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Recently, many studies have exploited the potential of deep learning to forecast energy demand, but they cannot
explain the results. They only analyze the simple correlations between the input and output to discover the most
important input features, or they depend on the manual investigation of the latent space embedded with power
demand patterns. In this paper, to overcome these shortcomings, we propose a deep autoencoder that can explain
the prediction results by manipulating the latent space. It consists of 1) a power encoder that embeds power
information, 2) an auxiliary encoder that embeds auxiliary information for an interpretable latent space in two
dimensions, 3) a predictor that predicts power demand by using concatenated values of the latent variables
extracted from the two encoders, and 4) an explainer that provides the most important input features in pre
dicting the future demand by utilizing the interpretable latent variables. Several experiments on a dataset of
household electric energy demand show that the proposed model not only performs better than conventional
models, with a mean squared error of 0.376 in predicting electricity demand for 60 min, but also provides the
capacity to explain the results by analyzing the correlation of inputs, latent variables, and energy demand
predicted.

1. Introduction
Continually increasing energy use and related CO2 emissions from
industrial development are among the causes of modern environmental
problems such as global warming (Ugursal, 2014; Liu et al., 2019). In the
U.S., 39% of total energy consumption is related to building energy (Zuo
& Zhao, 2014). It is predicted that residential energy consumption will
account for a large portion of electric demand in 2030 (Streimikiene,
2014; Zuo & Zhao, 2014). Among the various energy consumers, it is
reported that heating, ventilating, and air-conditioning systems account
for 40–50% of energy consumption (Shahnazari et al., 2018). Some of
this energy consumption can be attributed to inefficient energy use
caused by poor infrastructure, overconsumption, and energy waste
(Tweneboah-Koduah and Prasad, 2020). Insufficient production leads to
power outages, and overproduction leads to unnecessary expenditures,
not only in households but especially in industry, and they cause several
environmental problems. For example, because electrical energy is
generated mainly from fossil fuels (namely, oil, coal, and natural gas),
overproduction yields a substantial amount of greenhouse gases (Das
et al., 2018). Energy management systems such as smart grids have been

studied for efficient energy use, and energy demand forecasting is
essential for energy supply planning, resulting in the various predictors
developed (Ahmad et al., 2017; Lee et al., 2017; Li et al., 2017; Miller,
2019; Grimaldo & Novak, 2019; Kim & Cho, 2019a; Kim & Cho, 2019d;
Le et al., 2019).
There are cases where the power demand pattern suddenly increases,
decreases, or oscillates, as shown in Fig. 1, so two conditions are
necessary to build an effective power demand forecasting model: 1) high
performance and 2) explanatory prediction.
Intuitively, the more accurate the predictive model, the better the
energy management plan. Previously, predictors were built based on
statistics or machine learning (Munz et al., 2007; Kandananond, 2011;
De Cauwer et al., 2015; Dong et al., 2005; Gonzalez & Zamarreno, 2005;
Ekici & Aksoy, 2009; Li et al., 2010; Xuemei et al., 2010; Ma et al.,
2010), but recent high-performance models based on deep learning,
which shows promising performance, have been actively studied (Li
et al., 2017; Kim & Cho, 2019a; Kim & Cho, 2019b; Le et al., 2019).
However, due to the black-box characteristics of deep learning, it is hard
to analyze the internal process, so there is a shortcoming in explaining
the predicted result. To efficiently plan for power consumption, it is
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Fig. 1. Examples of electric energy consumption patterns: (a) sudden increase, (b) sudden decrease, and (c) oscillation.

Fig. 2. Time-electric energy demand graph. It can be seen that the power demand value fluctuates over time.

