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CORRELATION RECURRENT UNIT FOR

IMPROVING PREDICTION PERFORMANCE

OF TIME-SERIES DATA AND

CORRELATION RECURRENT NEURAL

NETWORK

CROSS-REFERENCE TO RELATED
APPLICATION(S)

This application claims the priority benefit of Korean
Patent Application No. 10-2022-0024013 filed on Feb. 24,
2022, in the Korean Intellectual Property Office, the disclo-
sure of which is incorporated herein by reference for all
purposes.

BACKGROUND

1. Field

One or more embodiments relate to a new time-series
prediction neural network for training an autocorrelation
degree and a correlation degree between time-series com-
ponents decomposed from time-series data, and more par-
ticularly, to a method of improving the prediction accuracy
of time-series data by establishing a correlation recurrent
neural network including a correlation recurrent unit (CRU)
for training a relation between different time-series compo-
nents.

2. Description of Related Art

A deep learning model may include an autoregressive
integrated moving average (ARIMA) model, a recurrent
neural network (RNN) model, a long short-term memory
(LSTM) model, a gated recurrent unit (GRU) model, and the
like, in which the deep learning model is used to predict next
time-series data with high accuracy through artificial intel-
ligence (AI) training of pieces of time-series data on a
physical quantity generated at a certain time interval.

However, among typical deep learning models, the RNN
model may not be further trained by using the latest piece of
time-series data due to a memory loss, in which a weight in
the past is provided back as feedback and a value converges
to 0 when additional training is performed after a certain
degree of training. In addition, overfitting may occur in the
GRU model that is proposed by improving the LSTM model
of which a configuration is relatively complicated.

To compensate for such issues, a deep learning model is
proposed, in which a seasonal-trend decomposition using
LOESS (STL), that is, one of the time-series decomposition
algorithms, is combined with typical deep learning models,
such as the ARIMA, RNN, LSTM, and GRU models.

FIG. 1 is a diagram illustrating a deep learning model
used to predict time-series data, according to a related art.

Referring to FIG. 1, a deep learning model 100 combined
with an STL may perform time-series decomposition on
time-series data that is input by using the STL, decompose
the input time-series data into a trend component, a seasonal
component, and a remainder component, generate models (a
Model1, a Model2, and a Model3) based on the typical deep
learning models, such as the ARIMA, RNN, LSTM, and
GRU models, for each decomposed time-series component,
aggregate the generated models Model1, Model2, and
Model3, and perform an overall time-series prediction.

The deep learning model 100 combined with an STL may
improve the accuracy of time-series prediction, compared to
the typical deep learning models, such as the RNN, LSTM,

and GRU models, but may not readily learn a relation

between time-series components because training of the

time-series components decomposed from the time-series

data is independently performed in an independent model as

illustrated in FIG. 1.
Accordingly, a new time-series prediction neural network

for predicting time-series data with high accuracy is pro-
posed in the present disclosure by using a relation between
different time-series components decomposed from time-
series data together.

SUMMARY

An aspect provides a new neural network structure for
training each decomposed time-series component by decom-
posing input time-series data xt into a plurality of time-series
components (e.g., trend, seasonal, and remainder compo-
nents) and improving the prediction performance of time-
series data by training a relation between different time-
series components.

Another aspect also provides a method of establishing a
correlation recurrent neural network including a correlation
recurrent unit (CRU) and the CRU for performing training
by increasing a weight on a previous hidden state value of
high relevance by determining to which degree the previous
hidden state value is used when generating a current hidden
state value, based on an autocorrelation degree with the
previous hidden state value of each of time-series compo-
nents that are decomposed from time-series data and a
correlation degree with the previous hidden state value
between each of the time-series components.

According to an aspect, there is provided a CRU including
an STL cell configured to decompose time-series data xt

corresponding to a time t when the time-series data xt is
input, based on a selected time-series composition algo-
rithm, into a plurality of time-series components; an auto-
correlation gate configured to obtain an autocorrelation
degree with a hidden state value corresponding to a time t−1
of each of the plurality of time-series components with
respect to each of the plurality of time-series components; a
correlation gate configured to obtain a correlation degree
with a hidden state value corresponding to a time t−1 of
another time-series component different from each of the
plurality of time-series components with respect to each of
the plurality of time-series components; and a generation
gate configured to determine whether to update the hidden
state value of the time t−1 generated for each of the plurality
of time-series components, based on the autocorrelation
degree and the correlation degree, when previous time-series
data xt-1 prior to the time-series data xt is input.

According to another aspect, there is provided a correla-
tion recurrent neural network including a plurality of CRUs
for predicting time-series data, in which each of the plurality
of CRUs includes an STL cell configured to decompose, into
a trend component xt trend, a seasonal component xt_seasonal,
time-series data xt at a time t when the time-series data xt is
input, and a remainder component xt_remainder; an autocor-
relation gate configured to estimate and obtain, with respect
to the trend component xt_trend at the time t, an autocorre-
lation degree

a

t

t

with a first hidden state value relevant to a trend component
xt-1_trend corresponding to a time t−1 prior to the time t and
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estimate and obtain, with respect to the seasonal component

xt_seasonal at the time t, an autocorrelation degree

a

t

s

with a second hidden state value relevant to the seasonal

component xt-1_seasonal corresponding to the time t−1; a

correlation gate configured to estimate and obtain a corre-

lation degree

a

t

t

with the second hidden state value with respect to the trend

component xt_trend at the time t and estimate and obtain a

correlation degree

a

t

s

with the first hidden state value with respect to the seasonal

component xt_seasonal at the time t; and a generation gate

configured to, when generating a hidden state value of each

of a plurality of time-series components at the time t,

increase a proportion of using the first hidden state value and

the second hidden state value that are generated when

time-series data xt-1 at the time t−1 is input as the autocor-

relation degrees

a

t

t

and

a

t

s

and the correlation degrees

ĉt
t

and

ĉt
s

increase.
According to another aspect, there is provided a new

time-series prediction neural network model for training a
correlation and an autocorrelation between decomposed
time-series components by performing time-series decom-
position in a single cell.

