task is added to unite the objective functions [26], [27]. Several approaches have been 

proposed to explore the sharing mechanism in MTL, for example, supervised learning, unsupervised 

learning, semi-supervised learning, reinforcement learning, active learning, online learning, parallel and 

distributed learning, and multi-view learning [29]. 

 

2.2.  NARX and NARMAX models 

NARX and NARMAX are models that not only utilize exogenous (external) input variables, but 

also the lagged versions of the system’s own output that enters the model structure through output delays 
[11]. Both models introduce nonlinear functions to learn the system input-output relationships but the 

NARMAX model also includes prediction errors to improve the modelling performance [17]. The 

introduction of “error variable” or “residual variable” makes NARMAX more powerful for nonlinear system 
identification [30]. The most commonly used basis functions in NARX and NARMAX modelling are 

polynomials, which usually lead to transparent, interpretable and parsimonious models [11], [31], [32]. 

Another widely used nonlinear representation to apply with NARX and NARMAX is neural networks, which 

usually result in black box models. A modelling framework combining NARX or NARMAX and neural 

networks may be called grey box model identification [11], [33]. For single input, STL systems, NARX 

model can be formulated as (1): 

 𝑦(𝑡) =  𝑓 (𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑛𝑦), 𝑢(𝑡 − 𝑑), … , 𝑢(𝑡 − 𝑑 − 𝑛𝑢)) + 𝑒(𝑡) (1) 

 

where 𝑦(𝑡), 𝑢(𝑡) and 𝑒(𝑡) are the system output, input, and noise, respectively; 𝑛𝑦, 𝑛𝑢, 𝑛𝑒 are the maximum 

lags in the output, input and noise; 𝑓(. ) is a nonlinear function, and d is a time delay which is typically set to 

be d=0 or d=1. For multi task leaning systems, NARX can be formulated as (2): 

 𝑦𝑖 (𝑡) =   𝑓𝑖  (𝑦1(𝑡 − 1), … , 𝑦1(𝑡 − 𝑛𝑦), … , 𝑦𝑚(𝑡 − 1), 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 1), … , 𝑢1(𝑡 − 𝑛𝑢),… , 𝑢𝑟(𝑡 − 1), … , 𝑢𝑟(𝑡 − 𝑛𝑢) ) (2) 

 

where 𝑖 = 1, 2 … , 𝑚, with m being the number of outputs; r is the number of inputs. Correspondingly, for 

STL and MTL systems, NARMAX models can be respectively formulated as (3): 

 𝑦 (𝑡) =  𝑓 (𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑛𝑦), 𝑢(𝑡 − 𝑑), … , 𝑢(𝑡 − 𝑛𝑢), 𝑒(𝑡 − 1), 𝑒(𝑡 − 2) … , 𝑒(𝑡 −𝑛𝑒)) + 𝑒(𝑡) (3) 

 

and 
 𝑦𝑖 (𝑡) =  𝑓𝑖(𝑦1(𝑡 − 1), … , 𝑦1(𝑡 − 𝑛𝑦), … , 𝑦𝑚(𝑡 − 1), … , 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 1), … , 𝑢1(𝑡 − 𝑛𝑢),… , 𝑢𝑟(𝑡 − 1), … , 𝑢𝑟(𝑡 − 𝑛𝑢), 𝑒1(𝑡 − 1), … , 𝑒1(𝑡 − 𝑛𝑒), … , 𝑒𝑚(𝑡 − 1), … , 𝑒𝑚(𝑡 − 𝑛𝑒) ) (4) 

 

In this work, three variants of RNN, that is, LSTM, Bi-LSTM and GRU, are used to implement the 

nonlinear functions f and fi (i =1, 2, …, m) and adopt the hard parameter sharing MTL framework. 
 