Fig. 3. Example of the change in the correlation between data from two similar time series with noise through deep learning-based data modeling. (Left) Degree of
relevance to time-series data before data modeling. (Right) Degree of relevance to time-series data after data modeling.

necessary to comprehend the most influential features for the predicted
results. Studies have been conducted to analyze the relationship be
tween the input value x and the predicted value ̂
y (Miller, 2019; Gri
maldo & Novak, 2019; Kim & Cho, 2019a; Kim & Cho, 2019d).
Unfortunately, the limitations of these previous studies are that they
explain the predicted results by considering only the primary association
between x and ̂
y or by manually analyzing the latent space in which the
power demand pattern is stored.
In this study, we propose a model in which the main power demand
information is embedded in a high-dimensional space, as in previous
studies, but auxiliary information, excluding the main power demand

information, is separately embedded in a two-dimensional space. Like
the conventional predictor, the proposed model is trained to predict
future power demand based on deep learning, resulting in high perfor
mance. Furthermore, even though there is a substantial amount of noise
in the electric power demand value, as shown in Fig. 2, deep learning
can account for the noise while maintaining the global and local features
(Kim & Cho, 2019d). Therefore, the proposed model based on the latent
variables constructed by deep learning is more advantageous than the
previous works. Fig. 3 shows the change in the correlation between the
data of two time series after data modeling: We analyze the character
istics of the extracted data by applying the deep learning-based
2
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prediction model proposed in Kim and Cho (2019d) to data x1 , x2 with
similar trends. In the features h(x1 ) and h(x2 ), extracted from the in
termediate layer of the model, fluctuations are reduced, but local and
global features are well maintained. The left graph shows low correla
tion due to the fluctuation, and the right graph shows high correlation
after a deep learning-based prediction model extracts the smoothed
features from the intermediate layer.
The main contributions of this paper are as follows.

Table 1
Summary of previous studies. XAI stands for explainable artificial intelligence
and DL for deep learning.
Author

Method

Input

XAI

DL

Description

Ahmad
et al.
(2017)

DNN

Climate, date,
and building
usage rate
information

X

O

Lee et al.
(2017)

RNN

Proenvironmental
consumption
index, health
expenditure,
age, GDP, and
pre-primary
education

X

O

Li et al.
(2017)

Autoencoder

Energy
consumption for
15 min

X

O

Le et al.
(2019)

CNN and BiLSTM

Energy
consumption

X

O

Liu et al.
(2019)

Reinforcement
learning

Energy
consumption
and
meteorological
data

X

O

Miller
(2019)

HCTSA

Electrical meter
data from 506
non-residential
buildings

O

X

Grimaldo
and
Novak
(2019)

DT and kNN

Energy demand
in local
prosumer
environments

O

X

Kim and
Cho
(2019d)

CNN-LSTM and
CAM

Electric energy
consumption

O

O

Kim and
Cho
(2019a)

SAE

Electric energy
consumption

O

O

Predict energy
consumption by
using climate,
date, and
building usage
rate
information
Propose a proenvironmental
consumption
index using big
data queries to
measure the
environmental
consumption
level for each
country
Extract the
building energy
consumption
and predict
future energy
consumption
Build on CNNLSTM with a BiLSTM model to
more accurately
predict energy
consumption
Extract the
feature via
autoencoder
and predict
consumption
with deep
reinforcement
learning
Analyze the
most important
temporal
features with
the HCTSA
toolkit to
visualize
temporal
features
Propose a usercentered and a
visual analytics
approach for
the
development of
a tool for an
interactive and
explainable
day-ahead
forecasting
Construct CNNLSTM to
forecast the
energy demand
and analyze the
predicted
results with a
class activation
map
Explain the
predicted result
by analyzing
the latent space
of a stateexplainable
autoencoder

