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ABSTRACT In recent years, home energy management systems (HEMS), which enable the automatic
control of electrical equipment and home appliances, have been attracting attention as a method for saving
electricity at home. HEMS achieve energy saving by visualizing energy consumption at home and controlling
energy consuming equipment such as air conditioners. The optimum control law is difficult to attain, owing to
uncertainties related to power demand and power supply from the electrical equipment. Deep reinforcement
learning has been used to address energy optimization problems for home environments. However, in HEMS,
several components such as heating, ventilation, and air conditioning (HVAC) systems, storage batteries,
and electric water heaters are simultaneously controlled, and therefore, the action space becomes extremely
large. Therefore, it may not be feasible to fully learn the rare experience using traditional deep reinforcement
learning methods due to the large size of the state-action space and slow propagation of delayed rewards.
In this study, we propose an energymanagement algorithm that uses the Dual TargetingAlgorithm to strongly
learn the experience of acquiring high returns using the quick propagation of delayed rewards via multistep
returns. The proposed energy management algorithm is applied to a HEMS learning experiment to control
a storage battery and an HVAC system, and its performance is compared to that of a Deep Deterministic
Policy Gradient-based energy management system. As a result, it is confirmed that the proposed method can
reduce the number of hours deviating from the comfort temperature range by about 17% compared to the
existing method.

INDEX TERMS Deep reinforcement learning, deep Q-network, Q-learning, energy management, energy
cost.

I. INTRODUCTION
In recent years, there have been many attempts to save energy
by visualizing the amount of energy consumption at home
and controlling energy consuming equipment such as air
conditioners. Home energy management systems (HEMSs)
are used to this end. In general, HEMSs handle power demand
and control the amount of power supplied from electrical
equipment such as energy storage systems (ESS), small-
scale generators, controllable power demand (e.g. heating,
ventilation, air conditioning (HVAC) systems, and electric
water heaters), and non-shiftable power demand (e.g. lighting
and televisions), where the non-shiftable power demand must
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completelymeet the required demand. In contrast, HVAC sys-
tems can adjust the controllable power demand by controlling
room temperature. Several optimization algorithms have been
developed for temperature control, according to the purpose
and constraints of the optimization.

Reinforcement learning [1] was used for such model-free
energy management algorithms in previous works [2]–[4].
Lu et al. [2] proposed an energy management scheme that
minimizes power costs and user dissatisfaction costs for
washing machines and HVAC loads using a price prediction
model based on artificial neural networks and multi-agent
reinforcement learning Ruelens et al. [3] proposed a hous-
ing demand response method based on batch reinforcement
learning to minimize energy costs considering the tempera-
ture range. Liang Yu et al. [4] proposed a deep deterministic
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policy gradient (DDPG) [5]-based energy management algo-
rithm to reduce power costs while maintaining room temper-
ature comfort. However, in HEMS, the action space becomes
enormous because several objects such as ESS, HVAC sys-
tems, and electric water heaters are controlled at the same
time. Therefore, it may be difficult to repeatedly experi-
ence the same state-action pair due to the enormous state-
action space. Furthermore, it is difficult to fully learn from a
one-time experience due to the slow propagation of delayed
rewards in the traditional deep reinforcement learning
methods.

Therefore, in this study, we use the dual targeting algorithm
(DTA) [6] to propose an energy management algorithm that
strongly reinforces experience. In the DTA, in learning for
each state-action pair, when the multistep returns up to a
specific step is higher than the 1-step returns up to the next
state, the multistep returns are used. By the learning, it is
expected that the delayed reward is propagated immediately
and the experience of acquiring high returns is strongly
learned. In this study, we propose an exploitation-oriented
DDPG (ExDDPG)-based energy management algorithm that
strongly reinforces the experience of high daily returns by
introducing the DTA into the DDPG-based energy manage-
ment algorithm. In this algorithm, in learning for each state-
action pair, when the multistep returns until the end of the
day (that is 24 o’clock) is higher than the 1-step returns,
the multistep returns are used. In this study, we apply to
the ExDDPG-based energymanagement algorithm toHEMS,
which controls the ESS and HVAC systems, and verify
its effectiveness in maintaining a comfortable room tem-
perature and reducing electricity charges compared to the
DDPG-based energy management algorithm. As a result, it is
confirmed that the proposedmethod can reduce the number of
hours deviating from the comfort temperature range by about
17% compared to the existing method.

II. SYSTEM MODEL AND PROBLEM FORMULATION
Fig. 1 shows the HEMS environment used in this study. The
HEMS investigated in this study utilizes a renewable energy
generator that uses photovoltaic panels, non-shiftable power
demand, and controllable power demand from an HVAC
system and a storage battery.

The HEMS operates in discretized time (steps) t =
1, 2, · · · of 1 h. At each step, the storage battery
charge/discharge power and input power to the HVAC sys-
tem are determined from the renewable power output, non-
shiftable power demand, remaining battery level, outdoor
temperature, room temperature, and current time. In the
HVAC system, the amount of temperature change in a single
step is determined in proportion to the input power. In this
study, we allow to vary the total amount of controllable power
demand. The HEMS used in this study aims to minimize the
power costs under the constraint of maintaining a comfortable
room temperature. In this section, we detail the models used
for the storage battery and the HVAC system and formulate

FIGURE 1. Home energy management environment.

sequential decision-making problems as Markov decision
processes (MDPs).