2.3.  The NARX-RNN-MTL frameworks 

The structure of the proposed NARX-RNN-MTL framework is presented in Figure 1, 

where 𝑦̂𝑖  (𝑡) (𝑖 = 1,2, … , 𝑚) are the predicted values of the output, n and r are the number of samples and 
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number of locations, respectively. The proposed model has an input layer that accepts the sequence data of 

tide level measured at 𝑟 locations; the next layer is built using RNN. The RNN layer can be GRU, LSTM or 

BiLSTM, and the last layer, which is a fully connected dense layer with the output, provides predicted values 

of the tide levels. 
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Figure 1. NARX RNN architecture 

 

 

2.4.  The NARMAX-RNN-MTL frameworks 

Similar to the NARX-RNN-MTL model, the NARMAX-RNN-MTL model is also implemented by 

using GRU, LSTM or BiLSTM and the forecasting results are produced by the dense layer. The difference 

between these two models is that the NARMAX architecture includes ‘noise’ as an input. Note that noise 
cannot be measured but can be estimated using model prediction error. The architecture of the  

NARMAX-RNN-MTL model is presented in Figure 2. 

To identify an NARMAX model, we use the prediction error from NARX-RNN-MTL as additional 

inputs. To differentiate between noise and prediction error, we use 𝑒(𝑡) and 𝜀(𝑡) to represent noise and 

model prediction error, respectively. The model prediction error of the NARX-RNN-MTL model is: 
 𝜀𝑖(𝑡) = 𝑦𝑖(𝑡) −  𝑦̂𝑖  (𝑡) (5) 
 

where 𝑦̂𝑖  (𝑡) is the one-step ahead prediction calculated from NARX-RNN-MTL model and 𝑦𝑖(𝑡) is the 

corresponding actual signal. For an MTL system with r inputs and m outputs, the ith output of the NARMAX-

RNN-MTL model calculated based on the associated NARX-RNN-MTL model is: 

 𝑦𝑖 (𝑡) =  𝑓𝑖(𝑦1(𝑡 − 1), … , 𝑦1(𝑡 − 𝑛𝑦), … , 𝑦𝑚(𝑡 − 1), … , 𝑦𝑚(𝑡 − 𝑛𝑦), 𝑢1(𝑡 − 1), … , 𝑢1(𝑡 −𝑛𝑢), … , 𝑢𝑟(𝑡 − 1), … , 𝑢𝑟(𝑡 − 𝑛𝑢), 𝜀1(𝑡 − 1), … , 𝜀1(𝑡 − 𝑛𝑒), … , 𝜀𝑖(𝑡 − 1), … , 𝜀𝑖(𝑡 − 𝑛𝑒) ) 𝑖 =1, … , 𝑚 (6) 
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Figure 2. NARMAX RNN architecture 

 

 

3. EXPERIMENTS 

3.1. The task 

This study is concerned with a multi-task problem, that is, to forecast tide level in five stations  

(5 tasks) at the same time, namely, Harwich, Lerwick, Millport, Portrush and Weymouth, using the proposed 

NARX-RNN-MTL and NARMAX-RNN-MTL models. The MTL model is designed for one-step ahead 

prediction of tide level; here one-step is equal to 15 minutes. The datasets measured for the five stations, 

from January 1, 2022 to May 31, 2022, with a sampling period of 15 minutes, are used for model building. In 

doing so, the data were split into three parts: 60% for training, 20% for validation and 20% for testing.  

Experiment on different numbers of more tasks will be further performed. Specifically, the proposed 

models are used to forecast six more stations, namely, Aberdeen, Devonport, Fishguard, Holyhead, St Mary 

and Stornoway, to further assess the model’s generalization performances for solving many tasks, ranging 
from 6 to 11. The datasets for these six stations were measured in the same period and with the same 

sampling period of 15 minutes. These datasets were extracted from the website of the British Oceanographic 

Data Centre (BODC) [34]. 
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3.2.  Experimental settings and metrics performance  

To achieve good model performances, the network hyper-parameters were determined through 

simulations by testing a set of parameters shown in Table 1. For a single task, for example, the prediction of a 

single individual time series 𝑦𝑖(𝑡) (i =1,2,…, m), without using shared information from any other signals, 

the loss function can be defined as (7): 

 𝐿𝑖 = √1𝑛 ∑ (𝑦̂𝑖(𝑡) − 𝑦𝑖(𝑡))2𝑛𝑡=1  (7) 

 

where 𝑦̂𝑖 is the predicted value, 𝑦𝑖  is actual value and n is the number of observations. 