• We describe the necessity and conditions of the power demand
forecasting model, and we propose an explainable high-performance
predictor based on deep learning with an auxiliary latent space.
• Based on the two-dimensional latent space embedded with only
auxiliary information, excluding main power demand information,
the proposed model provides visual analysis and an automated
explanation algorithm that does not require posthoc analysis.
• The proposed model achieves state-of-the-art performance based on
real-world household electric energy demand data.
The remainder of the paper is organized as follows. We present
relevant studies to predict the future energy demand and explain the
predicted results in Section 2. In Section 3, we propose a method to
forecast the electric energy consumption and obtain the most important
features in predicting the future demand. To verify the proposed model,
we show several experimental results in Section 4. The conclusions and
discussion are described in Section 5.
2. Related work
In this section, we introduce two types of related studies: highperformance power demand predictors based on deep learning and
explanatory models for the predicted results. The previous studies are
summarized in Table 1. Ahmad et al. proposed a power demand pre
dictor based on a deep neural network (DNN) using power and weather
information (Ahmad et al., 2017). However, the DNN utilizes all the
features of the data without considering the characteristics of the timeseries data. Lee et al. constructed a model based on a recurrent neural
network (RNN) to effectively treat power consumption data that form a
time series (Lee et al., 2017). Kim and Cho (2019d) and Le et al. (2019)
combined a convolutional neural network (CNN) (Ma et al., 2010; LeCun
et al., 1999; Zeiler et al., 2010) and long short-term memory (LSTM) to
model the time-series data with local features extracted, and they pro
posed the CNN-LSTM and CNN-Bi-LSTM models, respectively. Based on
the capacity of an autoencoder to extract the effective features (Kramer,
1991; Kim et al., 2018), Li et al. (2017) and Kim and Cho (2019a)
proposed high-performance forecasting models that predict power
values in minutes to help develop a more specific power demand plan (Li
et al., 2017; Kim & Cho, 2020). In the Zhong et al. study, as in previous
studies, the power demand feature is extracted using an autoencoder,
but demand is predicted based on reinforcement learning (Liu et al.,
2019).
As mentioned previously, a predictor based on deep learning per
forms well, but the description of the results is limited because of its
black-box characteristics. To overcome this problem, studies have been
conducted to explain the results by obtaining the most important fea
tures in predicting future power demand. Miller analyzed the influence
of input features on predicted results by analyzing the association be
tween input and predicted values using a highly comparative time-series
analysis (HCTSA) toolkit, which includes various visualization tools to
facilitate the analysis of the prediction capabilities of temporal features
(Miller, 2019). Grimaldo and Novak presented the results with con
ventional methods for machine learning, such as decision tree and knearest neighbor, which produced relatively lower performance but
higher interpretation than deep learning (Grimaldo & Novak, 2019).
Studies were also conducted using a class activation map (CAM) or
analyzing the latent space with deep learning (Kim & Cho, 2019a; Kim &
3
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Fig. 4. Structure of the proposed model. It is composed of a power encoder Ep , auxiliary encoder Ea , predictor P, and explainer EX.

household. Values for the last t minutes are given as inputs and values
for the next T minutes are output while the predictor is trained. The
auxiliary power demand information consists of additional attributes
such as reactive power, voltage, and intensity. This value does not need
to be predicted, but, rather, it is used in addition to the input of the
predictor. The predictor P concatenates the latent variables zp and za ,
which are from each latent space, uses them as input values, and finally
predicts the future power demand. These three models follow a recur
rent structure that is often used for time-series modeling (Kim & Cho,
2019a; Kim & Cho, 2019d; Le et al., 2019; Dong et al., 2005; Xuemei
et al., 2010). The explainer EX analyzes the relationship between the
input value a, the auxiliary latent space za , and the predicted power
demand value ̂
y to show the most important input features. Modeling by
splitting input features might be better, as it has been reported that the
method of separating input features and modeling each can help extract
high-level features (Huang et al., 2018; Nie et al., 2019).

Fig. 5. Structure of the encoders.

Cho, 2019d). The explainable models presented in the previous studies
have a limitation in that only the primary correlation between the input
power information and the prediction result is analyzed, or a latent
space into which power demand information is embedded must be
directly analyzed. In this paper, we propose a deep learning model that
accounts for the prediction results through an automated process of
analyzing latent variables.

3.2. Energy consumption prediction
To extract the characteristics of the input time-series data in the
i-step, a function f, which maps the latent variable Z from the time step
T and the input value X , is defined as in Eq. (1). The i-th latent variable
zi is obtained through Eq. (2).
(1)

3. Proposed method

f : (T , X )→Z

3.1. Overview

zei = f (i, X

As previously mentioned, we propose an explainable predictor to
overcome the existing limitations by constructing a 2D latent space into
which the characteristics of the auxiliary power demand information are
embedded, in addition to the primary latent space in which the power
consumption feature information is stored. The proposed model consists
of a power encoder, auxiliary encoder, predictor, and explainer, as
illustrated in Fig. 4.
The power encoder Ep and auxiliary encoder Ea receive primary
power demand information p and auxiliary power demand information a
and embed their characteristics into the power latent space Zp and
auxiliary latent space Za , respectively. The primary power demand in
formation includes the total active power actually consumed by the

where e ∈ {p, a} is an index to distinguish power information and
auxiliary information, X1:t is the input value during t-time, and fe is the
function of the LSTM model, including memory cell ct , input gate it ,
forget gate ft , and output gate ot . Each value is calculated as follows:
(
)
(3)
It = σ UI *xet + VI *zet− 1 + bI