According to another aspect, a correlation recurrent neu-
ral network including a CRU for performing training by
increasing a weight on a previous hidden state value relevant
to a certain trend or seasonality with each time-series
component or by increasing a weight on the previous hidden
state value having relevance in a certain trend or seasonality

even with different time-series components may be estab-

lished such that the accuracy of time-series prediction may

be improved compared to the prior art.

An approximately 10% or more increase in the short- and

long-term prediction performance of the CRU proposed in
the present disclosure is proved after comparing the perfor-
mance of the CRU with the performance of the models
proposed in the prior art by using nine different time-series
data sets collected from fields, such as shipping, economy,
stocks, and the like.

Additional aspects of example embodiments will be set
forth in part in the description which follows and, in part,
will be apparent from the description, or may be learned by
practice of the disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

These and/or other aspects, features, and advantages of
the present disclosure will become apparent and more read-
ily appreciated from the following description of example
embodiments, taken in conjunction with the accompanying
drawings of which:

FIG. 1 is a diagram illustrating a deep learning model
used to predict time-series data, according to a related art;

FIG. 2 is a diagram illustrating an internal configuration
of a correlation recurrent unit included in a correlation
recurrent neural network according to an embodiment;

FIG. 3 is a table representing prediction performance on
five different pieces of time-series data by a correlation
recurrent neural network according to an embodiment; and

FIG. 4 is a table representing prediction performance on
four different pieces of time-series data by a correlation
recurrent neural network according to an embodiment.

DETAILED DESCRIPTION

Hereinafter, examples will be described in detail with
reference to the accompanying drawings. However, various
alterations and modifications may be made to the embodi-
ments. Here, the embodiments are not construed as limited
to the disclosure. The embodiments should be understood to
include all changes, equivalents, and replacements within
the idea and the technical scope of the disclosure.

The terminology used herein is for the purpose of describ-
ing particular embodiments only and is not to be limiting of
the embodiments. The singular forms “a”, “an”, and “the”
are intended to include the plural forms as well, unless the
context clearly indicates otherwise. It will be further under-
stood that the terms “comprises/comprising” and/or
“includes/including” when used herein, specify the presence
of stated features, integers, steps, operations, elements,
and/or components, but do not preclude the presence or
addition of one or more other features, integers, steps,
operations, elements, components and/or groups thereof.

Unless otherwise defined, all terms including technical
and scientific terms used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which embodiments belong. It will be further understood
that terms, such as those defined in commonly-used diction-
aries, should be interpreted as having a meaning that is
consistent with their meaning in the context of the relevant
art and will not be interpreted in an idealized or overly
formal sense unless expressly so defined herein.

When describing the embodiments with reference to the
accompanying drawings, like reference numerals refer to
like constituent elements and a repeated description related
thereto will be omitted. In the description of embodiments,
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detailed description of well-known related structures or

functions will be omitted when it is deemed that such

description will cause ambiguous interpretation of the pres-

ent disclosure.

A correlation recurrent neural network for improving the

performance of time-series prediction proposed in the pres-

ent disclosure may include a plurality of correlation recur-

rent units (CRUs), and each of the CRUs may be imple-

mented by, for example, a memory cell for maintaining a

hidden state value based on time-series data training.

When training time-series data xt at a time t that is to be

newly input when time-series data xt-1 corresponding to a

time t−1, that is, a previous time, has been trained, each of

the CRUs may update a hidden state value ht-1 at the time t−1

generated when training the time-series data xt-1 and gener-

ate a hidden state value ht at the time t based on the training

of the time-series data xt. In this case, each of the CRUs may

refer to some of the hidden state value ht-1, of which

relevance to the time-series data xt, that is, a new input, is

high, of the already generated hidden state value ht-1 at the

time t−1.
In other words, each of the CRUs may determine to which

degree the already generated hidden state value ht-1 at the
time t−1 is referred, based on the relevance to the time-series
data xt and update the hidden state value ht at the time t.

In this case, each of the CRUs may decompose the
time-series data xt at the time t into a plurality of time-series
components including a trend component and a seasonal
component, estimate relevance (an autocorrelation degree)
with the hidden state value ht-1 at the time t−1 for each
time-series component, and determine whether to use the
hidden state value ht-1 at the time t−1 based on the relevance
(the autocorrelation degree).

Accordingly, at the time t−1, the time t, a time t+1, and the
like, when time-series data is input to each of the CRUs,
each of the CRUs may perform training based on the
autocorrelation degree (the relevance) with the hidden state
value ht-1 at a previous time of the same time-series com-
ponent in each of the CRUs.

Generally, in the case of time-series data corresponding to
a physical quantity generated at a certain time interval,
time-series prediction for the future may be performed by
analyzing an increasing (upward) or decreasing (downward)
trend or tendency over time in the physical quantity or by
analyzing a repeated pattern or periodicity, for example,
seasonality, of the physical quantity over time, and noise
remaining in the physical quantity over time may be ana-
lyzed, reflected in time-series prediction, and used to
improve prediction accuracy.

Typically, for separate training of time-series data, model
1 for analyzing a trend of a time series, model 2 for
analyzing the seasonality of the time series, and model 3 for
analyzing the noise (remainder) of the time series may each
be provided and aggregated to configure a time-series pre-
diction model. When configuring a time-series prediction
model reflecting the relevance to the trend, seasonality, and
noise of a time series in an operation of training time-series
data, a time-series prediction result of high accuracy with a
trend and seasonality being considered may be obtained.