Note that this study is concerned with dealing with multiple tasks simultaneously; the loss function 

for model training should accommodate the losses of all the tasks. Keeping this in mind, we use the averaged 

root mean square error (aRMSE) as a joint loss that is defined as (8): 

 𝐿 = 1𝑚 ∑ 𝐿𝑖𝑚𝑖=1  (8) 

 

 

Table 1. The parameter setting 
Parameter Values 

Number of hidden layer 1 

Number of nodes 25,50, 100, 150,200,250,300,350 

Optimizer Adam, SGDM 

Number of iterations 300 

Maximum lags for NARX 𝑛𝑦  = 1,2,3,4  𝑛𝑢 = 1,2,3,4 

Maximum lags for NARMAX 𝑛𝑦  = 1,2,3,4 𝑛𝑢 = 1,2,3,4  𝑛𝑒 = 1 

 

 

3.3.  Experimental results 

3.3.1. NARX and NARMAX combine with GRU, LSTM, and BiLSTM 

We compare NARX and NARMAX using three different RNN models, with a variety of time lags. 

Two optimizers, namely stochastic gradient descent with a momentum (SGDM) and adaptive moment 

estimation (ADAM), are used to optimize the associated models. Joint loss value or average value of root 

mean square error (RMSE), based on the combinations of the candidate parameters presented in Table 1, was 

simultaneously carried out on the datasets for the five stations (i.e., Harwich, Lerwick, Millport, Portrush and 

Weymouth) for finding the optimal network model parameters and determined the best model structure. The 

performance of the NARX-RNN-MTL and NARMAX-RNN-MTL models were then compared based on the 

values of the RMSE of five tasks. Three RNN structures, namely, LSTM, BiLSTM and GRU were used for 

building the NARX-RNN-MTL and NARMAX-RNN-MTL models.  

We compare the performance of the three NARX-RNN-MTL models, with 16 specific lags and 

trained with SGDM and ADAM, for the five tasks. The comparison is based on joint loss or average RMSE 

value which indicates the performance of each model. The details of these experimental settings are shown in 

Table 2. From the comparison we have the following findings:  

a. The two lowest average RMSE values are 0.10598 and 0.15848, which are produced by the model of 

NARX GRU using SGDM and ADAM, respectively.  

b. The distribution of average RMSE for NARX GRU and NARX LSTM using SGDM are relatively small 

compared to NARX GRU and NARX LSTM using ADAM. From Table 2, it can be seen that the 

minimum and maximum average values of RMSE for NARX GRU and LSTM GRU using SGDM are 

0.10598, 0.15848, 0.15774 and 0.21189 respectively, while for NARX LSTM and NARX LSTM using 

ADAM, the values are 0.15848, 0.25016, 0.17758 and 0.35830, respectively. 

c. NARX GRU using SGDM outperforms the following models for all the settings of time lags (ranging 

from 1 to 4): i) GRU using ADAM, ii) LSTM using SGDM and ADAM, and iii) BiLSTM using SGDM 

and ADAM. 

d. For NARX BiLSTM, the relatively lower RMSE distribution is gained by using the ADAM optimizer. 