1:t )

(
)
= fe xei , zei− 1

(2)

(
)
ft = σ Uf *xet + Vf *zet− 1 + bf
(

ot = σ Uo *xet + Vo *zet− 1 + bo
ct = ft *ct− 1 + It *ct

4
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initialization (Glorot & Bengio, 2010) and updated with back
propagation through the time algorithm and Adam optimizer
(Hochreiter, Bengio, Frasconi, & Schmidhuber, 2001; Hochreiter &
Schmidhuber, 1997; Kingma and Ba, 2014).
[
]
(13)
L = E(x1:t ,y1:T )∼(X ,Y ) (y1:T − g(f (x1:t ) ) )2
3.3. Explainer
To extract the feature with the most influence on the prediction
result, the latent variable that has the most influence on each feature is
first extracted. If the latent variable z+
fi , with a positive association with a

certain characteristic fi , has a positive association with the predicted
value, or if a latent variable with a negative association with the char
acteristic has a negative association with the predicted value, then the
characteristic is included in the set POS. Features that do not fit either
case are included in the set NEG. If the value of the currently extracted
latent variable is one sigma greater than the mean of the distribution of
all latent variables (if small, alternatively), then fi is included in f + when
−
fi is in POS and the extracted latent variable equals z+
f (zf , alternatively),

Fig. 6. Structure of the predictor.

)
(
ct = tanh Uc *xet + Vc *zet− 1

(7)

zet = ot *tanhct

(8)

where U and V are the weights of the layer, σ is the activation function, b
is a bias value, and cand c are the intermediary memory cell and memory
cell, respectively. The process to define the latent variable where pat
terns and features of the input are stored is learned automatically as the
predictor interacts with the encoder to predict the demand. The en
coders have the structure shown in Fig. 5. We set the number of di
mensions of the concatenated latent variable as 64, which is the same as
the previous study (Kim & Cho, 2019a), and set the number of di
mensions of the auxiliary latent space to two to facilitate analysis on the
extracted auxiliary latent variable.
To predict the future power demand using the latent variable
extracted from the encoders, a function g that maps the power demand
value Y from Zp and Za is defined as in Eq. (9). The initial input value
md1 is defined by concatenating the two types of latent variables, as
shown in Eq. (10). The i-th future demand and mdi are calculated through
Eqs. (11) and (12), respectively.

or fi is included in f − when fi is in NEG and the extracted latent variable

Table 2
Summary of the dataset of household electric power demand used in the
experiment. GAP is global active power, GRP is global reactive power, GI is
global intensity, and S1, S2, and S3 are submetering 1, 2, and 3, respectively.
Average

(9)

g : (P , A )→Y
md1 = zpt ⊗ zat

(10)

yi = Vmdi + by

(11)

(
)
(
)
mdi = g(c, a) = fd yi− 1 , mdi− 1 = σ Um *yi− 1 + Vm *mdi− 1 + bm

(12)

where ⊗ is a concatenation operator. The structure of the predictor is
illustrated in Fig. 6.
Because the proposed model predicts the future power demand based
on two latent spaces, it goes through a different process than the existing
power demand forecast model. However, because the model is trained
using the L2-norm-based loss function, as shown in equation (13), it is
possible to perform the power demand prediction task appropriately.
The parameters of the encoders and predictor are initialized with Glorot

Range

Description
Information about the
date, input separately as
the minute, hour, month,
day, and year
A real value corresponding
to global minute-averaged
active power
A real value corresponding
to global minute-averaged
reactive power
A real value corresponding
to minute-averaged
voltage
A real value corresponding
to global minute-averaged
current intensity
A real value corresponding
to the kitchen, containing
mainly a microwave, an
oven, and a dishwasher
A real value corresponding
to the laundry room,
containing a refrigerator, a
tumble dryer, a light, and
a washing machine
A real value corresponding
to an air conditioner and
an electric water heater

Date

–

–

12/16/2006–11/
26/2010

GAP
(kW)

1.089

1.055

0.076–11.122

GRP
(kW)