Accordingly, in the present disclosure, proposed is a CRU
for training an autocorrelation degree with a hidden state
value ht-1 at a previous time t−1 of the same time-series
component as each of time-series components and a corre-
lation degree with the hidden state value ht-1 at a previous
time of a time-series component different from each of the
time-series components.

The CRU may determine whether to use or update the
hidden state value ht-1 at the time t−1 by considering the
relevance between different time-series components, besides
the same time-series component.

Accordingly, a correlation recurrent neural network
including a CRU for performing training by increasing a
weight on a previous hidden state value to which a time-
series component is individually relevant to a certain trend
or seasonality or by increasing a weight on a previous hidden
state value having relevance even to different time-series
components in terms of a certain trend or seasonality may be
established in the present disclosure such that the accuracy
of time-series prediction may increase compared to the prior
art.

FIG. 2 is a diagram illustrating an internal configuration
of a correlation recurrent unit included in a correlation
recurrent neural network according to an embodiment.

Referring to FIG. 2, a CRU 200 may include a seasonal-
trend decomposition using LOESS (STL) cell 210, an auto-
correlation gate 220, a correlation gate 230 and a generation
gate 240.

The STL cell 210 may decompose, into a plurality of
time-series components, time-series data xt corresponding to
a time t when the time-series data xt is input, based on a
selected time-series decomposition algorithm.

For example, the STL cell 210 may decompose the
time-series data xt into the plurality of time-series compo-
nents at least including a trend component xt_trend and a
seasonal component xt_seasonal, based on an STL, in which
the trend component xt_trend is relevant to an upward or
downward trend from the time t and the seasonal component
xt_seasonal is relevant to a periodic pattern repeated from the
time t.

Specifically, the STL cell 210 may decompose the time-
series data xt, that is, a new input to the CRU 200, a trend,
seasonality, and remainder noise included by the time-series
data xt by using the STL algorithm throughout the following
steps.

In a first step, the STL cell 210 may suitably estimate a
trend from the time-series data xt through least squares,
remove the estimated trend from the time-series data xt,
generate trend-adjusted time-series data, and use the trend-
adjusted time-series data as the trend component xt trend.

In a second step, the STL cell 210 may obtain a moving
average of the length of seasonality with an adjusted trend
obtained in the first step, remove the seasonality, divide the
moving average by a seasonality-removed time series, and
primarily estimate the seasonality.

In a third step, the STL cell 210 may obtain an average of
each season of the seasonality estimated in the second step,
adjust a sum of the averages of seasons to be the length of
seasonality, generate a ‘seasonal index’, and use the gener-
ated seasonal index as the seasonal component xt_seasonal.

In a fourth step, the STL cell 210 may use, as the
remainder component, a remaining component excluding
the trend component xt_trend and the seasonal component
xt_seasonal from the time-series data xt.

The autocorrelation gate 220 may obtain an autocorrela-
tion degree with a hidden state value 251 corresponding to
a time t−1 of each time-series component with respect to the
plurality of time-series components.

The autocorrelation gate 220 may be a gate for estimating
an autocorrelation degree (relevance) with a hidden state
value at a previous time of a time-series component of the
same series as that of each decomposed time-series compo-
nent and use a Sigmoid function to obtain the autocorrela-
tion degree.
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Specifically, the autocorrelation gate 220 may estimate

and obtain an autocorrelation degree

a

t

t

with a first hidden state value ht-1_trend corresponding to the

time t−1 of the same trend component as the trend compo-

nent xt_trend of the plurality of time-series components.

a

t

t = σw
x
t
h
t xt
t +w

h
t
h
t ht-1
t + b

a
�t  [Equation 1]

TABLE 1

ât
t Value of autocorrelation gate with respect to trend component

at time t = estimated value of autocorrelation degree, of

trend component at time t, with hidden state at time t − 1

corresponding to trend component

σ Sigmoid function (outputting a value between 0 and 1 of

Sigmoid function)

Wxthtxt
t Weight value of trend component at time t with hidden state

Wh
t
h

tht−1
t Hidden state weight value with respect to trend component

at time t − 1

bâ
t Bias value of autocorrelation gate with respect to trend

component

In addition, the autocorrelation gate 220 may estimate and

obtain an autocorrelation degree

a

t

s

with a second hidden state value ht-1_seasonal corresponding

to the time t−1 of the same seasonal component as the

seasonal component xt_seasonal of the plurality of time-series

components.

a

t

s = σwxshs xt
s +whshsht-1

s + b
a
s  �Equation 2]

TABLE 2

ât
s Value of autocorrelation gate with respect to seasonal

component at time t = estimated value of autocorrelation

degree, of seasonal component at time t, with hidden state at

time t − 1 corresponding to seasonal component

σ Sigmoid function

Wx
s
h

sxt
s Weight value of seasonal component at time t with hidden

state

Wh
s
h

sht−1
s Hidden state weight value with respect to seasonal component

at time t − 1

bâ
s Bias value of autocorrelation gate with respect to seasonal

component

The correlation gate 230 may obtain a correlation degree
with the hidden state value 251 corresponding to the time
t−1 of a time-series component different from each time-
series component with respect to each of the plurality of
time-series components.

The correlation gate 230 may be a gate for estimating a
correlation degree with a hidden state value of a previous
time of a time-series component different from a decom-
posed time-series component and use a Sigmoid function to
estimate the correlation degree.

