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Abstract— Although it is impossible to accurately predict an
event such as an earthquake, this paper seeks to use Neural
Networks to predict the earthquake in short time. However, the
normal training method, such as backpropagation, do not work
well for the complex time series as an earthquake.
In this paper, we use the Meta-Learning and TransferLearning to improve the learning process for the prediction of
time series. It is taken as data for simulations characteristic of
an earthquake such as magnitude and inter-event time. This
study has a sensible idea of what can happens and then do
corresponding analysis in the research area related to the
subject.
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I. INTRODUCTION
Time series is used to make a prediction about the behavior
over many research areas; using the past data and with it
predict a future value. An important feature of a neural
network, is that from a set of values from the past predict
future values with reliability, sometimes it does not reliably
perform the prediction of future values, therefore the neural
network is called chaotic and that is a commonly problem
because it is possible that the data is not enough or the initial
condition of the weights they lead the neural network to local
minima thus hindering the learning process. An earthquake is
a natural phenomenon with an unknown behavior, assuming
that exhibits a temporal pattern in some place in the world,
therefore it is possible a process like an ordered sequence over
the time.
In Machine Learning exists several methods that allows
avoiding or solving the problems of a conventional Neural
Networks (NN) like a Feed-Forward architecture, through a
tool, e.g., the Meta-Learning and the Transfer Learning.
The Meta-Learning apply some algorithms to improve the
Machine Learning process, because after several epochs of
training, a base-learning is formed where the knowledge is
translated in experience, it is possible to call "Meta-Data"
which are set of data [4], e.g., it describes a series of time in
values of the weights of the neural network. John Biggs
described Meta-Learning as being aware of and taking control
of one’s own learning, and it is taken from the psychology,
[5], and the first ideas of the topic appear in the field of
Machine Learning, [6], [10].
In, [7], they propose:
A Meta-Learning system must include a learning
subsystem, which adapts with experience. And experience is
gained by exploiting Meta-Knowledge extracted
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(a) …in a previous learning episode on a single dataset,
and/or
(b) …from different domains or problems.
In a similar way, [8], propose that Meta-Learning, focuses
on how to take the experience and use it to increase the
performance of the process learning. The main task is to
understand how to learn by itself.
Classical Meta-Learning applications can be found
including classification, regression and reinforcement
learning, and is possible to combine with one of the most
popular algorithms of Machine Learning the backpropagation
(BP), [1], [9].
Moreover, the Transfer Learning, aims at improving the
process of learning new tasks using experience gained by
solving a different problem whose domain is possible to be
similar or not with respect to the current task. In, [2], make a
complete review of this topic with an interesting issue about
the philosophy of bounds of apply field in Machine Learning.
The first issue is called, “What to transfer”, the key is to
understand that a part of the acquired knowledge must be
transferred taking into account that may be unique or singular
tasks that do not accept prior knowledge, and others that being
similar allow an adaptation between the exchange of
knowledge.
The second issue is called, “When to transfer”, this part
has an intrinsic relationship with the previous question, since
when the tasks have different domains, sometimes likewise
the learning transference is forced, resulting in even worse
performances than those that can be obtained with no prior
knowledge, this situation is often referred to as Negative
Transfer.
The third issue is called, “How to transfer”, after
understanding how the transfer of learning behaves, the need
for learning arises algorithms need to be developed to transfer
the knowledge.
And this topic is attracting even today, because there is no
universal way to answer the three previous questions.
As mentioned, the prediction in time series through Neural
Networks, [12], [14], [17], [18]. Although there are ways to
be able to predict or estimate information related to a next
event one of the greatest challenges can be found of
characteristics related to earthquakes may or may not be
plausible due to the probability that the result of the prediction
will happen or not.
Therefore, the property of probability of an event becomes
sensitive and this feature gives a connotation of truth to what

978-1-7281-4840-3/19/$31.00 ©2019 IEEE

a neural network can estimate, e.g., [25]. In addition, you can
find other methods to make such predictions as it can be
through convolutional networks,[15].