0.124

0.113

0.000–1.390

Voltage
(V)

240.844

3.239

223.200–254.150

GI (A)

4.618

4.435

0.200–48.400

S1 (kW)

1.117

6.139

0.000–88.000

S2 (kW)

1.289

5.794

0.000–80.000

S3 (kW)

6.453

8.436

0.000–31.000

Fig. 7. Visualization of the Algorithm 1 process.
5

Std.
Dev.
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Fig. 8. Predicted electric energy consumption and actual demand. We show the prediction results for (a) 15, (b) 30, (c) 45, and (d) 60 min.
Table 3
Numerical results of the experiments. Our model outperformed the other models in most metrics.
LR

DT

RF

MLP

LSTM

SLSTM

Li et al.

SAE

Ours

15 min
MSE
MAE
MRE

0.3077
0.2878
0.3925

0.3092
0.2841
0.3910

0.2915
0.2758
0.3719

2.0992
1.0580
2.2327

0.2853
0.3206
0.5021

0.2704
0.3119
0.4886

0.2531
0.3191
0.5706

0.2113
0.2517
0.3625

0.2009
0.2497
0.3692

30 min
MSE
MAE
MRE

0.4201
0.3657
0.5343

0.4125
0.3585
0.5165

0.3992
0.3511
0.5079

0.7315
0.6318
1.2325

0.4084
0.4232
0.7131

0.3964
0.4101
0.6778

0.3256
0.3581
0.6004

0.2937
0.3315
0.5399

0.2831
0.3172
0.4891

45 min
MSE
MAE
MRE

0.4982
0.4210
0.6462

0.4879
0.4097
0.6077

0.4757
0.4033
0.6012

0.7462
0.6442
1.2613

0.4720
0.4742
0.8274

0.4581
0.4559
0.7668

0.3808
0.4120
0.7441

0.3450
0.3700
0.6612

0.3396
0.3688
0.6183

60 min
MSE
MAE
MRE

0.5573
0.4626
0.7356

0.5457
0.4470
0.6828

0.5322
0.4409
0.6762

0.7621
0.6260
1.2161

0.4997
0.4946
0.8871

0.4945
0.4924
0.8916

0.4159
0.4404
0.8129

0.3840
0.3953
0.6478

0.3764
0.3911
0.6400

equals z−f (z+
f , alternatively). For example, if the extracted latent vari

Table 4
Correlation between the auxiliary latent space and the input features. The more
‘− ’ the negative correlation, the more ‘+’ the positive correlation.
za1
za2
Y

M

D

H

GAP

GRP

V

I

S1

S2

S3

−

0

−

++

0

−

++

+

+

+

0

0

+++

—

−

+

—

−

−

−

0

0

−

++

0

−

++

0

0

+

able is higher than the mean of its distribution, then the important
feature can be obtained by confirming that it is in the set POS, and its
latent variable z+
f is the same as the extracted latent variable. The pro
cess is outlined in Algorithm 1, as shown in Fig. 7.
Algorithm 1. Algorithm to explain the impact of latent variables based on the
predicted results.

Input: future power demand Y, auxiliary power information a, andZa
Output: features that have a positive impact on power demand forecasting f + and
features that have a negative impact on power demand forecastingf +
for f ∈ F do
(continued on next page)
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for the laundry room equipped with a refrigerator, a tumble dryer, a
light, and a washing machine. Submetering 3 corresponds to an air
conditioner and an electric water heater. The attributes and statistical
values of the data are summarized in Table 2.
The hyperparameters for model training were as follows: a batch size
of 1024, the loss function as defined in equation (13), and the Adam
optimizer with a learning rate of 0.001 and exponential decay rates for
the first and second moment estimates of 0.9 and 0.999 (Kingma & Ba,
2014). To examine the performance of the predictor, we used three
evaluation metrics—the mean squared error (MSE), the mean absolute
error (MAE), and the mean relative error (MRE), which can be calcu
lated respectively as follows:
(
)2
1
y i − yi
(14)
MSE = ΣNi=1 ̂
N
MAE =

MRE =

⃒
⃒
⃒
1 N ⃒⃒
Σi=1 ⃒̂y i − yi ⃒⃒
N

1 N
Σ
N i=1

⃒
⃒
⃒
⃒
⃒̂y i − yi ⃒
⃒
⃒
yi

(15)

(16)

The operating system of the computer used in our experiments was
Ubuntu 16.04.2 LTS, and the graphics processing unit of the computer
was a GTX 1080ti. To implement the prediction models, we used the
scikit-learn library1 for the traditional method and the keras library2 for
the deep learning method.