Table 3 shows details of the 16 resulting models using three NARMAX-RNN-MTL models, with 16 

specific lags and trained with the two optimizers, SGDM and ADAM, for the five tasks. Similar to the 

NARX-RNN-MTL results, the RMSE range distribution of the NARMAX-GRU and NARMAX LSTM 

models using SGDM is smaller than using ADAM, but the range becomes significantly wider for BiLSTM 

implemented with SGDM. Furthermore, NARMAX GRU trained with SGDM outperforms other models. From 

Table 3, we have the following observations: SGDM works better than ADAM for both NARMAX-GRU and 

NARMAX-LSMT models, whereas ADAM outperforms SGDM for the NARMAX-BiLSMT model. 
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Table 2. Performances of identified 16 NARX-RNN-MTL models 
No Lag delay Joint loss (Average RMSE) 

SGDM ADAM 

GRU LSTM BiLSTM GRU LSTM BiLSTM 

1 (𝑛𝑦 = 1 , 𝑛𝑢 = 1) 0.10598 0.17322 0.28982 0.16231 0.19635 0.18830 

2 (𝑛𝑦 = 1 , 𝑛𝑢 = 2) 0.10649 0.18470 0.28459 0.21822 0.17758 0.28459 

3 (𝑛𝑦 = 1 , 𝑛𝑢 = 3) 0.14729 0.16285 0.30918 0.22208 0.27188 0.19872 

4 (𝑛𝑦 = 1 , 𝑛𝑢 = 4) 0.12999 0.16768 0.30962 0.23365 0.27584 0.17331 

5 (𝑛𝑦 = 2 , 𝑛𝑢 = 1) 0.11040 0.15774 0.34582 0.19442 0.21047 0.15283 

6 (𝑛𝑦 = 2 , 𝑛𝑢 = 2) 0.11865 0.15775 0.31986 0.19442 0.24187 0.20332 

7 (𝑛𝑦 = 2 , 𝑛𝑢 = 3) 0.13333 0.17340 0.29100 0.22796 0.26231 0.17221 

8 (𝑛𝑦 = 2 , 𝑛𝑢 = 4) 0.13932 0.19142 0.28496 0.24223 0.34013 0.20563 

9 (𝑛𝑦 = 3 , 𝑛𝑢 = 1) 0.12164 0.16396 0.28633 0.18606 0.29282 0.17917 

10 (𝑛𝑦 = 3 , 𝑛𝑢 = 2) 0.13305 0.18853 0.28329 0.23771 0.25633 0.22868 

11 (𝑛𝑦 = 3 , 𝑛𝑢 = 3) 0.11662 0.17910 0.30352 0.21835 0.24891 0.25139 

12 (𝑛𝑦 = 3 , 𝑛𝑢 = 4) 0.15127 0.19995 0.31023 0.25016 0.24891 0.20282 

13 (𝑛𝑦 = 4 , 𝑛𝑢 = 1) 0.14329 0.18544 0.30231 0.21711 0.28983 0.20301 

14 (𝑛𝑦 = 4 , 𝑛𝑢 = 2) 0.13971 0.18291 0.32236 0.15848 0.35830 0.23086 

15 (𝑛𝑦 = 4 , 𝑛𝑢 = 3) 0.15848 0.16859 0.30973 0.22282 0.20589 0.21365 

16 (𝑛𝑦 = 4 , 𝑛𝑢 = 4) 0.14329 0.21189 0.28626 0.21075 0.35164 0.25752 

 

 

Table 3. Performance of 16 identified NARMAX-RNN-MTL models 
No Lag delay Joint loss (Average RMSE) 

SGDM ADAM 

GRU LSTM BiLSTM GRU LSTM BiLSTM 

1 (𝑛𝑦 = 1 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.10191 0.18091 0.28408 0.15780 0.20377 0.17585 

2 (𝑛𝑦 = 1 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.09961 0.17588 0.30377 0.16879 0.20888 0.19176 

3 (𝑛𝑦 = 1 , 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.13875 0.15918 0.29990 0.18699 0.22137 0.18809 

4 (𝑛𝑦 = 1 , 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.12616 0.16064 0.32019 0.20136 0.29417 0.22080 