Specifically, the correlation gate 230 may estimate and
obtain a correlation degree

ĉt
t

with the second hidden state value ht-1 seasonal correspond-
ing to the time t−1 of a seasonal component different from
the trend component xt_trend of the plurality of time-series
components.

c

t

t = σw
x
t
h
t xt
t +w

h
t
h
t ht-1
s + b

c
t  [Equation 3]

TABLE 3

ĉt
t Value of correlation gate with respect to trend component at

time t = estimated value of correlation degree, of trend

component at time t, with hidden state at time t − 1

corresponding to remainder seasonal component

σ Sigmoid function

Wx
t
h

txt
t Weight value of trend component at time t with hidden state

Wh
t
h

tht−1
s Hidden state weight value with respect to trend component at

time t − 1

bĉ
t Bias value of correlation gate with respect to trend component

In addition, the correlation gate 230 may estimate and
obtain a correlation degree

c

t

s

with the first hidden state value ht-1_trend corresponding to
the time t−1 of a trend component different from the
seasonal component xt_seasonal of the plurality of time-series
components.

c

t

s = σwxshs xt
s +whshsht-1

t + b
c
s  [Equation 4]

TABLE 4

ĉt
s Value of correlation gate with respect to seasonal component

at time t = estimated value of correlation degree, of

seasonal component at time t, with hidden state at time

t − 1 corresponding to remainder trend component

σ Sigmoid function

Wx
s
h

sxt
s Weight value of seasonal component at time t with hidden

state

Whshsht−1
t Hidden state weight value with respect to seasonal component

at time t − 1

bĉ
s Bias value of correlation gate with respect to seasonal

component

The generation gate 240 may generate a hidden state
value 252 at a time t of each time-series component by
updating the hidden state value 251 at the time t−1 generated
for each time-series component, through the training of the
time-series data xt, when previous time-series data xt-1 prior
to the time-series data xt is input to the generation gate 240.

The generation gate 240 may determine whether to use
the hidden state value 251 at the time t−1, based on the
relevance of each time-series component to the hidden state
value 251 at the time t−1.

In other words, the generation gate 240 may use the
hidden state value 251 at the time t−1, in which an auto-
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correlation degree between the same time-series component

as each time-series component decomposed from the time-

series data xt is high, and use the hidden state value 251 at

the time t−1, in which a correlation degree between a

time-series component different from each time-series com-

ponent is high.

When the autocorrelation degree or the correlation degree

is close to 1 in a predetermined range of 0 to 1, the relevance

between the time-series data xt and a previous hidden state

value is high. When the autocorrelation degree or the

correlation degree is close to 0 in the predetermined range of

0 to 1, the relevance between the time-series data xt and the

previous hidden state value is low.

The generation gate 240 may identify a first time-series

component, of which the autocorrelation degree or the

correlation degree is close to 1, of the plurality of time-series

components and generate the hidden state value 252 ht at the

time t by using (referring to) the hidden state value 251 ht-1

corresponding to the time t−1.

In addition, the generation gate 240 may identify a second

time-series component, of which the autocorrelation degree

or the correlation degree is close to 0 in the predetermined

range of 0 to 1, of the plurality of time-series components
and generate the hidden state value 252 ht at the time t by
updating the second time-series component without using
(referring to) the hidden state value 251 ht-1 corresponding
to the time t−1.

Accordingly, the generation gate 240 may generate the
hidden state value 252 at the time t by referring to the hidden
state value 251 at the time t−1 of which relevance to the
time-series data xt is high, based on the autocorrelation
degree and the correlation degree with the hidden state value
251 at the time t−1 for each time-series component decom-
posed from the time-series X data.

In another example, the generation gate 240 may deter-
mine whether to use the hidden state value 251 at the time
t−1, based on the autocorrelation degree and the correlation
degree obtained by the autocorrelation gate 220 and the
correlation gate 230 and a Hadamard product operation (

with the hidden state value ht-1 at the time t−1.
Specifically, the generation gate 240 may respectively

perform a Hadamard product operation ( with the hidden
state value ht-1 at the time t−1 on the autocorrelation degrees

a

t

t

and

a

t

s

the correlation degrees

c

t

t

and

c

t

s
,

evaluate the relevance to the time-series data xt with respect

to the hidden state value 251 ht-1 at the time t−1, based on

a value of the Hadamard product operation, and determine

whether to use the hidden state value 251 ht-1 at the time t−1

with respect to each time-series component, based on the

relevance.

For example, the generation gate 240 may perform a

Hadamard product operation

a

t

t⊙ht-1
t

on the first hidden state value ht-1_trend and the autocorrela-

tion degree

a

t

t

and perform a Hadamard product operation

c

t

t⊙ht-1
s

on the second hidden state value ht-1_seasonal and the corre-

lation degree

c

t

t
.

When the autocorrelation degree and the correlation

degree respectively obtained by the autocorrelation gate 220

and the correlation gate 230 are close to 0 in the predeter-

mined range of 0 to 1, values of the Hadamard product

operations

a

t

t⊙ht-1
t

and

c

t

t⊙ht-1
s

may be close to 0. Therefore, the generation gate 240 may
evaluate that the relevance of the first hidden state value
ht-1_trend and the second hidden state value ht-1_seasonal to the
time-series data xt is relatively low.

In this case, the generation gate 240 may update a
time-series component of which relevance is evaluated to be
low without referring to the hidden state value 251 ht-1 at the
time t−1 of the time-series component and generate the
hidden state value 252 ht at the time t.

In addition, the generation gate 240 may perform a
Hadamard product operation

a

t

s⊙ht-1
s

on the second hidden state value ht-1_seasonal and the auto-
correlation degree
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a

t

s

and perform a Hadamard product operation

c

t

s⊙ht-1
t

on the first hidden state value ht-1_trend and the correlation

degree

c

t

s
�

When the autocorrelation degree

a

t

s

and the correlation degree

c

t

s

respectively obtained by the autocorrelation gate 220 and the

correlation gate 230 are close to 1 in the predetermined

range of 0 to 1, values of the Hadamard product operations

a

t

s⊙ht-1
s and c


t

s⊙ht-�
t

may be close to 1. Therefore, the generation gate 240 may

evaluate that the relevance of the first hidden state value

ht-1_trend and the second hidden state value ht-1_seasonal to the

time-series data xt is relatively high.