With the momentum coefficient the BP is,

Great efforts have been made to develop methods,
algorithms and techniques to pronounce these events of nature
in order to take preventive measures, even research is done by
regions making it clear that much of the geographical area and
the conditions of the soil on which the study and / or prediction
is made, e.g., [13],[16], [22], [24].

where
is the learning rate
is the momentum term

Although most of the works do not focus on accurately
predicting a place or date with accuracy due to the high degree
of complexity of the problem, [20], it is probable that there is
no solution, some works such as, mention that even these
predictions continue to help to take precautions.
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The universe of data has been taken to perform the training
and testing processes. Due to a joint project between Centro
de Investigación y Estudios Avanzados del Instituto
Politécnico Nacional and the Consiglio Nazionale delle
Ricerche Istituto di Metodologie per l’Analisi Ambientale.
Therefore, by comparing a Multi-Layer Perceptron (MLP)
Neural Network and the proposed method using a simple
Neural Network plus Meta-Learning (MLP+ML) and
Transfer Learning, it is possible to observe that the way in
which the values of the parameters of the learning process are
chosen such as the term η is relaxed and α, as well as the speed
of convergence is greater, so the number of times of training
is noticeably reduced.
II. MLP WITH META-LEARNING AND TRANSFER LEARNING
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The approach consist of the following steps:
•

An MLP is trained using several initial conditions in
the weigths of each layer of the NN. Using the Mean
Square Error function it is determined which of the
initial conditions has the best performance in
minimizing this loss function; with the information
obtained the following is defined,
={

,

}
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is the initial conditions of the weigths and
where
is the final weigths of the stage.
•

The pair S, is used to find in first instance Xp, the
following equation, allows us to find the maximum
angle between vectors through proposing several
vectors ,
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The vector that maximizes the angle is rewritten as
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and the BP is,
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Therefore, the BP is rewritten by,

where
= [ ( − 1), ( − 2), … , ( − )]

(9)

has the same dimension to Wi .

The output of MLP for the prediction of time series is,
( ) = [∑

(7)

And from [1], the Meta-Learning allows to improve the
learning of a task by itself.

However, the development of tools that allow to have a
notion of it can be very useful to continue with the research
and achieve a better understanding about the subject, some
examples of this topic may be found in, [11].
In this paper we present another way of predicting in some
of the characteristics related to earthquakes such as intermagnitude, inter-time and inter-distance; this is done with a
multi-layer perceptron feed-forward, combining it with an
algorithm derived from the Meta-Learning mentioned in [1],
and combining it with an Inductive learning transfer approach
that allows obtaining a better performance in the prediction
stage.

( )
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Fig. 1. Prediction with MLP+Meta-Lerning.
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The figure (1) describes the process in which the MetaLearning is added to an MLP for prediction of time series,
TABLE I.

ALGORITHM MLP+META-LEARNING

task, by taking the final weights of the first stage and
initializing the second stage with the data of the first.
It is important to mention that there are various methods
of learning transfer that allow other learning techniques to be
used within Machine Learning such as Suport Vector
Machine (SVM), multi-task systems, as well as supervised
and unsupervised processes, although these methods are
more robust they are still optimization problems, however,
speaking in the context of the earthquakes, they still have the
unknown of the probability of when and how the next
earthquake will occur.
Below are some ideas of Transfer Learning, to show that
the topic of Transfer Learning has a special focus on different
areas of Machine Learning:
Supervised Feature Construction, where the main idea is
to learn a low-dimensional representation of the relationship
that exists among the different tasks, this representation can
help reduce the classification or regression error of each task
involved. In [2], they mention it as an optimization problem.
arg min ∑
,
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where S and T are the source and target domain,
is a matrix of parameters and U ×
=[ , ]∈
orthognonal matrix that is used to mapping the original highdimsensional data to low-dimensional representations,[2].
The second stage consists of using the approach of
Transfer Learning, using the same structure of the MLP, in
order to use the final weights of the first stage to accelerate
the learning process of the another second task.
Inductive Transfer Learning: Given a source domain ƊS
and a learning task ΤS a target domain ƊT and a learning
task ΤT, indcutive transfer learning aims to improve the
learning of the target prective function fT(·) in ƊT using the
knowledge in ƊS and ΤS, where ΤS ≠ ΤT.