5 (𝑛𝑦 = 2 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.10972 0.16576 0.29414 0.19492 0.22167 0.20305 

6 (𝑛𝑦 = 2 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.10980 0.16958 0.29454 0.19750 0.24746 0.16862 

7 (𝑛𝑦 = 2 , 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.12900 0.16516 0.29947 0.21943 0.31842 0.20583 

8 (𝑛𝑦 = 2 , 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.13144 0.20250 0.26188 0.24519 0.33824 0.20687 

9 (𝑛𝑦 = 3 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.12864 0.15395 0.32849 0.20649 0.30592 0.22373 

10 (𝑛𝑦 = 3 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.12250 0.17948 0.32849 0.23217 0.30592 0.22373 

11 (𝑛𝑦 = 3 , 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.11954 0.16456 0.30606 0.23067 0.27288 0.22879 

12 (𝑛𝑦 = 3 , 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.13561 0.19274 0.28792 0.23114 0.30840 0.21352 

13 (𝑛𝑦 = 4 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 0.13431 0.21346 0.28896 0.22387 0.25997 0.19986 

14 (𝑛𝑦 = 4 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 0.14343 0.16216 0.31024 0.23185 0.29529 0.20957 

15 (𝑛𝑦 = 4 , 𝑛𝑢 = 3, 𝑛𝑒 = 1) 0.13754 0.18699 0.28547 0.23874 0.24995 0.21745 

16 (𝑛𝑦 = 4 , 𝑛𝑢 = 4, 𝑛𝑒 = 1) 0.14401 0.19065 0.28606 0.23418 0.28934 0.24220 

 

 

Table 4 illustrates the optimal settings for the NARX-RNN and NARMAX-RNN model and their 

performances. It can be observed that the NARX-GRU and NARMAX-GRU models with smaller lags, 

trained with SGDM have better performances than other models. The best NARX-RNN-MTL model reported 

in Table 2 can be written as (9): 

 𝑦̂𝑖 (𝑡)  =  𝑓𝑖(𝑦1(𝑡 − 1), … , 𝑦4(𝑡 − 1), 𝑢1(𝑡 − 1), … , 𝑢4(𝑡 − 1)) (9) 

 

Similarly, the best NARMAX-RNN-MTL model reported in Table 3 can be written as (10): 

 𝑦̂𝑖 (𝑡)  =  𝑓𝑖(𝑦1(𝑡 − 1), … , 𝑦4(𝑡 − 1), 𝑢1(𝑡 − 1), 𝑢1(𝑡 − 2), … , 𝑢4(𝑡 − 1), 𝑢4(𝑡 − 2), 𝜀1(𝑡 −1), … , 𝜀4(𝑡 − 1) ) (10) 

 

3.3.2. Baselines 

In order to validate the overall performance and effectiveness, we tested and compared the proposed 

method with the following baseline methods, including STL and MTL without using NARX or NARMAX 

model: i) MTL implemented with GRU, LSTM and BiLSTM using SGDM and ADAM optimizer and  

ii) STL implemented with GRU, LSTM, and BiLSTM using SGDM optimizer and ADAM. The comparison 

results of the individual RMSE and the lowest joint loss RMSE are tabulated in Table 5, where the lowest 

average RMSE value is for MTL using NARMAX and GRU with SGDM optimizer. Based on average 
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RMSE value this model outperforms all the baseline models. It can be noticed that this lowest average value 

does not guarantee that the individual RMSE of each task is also has smaller value. For example, for Tasks 1 

and 5, the NARMAX-GRU-MTL model shows the best performance with the lowest individual RMSE 

values, while for Tasks 2, 3 and 4, GRU-STL, GRU-MTL and NARX-GRU-MTL show the best 

performance, respectively. Table 5 shows that all the baseline models using SGDM deliver better results than 

using ADAM; the SGDM optimizer has best performance measured in either average RMSE or individual 

RMSE. Figure 3 provides a graphical illustration of joint loss, measured as the average RMSE of different 

models. The bar plots show that GRU networks display better performance than the other two RNN variants 

(LSTM and BiLSTM). To further evaluate the performances of NARMAX-GRU models for more tasks, we 

conducted experiments, where six more tasks of predicting tide levels at stations 6-11 were included and 

performed simultaneously together with the other five tasks (for stations 1-5). The joint losses of the 

NARMAX-GRU models for these six tasks are shown in Figure 4, where it can be noted that the prediction 

error increases with the increase of the number of tasks but still maintains the errors at a stable level. 