In this case, the generation gate 240 may use, as the

hidden state value ht at the time t, the hidden state value 251

ht-1 at the time t−1 for a time-series component of which

relevance is evaluated to be high.

Accordingly, the generation gate 240 may decrease a

proportion of using a hidden state at a previous time when
relevance is low and increase a proportion of using the
hidden state at the previous time when relevance is high
when updating a hidden state value when new time-series
data is input.

In other words, as expressed in Equation 5 below, the
generation gate 240 may consider an autocorrelation degree
and a correlation degree with respect to the trend component
xt_trend decomposed from the time-series data xt at the time
t and relevance based on a Hadamard product operation (

with the hidden state value ht-1 at the time t−1, determine
whether to use the hidden state value 251 ht-1 at the time t−1,
and generate the hidden state value 252 ht at the time t with
respect to the trend component xt_trend.

ht
t = λ× t��� �w

x
t
h
t xt
t +w

h
t
h
t �a
�
t

t⊙ht	1
t  + bh

t  + [Equation 5]

(1
 λ)× ��
�w
x
t
h
t xt
t +w

h
t
h
t c t

t⊙ht-1
S  + bh

t 

In addition, as expressed in Equation 6 below, the gen-
eration gate 240 may consider an autocorrelation degree and
a correlation degree with respect to the seasonal component
xt_seasonal decomposed from the time-series data xt at the
time t and relevance based on a Hadamard product operation
( with the hidden state value ht-1 at the time t−1, determine
whether to use the hidden state value 251 ht-1 at the time t−1,
and generate the hidden state value 252 ht at the time t with
respect to the seasonal component xt_seasonal.

ht
s = λ× ���� �wxshs xt

s � whshs �a
�
t

s
� ht�1

s ) � bh
s ) � �Equation 6]

(1- λ)× ����wxshs xt
s +whshs c


t

s⊙ht-1
S  + bh

s 

In addition, the remainder component xt_remainder exclud-
ing the trend component xt_trend and the seasonal component
xt_seasonal may correspond to noise, and whether to update
the hidden state value ht-1 at the time t−1 may be determined
based on Equation 7.

ht
r = tan h(wxrhr xt

r + bh
r ) [Equation 7]

The terms used in the equations above are described in
Table 5 below.

TABLE 5

Classification Description

ht
t Update weight of hidden state with respect to trend

component at time t

ht
s Update weight of hidden state with respect to seasonal

component at time t

λ Parameter for calculating weighted average on

autocorrelation and correlation

( Hadamard product

ât
s
(ht−1

s Equation for evaluating impact of hidden state at time

t − 1 through value obtained from autocorrelation gate

ĉt
s
(ht−1

t Equation for evaluating impact of hidden state at time

t − 1 through value obtained from correlation gate

In the present disclosure, a proportion of using a hidden
state at a previous time may increase as relevance (an
autocorrelation degree and a correlation degree) to the
hidden state at the previous time of each time-series com-
ponent decomposed from newly input time-series data
increases, which may improve the accuracy of time-series
prediction through a CRU for training a relation between
time-series components and overcome ‘memory loss’ and
‘overfitting’ issues of a typical deep learning model.

In another embodiment, the correlation recurrent neural
network in the present disclosure may include a plurality of
CRUs 200 for predicting time-series data, and each of the
plurality of CRUs 200 may include the STL cell 210, the
autocorrelation gate 220, the correlation gate 230, and the
generation gate 240.

The STL cell 210 may decompose the time-series data xt,
to be input, at the time t into the trend component xt trend, the
seasonal component xt seasonal, and the remainder compo-
nent xt_remainder.

The autocorrelation gate 220 may estimate and obtain an
autocorrelation degree

a

t

t
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with a first hidden state value relevant to the trend compo-

nent xt-1_trend corresponding to a previous time t−1 with

respect to the trend component xt_trend at the time t. In

addition, the autocorrelation gate 220 may estimate and

obtain an autocorrelation degree

a

t

s

with a second hidden state value relevant to the seasonal

component xt-1_seasonal corresponding to the time t−1 with

respect to the seasonal component xt_seasonal at the time t.

Referring to FIG. 2, the autocorrelation gate 220 may be

a gate for estimating an autocorrelation degree with a

decomposed time-series component and a hidden state at a

previous time corresponding to the decomposed time-series

component and may include elements respectively repre-

sented by

at
s and at

s�

a

t

s

may be an element for estimating an autocorrelation degree

between xSt and

ht-1
s ,

a

t

t

may be an element tor estimating an autocorrelation degree

between

xt
t

and htt-1, and the elements may be respectively represented

by Equations 1 and 2.

The correlation gate 230 may estimate and obtain a
correlation degree

ĉt
t

with the second hidden state value with respect to the trend
component xt_trend at the time t. In addition, the correlation
gate 230 may estimate and obtain a correlation degree

ĉt
s

with the first hidden state value with respect to the seasonal
component xt_seasonal at the time t.

Referring to FIG. 2, the correlation gate 230 may be a gate

for estimating a correlation degree with a hidden state at a

previous time corresponding to a decomposed time-series

component and a remainder component and may update a

correlation between xt, that is, a newly input variable, and a

hidden state ht-1 between different decomposed time-series

components.

The correlation gate 230 may also include elements

respectively represented by

c

t

s
and c


t

t
�

c

t

s

may be an element for estimating a correlation degree

between xSt and

ht-1
s ,

c

t

t

may be an element for estimating a correlation degree

between

xt
t

and htt-1, and the elements may be respectively represented

by Equations 3 and 4.

The autocorrelation gate 220 and the correlation gate 230

may both output a value between 0 to 1 through a Sigmoid

function σ and output, as a result value, an autocorrelation
degree in each time-series component and a correlation
degree with another time-series component.