Unsupervised Feature Construction has the main idea to
learn a higher level basis vector = { , , … , } , are
learned on the S and with solved an optimization problem
min ∑
,

−∑

. .

+

≤ 1, ∀ ∈ 1, … ,

(13)

After learning the bais vectors b, the problem of
optimization is applied on the target domain to learn higher
level features.
−∑

= argmin

+

(14)

The multitask learning tries to learn both the source and
target tasks simultaneously and perfectly, while transfer
learning only aims at boosting the performance of the target
domain by the source domain data, [2].

Fig. 2. Prediction with MLP+Transfer Learning.

Hence, the information of a task whose domain is related
to the next task is used, using the learning obtained in the first

The proposed method assumed that the parameter, w, in
SVMs for each task can be separated into two terms. One is
a common term over tasks and the other is a task-specific
term. In Inductive transfer learning, most parameter transfer
approaches to the Inductive transfer learning setting assume
that individual models for related tasks should share some
parameters or prior distributions of hyperparameters, [2].
=

+

=

+
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and
are parameters of the SVMs for the
where
source task and the target learning task, respectively.
is a

common parameter while and
are specific parameters
for the source task and the target task, respectively.
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By solving the optimization problem above, we can learn
the parameters , , and
simultaneously.
The problem of learning transfer can help in different
fields of Machine Learning. No matter how sophisticated the
methods may be, they cannot avoid the idea that so far it is
impossible to predict an earthquake; on the other hand, it
serves to show the tendency of the combination of the areas
of Transfer Learning and Meta-Learning. However, in this
work we seek to study what happens when it is combined
with a technique of Meta-Learning using the Inductive
Transfer-Learning that has as a simple idea to use the
knowledge learned in a secondary task to improve the
learning itself, having a task with a different domain, it is
taken as evidence a chaotic task like the time series in the
prediction, using a set of chaotic data like earthquakes.
III. RESULTS AND SIMULATIONS
The goal is to show that the proposed scheme can show a
better performance than a simple MLP, whence a series of
simulations are proposed, with data taken from data bases of
the country of Italy taking into account information of
magnitude, inter - event distance, inter- event time, that the
data set is not about predicting the exact place, date and
magnitude of the next earthquake, but making a prediction
between events, saying, e.g., how much time and distance it
can happen with respect to a previous event.
There are certain cases where the parameters that influence
the learning process of a simple neural network are not
chosen in an appropriate manner, causing the result obtained
is not what was expected. Another possible reason depends
on the fact that in a series of time patterns can be found, i.e.,
that the prediction of the next data depends on the previous
data, the longer time in the future you want to predict a value
of any variable, e.g., price of oil, climate, temperature, etc.,
the more complicated would be to hit or have a forecast close
to reality. The information has been included in the country
of Italy and in events of Magnitude greater than 4 degrees.

After training stage with 60 elements of magnitude data, it
show in Figure (3), considering that
=4 ,
= [ ( − 1), ( − 2), ( − 3), ( − 4)] , one hidden
layer and ten neurons and one output, with = 1.33 and =
0.155 and 1000 epochs of training. The initial weights and
the bias they are chosen randomly in a range of [-1,1]. It is
remarkable that this simulation does not consider the MetaLearning and Transfer Learning.
is

The testing stage is making with the following 40 elements
of the data set.

Fig. 4. Prediction with MLP. The continuos (red) line is the real data and
the dotted line is de prediction (black).

In Figure (4) it can be seen that an MLP for the prediction
of magnitude is not convenient, where the red line is the
testing and the dotted line is the prediction by MLP. Now the
same prediction is made by leaning with the MLP+ML
algorithm, keeping the same characteristics as MLP,
however, the diference with the MLP in the training stage
1000 epochs were used, now it is only necessary 100 epochs.

Fig. 5. Prediction with MLP+Meta-Lerning.The continuos (red) line is the
real data and the dotted line is de prediction (black).

It is observed that the performance is significantly
improved, the Figure (6) show comparison of the MSE and
how that Meta-Learning does help to improve the learning
process of the same task.