Fig. 9. Visualization of correlation between the power latent space, auxiliary
latent space, and predicted energy demand.
(continued )

4.2. Results of energy demand prediction

Algorithm 1. Algorithm to explain the impact of latent variables based on the
predicted results.

4. Experimental results

The predicted results are shown in Fig. 8. The model predicted en
ergy demand for 15, 30, 45, and 60 min with actual energy demand for
60 min. Although the model could not predict the energy demand
perfectly, we confirmed that the energy demand pattern was predicted
well. The proposed model is compared with conventional machine
learning methods such as linear regression (LR), decision tree (DT),
random forest (RF), and multilayer perceptron (MLP), and with deep
learning models such as LSTM, stacked LSTM, the autoencoder proposed
by Li et al. (2017), and the state-explainable autoencoder (SAE) pro
posed by Kim and Cho (2019a). The numerical results of each evaluation
metric are shown in Table 3. For the power demand in the next 15, 30,
45, and 60 min, the MSEs of the forecasted results are 0.2009, 0.2831,
0.3396, and 0.3764, which are better than those of the other models.
The proposed method showed the best performance except predicting
the power demand value for 15 and 45 min, as evaluated by the MRE. In
both cases, there was an insignificant difference of approximately 0.01
from the best model. Generally, traditional methods such as LR, DT, and
RF performed worse than deep learning-based methods. Because only
three layers was too shallow, the MLP could not properly extract the
complex characteristics of the time-series data and thus performed the
worst.

4.1. Dataset and experimental settings

4.3. Results of explanation

To verify the proposed method, several experiments were conducted
on the dataset of household electric power demand (Du & Karra, n.d.),
which consists of approximately two million minutes of consumption
data from 2006 to 2010. We used the data from August to November
2010 as test data and the remainder as training data. Global active
power is the total active power consumed by the household, that is, the
power consumed by electrical appliances other than submetered appli
ances. Global reactive power is the power that bounces back and forth
without any usage or leakage. Voltage is the pressure from an electrical
circuit’s power source. Global intensity is the magnitude of the power
consumed. Submetering 1 corresponds to the kitchen, containing mainly
a microwave, an oven, and a dishwasher. Submetering 2 is active energy

According to Algorithm 1, described in Section 3, we confirm the
associations between the auxiliary latent space by using the Spearman
correlation and the input feature, as shown in Table 4. It is confirmed
that finding the association with the input feature based on the latent
space was deeper than the existing primary association.
The power latent space Zp is not used in the explainer, and the cor
relation between the auxiliary latent space Za and the predicted value is
shown in Fig. 9 for the overall correlation analysis. The x-axis shows the

z+
f ←argmaxcorr(Za , f)
z−f ←argmincorr(Za , f)

end for

{
}
E = zif |f ∈ F, i ∈{− , +}
{
(
)
} {
(
)
}
+
POS = fz+
∪ fz−f ∈ E, corr z−f , Y < 0, f ∈ F
f ∈ E, corr zf , Y > 0, f ∈ F
{
(
)
} {
(
)
}
+
NEG = fz+
∪ fz−f ∈ E, corr z−f , Y > 0, f ∈ F
f ∈ E, corr zf , Y < 0, f ∈ F

for z ∈ {Za1, Za2} do
if z > z +σz then
{
}
f + = ff ∈ POS, z+
f =z
{
}
f − = ff ∈ NEG, z−f = z

end if
if z < z − σz then
{
}
f + = ff ∈ POS, z−f = z
{
}
f − = ff ∈ NEG, z+
f =z
end if
end for
returnf + , f −

1
2
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Fig. 10. Examples of the explanation process in case of (a) sudden increase and (b) sudden decrease.