 

 

Table 4. The optimal settings of the NARX-RNN-MTL and NARMAX-RNN-MTL models and their 

performances 
Optimizer Model Lag delay Number of hidden layer Joint loss (Average RMSE) 

NARX-RNN-MTL 

SGDM GRU (𝑛𝑦 = 1 , 𝑛𝑢 = 1) 300 0.10598 

LSTM (𝑛𝑦 = 2 , 𝑛𝑢 = 1) 50 0.15774 

BiLSTM (𝑛𝑦 = 1 , 𝑛𝑢 = 2) 50 0.28459 

ADAM GRU (𝑛𝑦 = 4 , 𝑛𝑢 = 2) 25 0.15848 

LSTM (𝑛𝑦 = 1 , 𝑛𝑢 = 2) 25 0.17758 

BiLSTM (𝑛𝑦 = 2 , 𝑛𝑢 = 1) 25 0.15283 

NARMAX-RNN-MTL 

SGDM GRU (𝑛𝑦 = 1 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 100 0.09961 

LSTM (𝑛𝑦 = 3 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 25 0.15395 

BiLSTM (𝑛𝑦 = 2 , 𝑛𝑢 = 4, 𝑛𝑒 = 1) 25 0.26188 

ADAM GRU (𝑛𝑦 = 1 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 100 0.15780 

LSTM (𝑛𝑦 = 1 , 𝑛𝑢 = 1, 𝑛𝑒 = 1) 25 0.20377 

BiLSTM (𝑛𝑦 = 2 , 𝑛𝑢 = 2, 𝑛𝑒 = 1) 25 0.16862 

 

 

Table 5. Comparison of RMSE values of of different models 
Model Hidden Node Task 1 Task 2 Task 3 Task 4 Task 5 Average 