A value obtained by the autocorrelation gate 220 and the
correlation gate 230 may be used by the generation gate 240
to update a whole hidden state.

The generation gate 240 may update the first hidden state
value and the second hidden state value generated when the
time-series data xt-1 at the time t−1 is input, based on the
autocorrelation degrees

a

t

t
and a


t

s

obtained by the autocorrelation gate 220 and the correlation
degrees

c

t

t
and c


t

s

obtained by the correlation gate 230, and may generate a
hidden state value at the time t of each time-series compo-
nent.
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In the autocorrelation recurrent neural network proposed

in the present disclosure, the whole hidden state may be in

three dimensions, and the generation gate 240 may update

the whole hidden state by multiplying a value trained

through the autocorrelation gate 220 and the correlation gate

230 by a hidden state at the previous time t−1. A process of

updating the whole hidden state may be represented by

Equations 5 and 6.

When autocorrelation degrees

a

t

t
and a


t

s

of a trend component and a seasonal component are close to

0 from 0 to 1,

a

t

s
�ht-1

s and a

t

t
� ht-1

t

of Equations 5 and 6 may be close to 0. Therefore, the

generation gate 240 may decrease a proportion of using a

hidden state at a previous time when updating a hidden state.

When

a

t

t
and a


t

s

are close to 1, the generation gate 240 may increase the
proportion of using the hidden state at the previous time to
update the whole hidden state.

In addition, when correlation degrees

c

t

t
and c


t

s

of the trend component and the seasonal component are
close to 0 from 0 to 1,

c

t

s
 ht-1

t and c

t

t
 ht-1

s

of Equations 5 and 6 may be close to 0. Therefore, the
generation gate 240 may decrease the proportion of using
the hidden state at the previous time when updating a hidden
state. When the correlation degrees

c

t

t
and c


t

s

are close to 1, the generation gate 240 may increase the
proportion of using the hidden state at the previous time to
update the hidden state.

In the present disclosure, a proportion of using a hidden
state at a previous time may increase as relevance (an
autocorrelation degree and a correlation degree) to the
hidden state at the previous time of each time-series com-
ponent decomposed from newly input time-series data
increases, which may improve the accuracy of time-series
prediction by establishing a correlation recurrent neural
network including a CRU for training a relation between
time-series components.

FIG. 3 is a table representing prediction performance on
five different pieces of time-series data by a correlation
recurrent neural network according to an embodiment.

The table illustrated in FIG. 3 compares and represents
time-series prediction performance by typical models, such
as RNN, LSTN, and GRU models, time-series prediction
performance by deep learning models, such as RNN-STLC,
LSTM-STLC, GRU-STLC, RNN-STLD, LSTM-STLD,
and GRU-STLD models, combining the typical models with
an STL, and time-series prediction performance by a CRU
proposed in the present disclosure.

Referring to FIG. 3, five different types of time-series
data, such as UTD1: ‘US gross domestic product (GDP)’,
UTD2: ‘Standard and Poor’s (S&P) 500’, UTD3: ‘stock
price of company A’, UTD4: ‘Baltic Dry Bulk Index’, and
UTD5: ‘European Union (EU) Emissions Trading System
(ETS) price’, are used to compare time-series prediction
performance, and the time-series prediction performance is
represented in the form of Avg. (Std. Dev.), based on indices,
such as a root mean square error (RMSE), a mean absolute
percentage error (MAPE), and the like, calculated through
statistical techniques.

In the table illustrated in FIG. 3, the Avg. (Std. Dev.)
values of time-series data predicted by a CRU that has
learned the five types of time-series data UTD1 to UTD5 are
less than the Avg. (Std. Dev.) values obtained by any other
models, which may verify that the accuracy of time-series
prediction is improved when performed by the CRU.

FIG. 4 is a table representing prediction performance on
four different pieces of time-series data by a correlation
recurrent neural network according to an embodiment.

In FIG. 4, to more precisely verify time-series prediction
performance, four types of time-series data different from
the five types of time-series data used in FIG. 3 may be used,
in which the four types of time-series data include MTD1:
‘big tech stock price’, MTD2: ‘Baltic Dry Bulk Index’,
MTD3: ‘major world stock indices’, and MTD4: ‘major
world trade volume’.

As illustrated in FIG. 4, the Avg. (Std. Dev.) values of
time-series data predicted by a CRU that has learned the four
types of time-series data MTD1 to MTD4 are less than the
Avg. (Std. Dev.) values obtained by any other models, which
may verify that the accuracy of time-series prediction is
ensured by the CRU.

By comparing the time-series prediction performance by
the CRU with the time-series prediction performance by the
other models by using nine different time-series datasets in
FIGS. 3 and 4, the time-series prediction performance is
proved to increase by approximately 10% or more in a short-
and long-term.

Accordingly, when using a correlation recurrent neural
network, which is proposed in the present disclosure, includ-
ing CRUs that are established through training by using a
relation between time-series components decomposed from
time-series data, more accurate time-series data that is
inferred from the relation between the time-series compo-
nents may be predicted, and the prediction accuracy of
time-series data may be ensured compared to simply aggre-
gating the typical models, which are generated through
independent training of time-series components, described
with reference to FIG. 1.