association between Zp and Za1 , the y-axis shows the association between
Zp and Za2 , and the color represents the association with the predicted
value. We confirm that the latent variable has a positive correlation with
the predicted value as it is located in the lower right and a negative
correlation as it is located in the upper left. In addition, it was found that
when Zp and Za were not related, there was no correlation with the
predicted value. An in-depth analysis will be conducted in the future.
Fig. 10 illustrates an explanation for the sudden increase or decrease
in the future power demand. When the power demand suddenly in
creases, za1 is above average and za2 is on the average, so it is possible to
predict that the GAP is high and the most important auxiliary feature is
S2. This is an inference based on the results of the analysis that Za1 has a
positive correlation with GAP and S2. Likewise, in cases where the
power demand is lowered, za1 is on the average and za2 is higher than the
average, so it is possible to predict that the GAP is low and the auxiliary

information affecting the results is S2 and S3.
The latent space Za embedded in two dimensions is visualized in
Fig. 11. We classify each latent variable according to the time infor
mation and the purpose of power demand. For example, two clusters can
be confirmed based on their value on the x-axis of approximately 1.1. If
the latent variable presents on the right, electric power corresponding to
S3, such as an air conditioner, is used. It can be seen that the position of
the latent variable changes, as shown in Fig. 12(a), depending on the
time when the power is used. Centroids of latent variables by month are
depicted in Fig. 12(b), confirming that the dot moves clockwise. Because
of this phenomenon, we confirm the change of the predicted power
demand by moving the latent variables as latent traversal (Radford et al.,
2015; Larsen et al., 2015; Kim & Mnih, 2018; Kim & Cho, 2019c).
Table 5 shows the predicted power value that is mainly required in the
target month when the extracted latent variable is changed in the
8
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Fig. 11. Visualization of latent variables extracted by the auxiliary encoder.

Fig. 12. (a) Visualization of states for monthly electricity demands and (b) the centroids for each month.
Table 5
Results of experiments on latent traversal. Each column shows the month of the input electric energy demand, and each row shows an output month after latent
traversal. The ground truth (G.T.) is the average electric energy consumption for each month.
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEP
OCT
NOV
DEC

JAN

FEB

MAR

APR

MAY

JUN

JUL

AUG

SEP

OCT

NOV

DEC

G.T.

–
1.47
1.47
1.47
1.46
1.45
1.42
1.42
1.45
1.45
1.47
1.48

1.33
–
1.32
1.32
1.32
1.30
1.27
1.26
1.30
1.30
1.33
1.34

1.25
1.25
–
1.24
1.24
1.23
1.20
1.20
1.23
1.23
1.25
1.25

1.07
1.07
1.08
–
1.07
1.06
1.04
1.03
1.06
1.06
1.09
1.09

1.04
1.04
1.05
1.04
–
1.03
1.01
1.01
1.03
1.03
1.05
1.06

0.92
0.91
0.93
0.92
0.92
–
0.89
0.89
0.91
0.91
0.93
0.94

0.77
0.76
0.77
0.76
0.76
0.75
–
0.73
0.76
0.76
0.78
0.79

0.67
0.66
0.66
0.64
0.64
0.63
0.62
–
0.64
0.65
0.68
0.69

0.97
0.96
0.97
0.97
0.97
0.96
0.94
0.94
–
0.96
0.98
0.98

1.12
1.12
1.12
1.12
1.12
1.11
1.09
1.09
1.10
–
1.13
1.13

1.29
1.29
1.30
1.30
1.30
1.29
1.27
1.27
1.28
1.27
–
1.30

1.44
1.45
1.45
1.45
1.45
1.44
1.42
1.42
1.43
1.42
1.44
–

1.47
1.47
1.47
1.47
1.46
1.45
1.42
1.42
1.45
1.45
1.47
1.48
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Fig. 13. Changes to predicted power demand values when changing the auxiliary latent variable.

centroid direction representing the target month. This means that we
can make more effective energy demand plans by predicting power
demand patterns, assuming events that may occur in the future.
To verify the influence of Za on the predicted power demand, we
show the predicted values in Fig. 13 by changing the Za ’s. As the latent
variable is linearly changed, the predicted values increase mono
tonically and converge at a specific point. The auxiliary latent space can
also be considered to affect the predictor significantly.

Korean government (MSIT) (No. 2020-0-01361, Artificial Intelligence
Graduate School Program (Yonsei University)) and Korea Electric Power
Corporation (Grant number: R18XA05).
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