Fig. 6. Comparassion of the MSE Prediction of the first result.
Fig. 3. Data of Trainning for Magnitude Data

One of the most interesting problems in the machine
Learning is the prediction. However, the problem is

(17)

justified due to a term mentioned in the introduction of this
document as Negative Transfer Learning, if with the Transfer
Learning the performance of the prediction task gets worse,
then the relationship between domains is very low.

Keeping the same conditions of number of layers,weights
and from the equation (17), with the difference , = 4,
= [ ( − 4), ( − 5), ( − 6), ( − 7)].

To carry out the Transfer Learning experiments, the
structure and the values used are the magnitude experiments,
with = 4, = [ ( − 4), ( − 5), ( − 6), ( − 7).

complicated when you stop using the immediate data and the
input is for example,
= [ ( − )],

=4

Fig. 7. Prediction with MLP. The continuos (red) line is the real data and
the dotted line is de prediction (black).

It shows that the MLP does not work because either now the
information that it had as input, has a delay in the bigger time,
or it is demonstrated that later in the future, if it searches to
do a prediction, the error becomes bigger. Meta-Learning is
reintroduced to observe the behavior of the learning process.

Fig. 10. Prediction with MLP Task 2. The continuos (red) line is the real
data and the dotted line is de prediction (black).

To introduce the sense of the transfer of learning, it is
necessary to use the knowledge obtanied from magnitude of
the earthquake in the previous task, using the final weights
like a initial weigths for avoid the problem to choose random
initial weigths.

Fig. 8. Prediction with MLP+Meta-Lerning. The continuos (red) line is
the real data and the dotted line is de prediction (black).

Again, there is an improvement in the learning process,
however, by the type of information that is in the entry, it is
not enough to make an accurate prediction.

Fig. 11. Prediction with MLP+Meta-Lerning+Transfer-Learning, Task 2.
The continuos (red) line is the real data and the dotted line is de prediction
(black).

The Figure (11) shows how the combination of these
techniques can significantly improve the performance of an
MLP to make a prediction, yet it is clear that an event of this
nature can not be predicted accurately. Used in the sense of
taking the same structure and occupying the final values of
both the weights and the bias.

Fig. 9. Comparassion of Mean Square Error of the second result.

Another interesting fact for the earthquake research area is
the amount of time that passes between events, so making a
prediction about it also allows observing from the point of
Transfer Learning to take into consideration that the final
weights used for the tests of the magnitude data, have a
certain relationship with the data of the new task, this is

Fig. 12. Comparassion of Mean Square Error of the the second result.

The performance of the MSE it is shown in the Figure (12) It
allows comparing the performance between the MLP and the
Transfer of Learning, demonstrating at least for this case that
the knowledge obtained from task 1 helps to improve the
performance of the prediction of the second task.
For the simulation of the simple neural network, the same
conditions that are described in task 1 are preserved, but the
number of times is increased to 1000. Although the prediction
made by both methods is quite similar, the comparison of the
MSE reveals that the proposed method is better than a MLP.
IV. CONCLUSIONS
The big problems of neural model are the selection of the
learning parameters and the initial conditions of the weights
and bias. These parameters may cause a local minimum, since
the gradient of the learning process ends and therefore, the
test stage becomes unusable.
This paper presents an alternative method to improve the
performance of time series prediction using Neural
Networks. Here we use two advance learning methods: MetaLearning and Transfer-Learning.
The proposed method allows knowledge to be used in a
different tasks, despites the domain, resulting in the
possibility of avoiding possible local minimums, when the
amount of information is not enough.
This method increases the speed of convergence and gives
greater flexibility to the parameters of learning. Our methods
allow to improve performance in a task thus achieving to
decrease the computational cost of learning processes, this is
due to the fact that the amount of times necessary to obtain
acceptable performance is lower with the MLP + ML and
MLP + ML + Transfer Learning method.
The prediction of the earthquake is a task oriented to
precautionary measures, because it can be risky to say that an
earthquake will happen on a certain date and place, even if
the probability of the event is plausible. A short prediction as
mentioned in the title is that an interval some events between
the training and testing stage (few months) was taken to test
the proposed method.
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