APPLICATION EXAMPLES OF PRESENT
DISCLOSURE

The model proposed in the present disclosure may be
applied to various industries, such as shipping, finance,
ports, and manufacturing.
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1. Application Example in Stocks
When applying the present disclosure to ‘Samsung Elec-

tronics stock price prediction’ in the field of stocks, a user
may use Samsung Electronics stock price data before a time
t as input data, separate three time-series patterns, that is,
trend, cycle, and remainder patterns, included in the input
data, train an autocorrelation and a correlation between the
separated time-series patterns, and predict and output a
Samsung Electronics stock price at a time t+1, t+2, . . . the
user desires to predict.
2. Application Example in Finance

When applying the present disclosure to ‘Korea Compos-
ite Stock Price Index (KOSPI) prediction’ in the financial
field, a user may use KOSPI prediction data before a time t
as input data, separate three time-series patterns, that is,
trend, cycle, and remainder patterns, included in the input
data, train an autocorrelation and a correlation between the
separated time-series patterns, and predict and output a
KOSPI value at a time t+1, t+2, . . . the user desires to
predict. When integrated with robo-advisor technology that
has recently been actively used, the present disclosure may
be used to minimize a loss of a consumer and maximize
profits.
3. Application Example in Shipping

When applying the present disclosure to ‘freight index
prediction’ in the shipping field, a user may use freight index
prediction data before a time t as input data, separate three
time-series patterns, that is, trend, cycle, and remainder
patterns, included in the input data, train an autocorrelation
and a correlation between the separated time-series patterns,
and predict and output a freight index value at a time t+1,
t+2, . . . the user desires to predict. The present disclosure
may predict the conditions of the shipping market based on
predicted information or may use the predicted information
to make decisions needed in the ship chartering and opera-
tion market.
4. Application Example in Ports

When applying the present disclosure to ‘operation index
prediction’ in the field of ports, a user may use port operation
log data before a time t as input data, separate three
time-series patterns, that is, trend, cycle, and remainder
patterns, included in the input data, train an autocorrelation
and a correlation between the separated time-series patterns,
and predict and output various operation indices, such as an
estimated time of arrival and the degree of congestion, at a
time t+1, t+2, . . . the user desires to predict. When
establishing an operation plan of a port, operation indices,
such as the degree of congestion of the port and an estimated
time of arrival, may need to be considered. Therefore, the
present disclosure may be integrated with an operation
optimization tool, such as a terminal operating system
(TOS).
5. Another Application Example in Ports

When applying the present disclosure to ‘exports and
imports prediction’ in the field of ports, a user may use data
on the volume of exports and imports before a time t as input
data, separate three time-series patterns, that is, trend, cycle,
and remainder patterns, included in the input data, train an
autocorrelation and a correlation between the separated
time-series patterns, and predict and output the volume of
exports and imports at a time t+1, t+2, . . . the user desires
to predict.
6. Application Example in Manufacturing

When applying the present disclosure to ‘product manu-
facturing time prediction’ in the manufacturing field, a user
may use product manufacturing time data before a time t as
input data, separate three time-series patterns, that is, trend,

cycle, and remainder patterns, included in the input data,
train an autocorrelation and a correlation between the sepa-
rated time-series patterns, and predict and output product the
manufacturing time at a time t+1, t+2, . . . the user desires
to predict.

A make-to-order company may decrease tardiness and a
business risk by accurately predicting the total manufactur-
ing time needed for product manufacturing. Therefore, the
present disclosure may be importantly used in a smart
manufacturing system, and when using the present disclo-
sure, the prediction accuracy of the smart manufacturing
system may increase.

The methods according to the above-described examples
may be recorded in non-transitory computer-readable media
including program instructions to implement various opera-
tions of the above-described embodiments. The media may
also include, alone or in combination with the program
instructions, data files, data structures, and the like. The
program instructions recorded on the media may be those
specially designed and constructed for the purposes of
embodiments, or they may be of the kind well-known and
available to those having skill in the computer software arts.
Examples of non-transitory computer-readable media
include magnetic media such as hard disks, floppy disks, and
magnetic tape; optical media such as CD-ROM discs or
DVDs; magneto-optical media such as optical discs; and
hardware devices that are specially configured to store and
perform program instructions, such as read-only memory
(ROM), RAM, flash memory, and the like. Examples of
program instructions include both machine code, such as
produced by a compiler, and files containing higher-level
code that may be executed by the computer using an
interpreter. The above-described devices may be configured
to act as one or more software modules in order to perform
the operations of the above-described embodiments, or vice
versa.

The software may include a computer program, a piece of
code, an instruction, or some combination thereof, to inde-
pendently or uniformly instruct or configure the processing
device to operate as desired. Software and data may be
embodied permanently or temporarily in any type of
machine, component, physical or virtual equipment, com-
puter storage medium or device, or in a propagated signal
wave capable of providing instructions or data to or being
interpreted by the processing device. The software also may
be distributed over network-coupled computer systems so
that the software is stored and executed in a distributed
fashion. The software and data may be stored by one or more
non-transitory computer-readable recording mediums.

A number of embodiments have been described above.
Nevertheless, it should be understood that various modifi-
cations may be made to these embodiments. Suitable results
may be achieved if the described techniques are performed
in a different order, and/or if components in a described
system, architecture, device, or circuit are combined in a
different manner, and/or replaced or supplemented by other
components or their equivalents.

Accordingly, other implementations are within the scope
of the following claims.

What is claimed is:
1. A computer for providing a correlation recurrent unit

comprised in a correlation recurrent neural network, the
computer comprising:

at least one processing device; and
memory storing instructions that, when executed by the at

least one processing device individually or collectively,
cause the computer to:

US 12,694,266 B2

17 18

5

10

15

20

25

30

35

40

45

50

55

60

65



decompose, using a seasonal-trend decomposition cell,
time-series data (xt) corresponding to a time (t) when
the time-series data (xt) is input, based on a selected
time-series composition algorithm, into a plurality of
time-series components;

obtain, using an autocorrelation gate, an autocorrelation
degree with a hidden state value corresponding to a
previous time (t−1) of each of the plurality of time-
series components with respect to each of the plurality
of time-series components;

obtain, using a correlation gate, a correlation degree with
a hidden state value corresponding to a previous time
(t−1) of another time-series component different from
each of the plurality of time-series components with
respect to each of the plurality of time-series compo-
nents; and

determine, using a generation gate, whether to update the
hidden state value of the previous time (t−1) generated
for each of the plurality of time-series components,
based on the autocorrelation degree and the correlation
degree, when previous time-series data (xt-1) prior to
the time-series data (xt) is input;

wherein the generation gate is configured to:
identify a first time-series component, of which the

autocorrelation degree or the correlation degree is
closer to 1 in a predetermined range between 0 to 1
than other time-series components of the plurality of
time-series components, and

with respect to the first time-series component, use a
hidden state value (ht) at the time (t) when the hidden
state value (ht) is generated without updating a
previous hidden state value (ht-1) corresponding to
the previous time (t−1); and

wherein the correlation recurrent neural network is trained
by increasing a weight on the previous hidden state
value (ht-1) of relevance based on a degree the previous
hidden state value (ht-1) is used when generating a
current hidden state value in accordance with the
autocorrelation degree or the correlation degree.

2. The computer of claim 1, wherein
the generation gate is configured to identify a second

time-series component, of which the autocorrelation
degree or the correlation degree is closer to 0 in a
predetermined range between 0 to 1 than other time-
series components of the plurality of time-series com-
ponents, and with respect to the second time-series
component, generate the hidden state value (ht) at the
time (t) by updating the previous hidden state value
(ht-1) corresponding to the previous time (t−1).

3. The computer of claim 1, wherein
the seasonal-trend decomposition cell is configured to

decompose, based on a seasonal-trend decomposition
algorithm, the time-series data (xt) into the plurality of
time-series components comprising at least a seasonal
component (xt_seasonal) that is a time-series component
relevant to a periodic pattern repeated from the time (t),
and a trend component (xt_trend) that is a time-series
component relevant to an upward or downward trend
from the time (t).

4. The computer of claim 3, wherein
the autocorrelation gate is configured to
estimate and obtain a first autocorrelation degree

(a t
t
)

with a first hidden state value (ht-1_trend) corresponding
to the previous time (t−1) of the same trend component
as the trend component (xt_trend) of the plurality of
time-series components, and

estimate and obtain a second autocorrelation degree

(a t
s
)

with a second hidden state value (ht-1_seasonal) corre-
sponding to the previous time (t−1) of the same sea-
sonal component as the seasonal component
(xt_seasonal) of the plurality of time-series components.

5. The computer of claim 4, wherein
the correlation gate is configured to
estimate and obtain a first correlation degree

(c t
t
)

with the second hidden state value (ht-1_seasonal) corre-
sponding to the previous time (t−1) of a seasonal
component different from the trend component
(xt_trend) of the plurality of time-series components, and

estimate and obtain a second correlation degree

(c t
s
)

with the first hidden state value (ht-1_trend) correspond-
ing to the previous time (t−1) of a trend component
different from the seasonal component (xt_seasonal) of
the plurality of time-series components.

6. The computer of claim 5, wherein
the generation gate is configured to
respectively perform a Hadamard product operation with

the previous hidden state value (ht-1) at the previous
time (t−1) on the first and second autocorrelation
degrees

(a t
t
) and (a t

s
)

and the first and second correlation degrees

(c t
t
) and (c t

s
),

evaluate a correlation of the previous hidden state value
(ht-1) at the previous time (t−1) with the time-series
data (xt), based on a value obtained from the Hadamard
product operation, and

determine, based on the correlation, whether to update the
previous hidden state value (ht-1) at the previous time
(t−1) that is generated for each of the plurality of
time-series components.

7. A computer for providing a correlation recurrent neural
network comprising a plurality of correlation recurrent units
for predicting time-series data, computer comprising:

at least one processing device; and
memory storing instructions that, when executed by the at

least one processing device individually or collectively,
cause the computer to:
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decompose, using a seasonal-trend decomposition cell,
time-series data (xt) at a time (t) into a trend component
(xt_trend), a seasonal component (xt_seasonal), and a
remainder component (xt_remainder) when the time-se-
ries data (xt) is input;

estimate and obtain, using an autocorrelation gate, with
respect to the trend component (xt_trend) at the time (t),
a first autocorrelation degree

(a t
t
)

with a first hidden state value relevant to a trend
component (xt-1_trend) corresponding to a previous time
(t−1) prior to the time (t) and estimate and obtain, for
the seasonal component (xt_seasonal) at the time (t), a
second autocorrelation degree

(a
t

s)

with a second hidden state value relevant to the sea-
sonal component (xt-1_seasonal) corresponding to the
time (t−1);

estimate and obtain, using a correlation gate, first corre-
lation degree

(c t
t
)

with the second hidden state value with respect to the
trend component (xt_trend) at the time (t) and estimate
and obtain a second correlation degree

(c t
s
)

with the first hidden state value with respect to the

seasonal component (xt_seasonal) at the time (t); and

increase, using a generation gate, when generating a

hidden state value of each of a plurality of time-series

components at the time (t), a proportion of using the

first hidden state value and the second hidden state

value that are generated when previous time-series data

(xt-1) at the previous time (t−1) is input as the first and

second correlation degrees

(a t
t
) and (a t

s
)

and the first and second autocorrelation degrees

(c t
t
) and (c t

s
)

increase;

wherein the generation gate is configured to:

identify a first time-series component, of which the first

autocorrelation degree or the first correlation degree

is closer to 1 in a predetermined range between 0 to

1 than other time-series components of the plurality

of time-series components, and

with respect to the first time-series component, use the

first hidden state value at the time (t) when the first

hidden state value is generated without updating a

previous hidden state value corresponding to the

previous time (t−1); and

wherein the correlation recurrent neural network is trained

by increasing a weight on the previous hidden state
value of relevance based on a degree the previous
hidden state value is used when generating a current
hidden state value in accordance with the first autocor-
relation degree or the first correlation degree.

∗ ∗ ∗ ∗ ∗
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