SGDM  

NARMAX-GRU-MTL 100 0.16140 0.09458 0.12771 0.05048 0.06388 0.09961 

NARMAX-LSTM-MTL 25 0.24487 0.12499 0.14582 0.10795 0.14610 0.15395 

NARMAX-BiLSTM-MTL 25 0.42726 0.18621 0.31956 0.18871 0.18764 0.26188 
        

NARX-GRU-MTL 300 0.21347 0.10470 0.10519 0.04220 0.06432 0.10598 

NARX-LSTM-MTL 50 0.29863 0.13280 0.14630 0.09633 0.11466 0.15774 

NARX-BiLSTM-MTL 25 0.48090 0.22515 0.36826 0.17236 0.17627 0.28459 
        

GRU-MTL 150 0.25929 0.15322 0.07548 0.04405 0.10889 0.12819 

LSTM-MTL 50 0.28030 0.16359 0.17418 0.10057 0.08497 0.16072 

BiLSTM-MTL 25 0.52474 0.22105 0.40890 0.21039 0.20774 0.31456 
        

GRU-STL 250 0.29145 0.07239 0.18870 0.09555 0.34522 0.19866 

LSTM-STL 250 0.24690 0.09911 0.12101 0.10604 0.20814 0.15624 

BiLSTM-STL 300 0.56596 0.28664 0.47933 0.24418 0.29645 0.37451 

ADAM  

NARMAX-GRU-MTL 100 0.19824 0.09073 0.16851 0.12965 0.20186 0.15780 

NARMAX-LSTM-MTL 25 0.32049 0.09641 0.24447 0.10655 0.25092 0.20377 

NARMAX-BiLSTM-MTL 25 0.25218 0.14970 0.17170 0.10981 0.15970 0.16862 
        

NARX-GRU-MTL 25 0.19162 0.15533 0.22263 0.11317 0.10961 0.15848 

NARX-LSTM-MTL 25 0.34495 0.09603 0.21576 0.09469 0.13649 0.17758 

NARX-BiLSTM-MTL 25 0.23515 0.10303 0.17927 0.10553 0.14120 0.15283 
        

GRU-MTL 50 0.26933 0.15941 0.19025 0.09281 0.15661 0.17368 

LSTM-MTL 25 0.49935 0.15125 0.15912 0.10630 0.19532 0.22227 

BiLSTM-MTL 50 0.30707 0.16566 0.16943 0.09655 0.15826 0.17939 
        

GRU-STL 50 0.45873 0.19463 0.15439 0.14449 0.21260 0.23297 

LSTM-STL 25 0.39998 0.17163 0.18295 0.10671 0.29542 0.23134 

BiLSTM-STL 50 0.33139 0.27435 0.34500 0.24185 0.14102 0.26672 
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Figure 3. Comparison of joint loss error of different model structures builts based on three RNNs, namely, 

GRU, LSTM, and BiLSTM 

 

 

 
 

Figure 4. Joint loss error of MTL NARMAX with many tasks 

 

 

4. DISCUSSION  

From the results and comparisons presented in section 4, it can be noticed that NARX/NARMAX 

models, paired with GRU, showed better performance than paired with LSTM and BiLSTM for all the 

experimented scenarios. Another noticeable observation is that the SGDM optimizer was proved to be more 

effective than ADAM (in terms of RMSE) for both single task and multi-tasks. The only occasion where 

SGDM showed a poor performance was when BiLSTM was applied to solve a single task problem as shown 

in Table 5. The maximum lags for both NARX and NARMAX models were limited to the range from 1 to 4. 

It appeared that models with smaller lags usually produced slightly better prediction performances. However, 

it was noted that neural network models with a relatively smaller lag usually needed more hidden nodes, 

meaning that the training of the models needed more time. It is also worth mentioning that the network 

models that include NARX or NARMAX as a sub-model have lower average RMSE values in comparison 

with models that do not include NARX or NARMAX as a sub-model. 

 

 

5. CONCLUSION  

This study proposes a new class of NARMAX-RNN models, namely, NARMAX-LSTM, -BiLSTM 

and -GRU, combined with MTL learning for multiple tide level forecasting simultaneously. Experimental 

results revealed that NARMAX-GRU trained with SGDM outperformed the other two RNN variants; the 

NARMAX-GRU model requires relatively small lags but may need a relatively larger number of hidden 

nodes. The optimal NARX-GRU structure involves 300 hidden nodes, the maximum lag for input is  𝑛𝑢 = 1, 

for output is  𝑛𝑦 = 1, and the RMSE values is 0.10598. For the NARMAX-GRU model, the best setting is as 

follows: 100 hidden nodes, the maximum lag for input is  𝑛𝑢 = 2 and for output is  𝑛𝑦 = 1, and the RMSE 

values is 0.09961. The results showed that NARMAX-GRU outperformed its counterpart NARX-GRU.  
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We also compared the model performances with and without using the MTL scheme. It turned out 

that NARMAX-GRU has the lowest joint loss values. The three RNN models without using the MTL scheme 

displayed poor performance compared to NARX and NARMAX with MTL the scheme. One limitation of 

this work is that the proposed model still needs manual fine-tuning to find the best hyper-parameters, e.g., 

time lags for each of the model variables and the number of hidden nodes, to build the best models. In future, 

we will design MTL models that can better fine-tune the training process by using transfer learning. In 

addition, the data used model for model training and forecasting are not only univariate but also multivariate 

and multidimensional. 
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