A. SYSTEM MODEL
The dynamics model of the storage battery is given by

Bt+1 = Bt + ηcct +
dt
ηd
, (1)

where Bt denotes the battery level at the start of step t , ηc ∈
(0, 1] denotes the charge efficiency, ηd ∈ (0, 1] denotes the
discharge efficiency, ct ≥ 0 denotes the charging power of
the ESS at step t , and dt ≤ 0 is the discharge power from the
ESS at step t . Because the storage battery is not charged and
discharged at the same time, a relationship given by (2) exists
between ct and dt .

ct × dt = 0. (2)

In addition, the storage battery has a maximum storage
capacity of Bmax and minimum storage capacity of Bmin.
Therefore, Bt is controlled within

Bmin
≤ Bt ≤ Bmax. (3)

Furthermore, the storage battery has a maximum charging
power of cmax and a maximum discharging power of dmax.
Therefore, ct and dt are controlled within

0 ≤ ct ≤ cmax, (4)

−dmax
≤ dt ≤ 0. (5)

The HVAC system are used to maintain the thermal com-
fort of residents. However, the expression of thermal comfort
is very complicated because it depends on various factors
such as temperature, average radiation temperature, rela-
tive humidity, wind speed, heat insulation of clothing, and
metabolic rate. Therefore, for simplicity, we use a comfort-
able room temperature range as an expression of thermal
comfort in this study [4]. That is, if the room temperature Tt at
step t meets the condition of (6), we assume that the thermal
comfort of residents is maintained.

Tmin
≤ Tt ≤ Tmax, (6)
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where Tmin denotes the minimum comfortable temperature,
and Tmax denotes the maximum comfortable temperature.

In this study, we used an HVAC system [4] with an inverter
that can adjust the input power et intermittently. Therefore, et
is controlled within

0 ≤ et ≤ emax. (7)

To maintain the power balance of the house, the power
supply and power demand must be equal. Therefore, if the
supplied power Egen

t + dt is larger than the demand power
E load
t + ct + et , the surplus power should be sold to a

power company; otherwise, the insufficient power should
be purchased from the power company. where Egen

t denotes
the renewable power output at step t , and E load denotes the
non-shiftable power demand at step t . Therefore, the power
from the power company at step t , Egrid

t , is represented as
follows:

Egrid
t = −Egen

t + dt + E
load
t + ct + et , (8)

where Egrid
t < 0 denotes that the surplus power is sold to the

power company; otherwise, insufficient power is purchased
from the power company.

B. MDP FORMULATION
The HEMS agent observes state st from the environment at
step t and responds with the action at to the environment;
then, the reward rt+1 and the next state st+1 are given to
the HEMS agent from the environment. The interaction is
formalized as a chain of state transitions st , at , rt+1, st+1 in
MDPs.

The state st comprises Egen
t , E load

t , Bt , outdoor tempera-
tures T out

t , room temperatures Tt , and clock time t mod 24.
The action at is composed of the charge/discharge power
ft and the input power to the HVAC system et . ft takes
[−dmax, cmax], and if ft < 0, ft = dt ; otherwise, ft = ct .
The purpose of the HEMS is to minimize the total power

cost (i.e., electricity charge) while maintaining a comfort-
able temperature range of (6). Therefore, the corresponding
reward is defined as

rt = βC1,t + C2,t , (9)

whereC1,t denotes the reward for the power cost,C2,t denotes
the reward for maintaining comfortable temperature, and β
denotes the weight. Furthermore, C1,t and C2,t are defined as

C1,t = −(
vt − ut

2
|Egrid
t | +

vt + ut
2

Egrid
t ), (10)

C2,t =


−(Tt − Tmax) if Tt > Tmax

−(Tmin
− Tt ) if Tmin

≥ Tt
0 otherwise,

(11)

where vt denotes the purchase price from the power com-
pany and ut denotes the selling price to the power company.
(10) denotes that if Egrid

t ≥ 0, C1,t = Egrid
t vt ; otherwise,

C1,t = Egrid
t ut .

The purpose of the reinforcement learning agent is to
maximize discount returns Gt =

∑
∞

k=0 γ
krt+k+1, where

γ ∈ [0, 1] denotes a discount factor. For this, an action value
function (Q-value) Qπ (s, a) = Eπ [Gt |st = s, at = a] is used
as the estimate in several reinforcement learning algorithms,
where π denotes a policy that is a mapping from the state
to the action. The optimal Q-value is calculated recursively
using the Bellman optimization equation, which is given as

Q∗(s, a)=E[rt+1+γ max
a′

Q∗(st+1, a′)|st=s, at=a]. (12)

Q-learning [7] can estimate the optimum Q-value without
knowledge of the state transition probability of the environ-
ment.

Deep Q-networks (DQNs) [8] can efficiently learn contin-
uous inputs using a deep neural network, experience replay
[9], and the target network [8]. However, DQN requires dis-
cretization of the action space and cannot be applied when
a continuous action space, such as the HEMS. Therefore,
Liang Yu et al. [4] proposed the deep deterministic policy
gradient (DDPG) [5]-based energy management algorithm.
DDPG is a type of actor–criticmethod that is a deep reinforce-
ment learning method which can handle continuous action
spaces by learning the policy and value function.

III. ExDDPG-BASED ENERGY MANAGEMENT SYSTEM
A. APPROACH OF THIS STUDY
In DDPG, the state transitions are saved in the replay buffer,
which are later used for training the neural network. How-
ever, the experience may be deleted from the replay buffer
before the delayed rewards are fully propagated; this is
because the Q-value must be regularly updated for propagat-
ing the delayed rewards. Furthermore, when the amount of
charge/discharge to the storage battery and the power sup-
plied to the HVAC system are controlled by continuous values
by the DDPG, the state transitions once experienced are not
always repeatedly saved in the replay buffer thereafter since
the state-action space becomes extremely large. Therefore,
it is necessary to efficiently learn the state transitions that are
experienced.

In this section, we propose an exploitation-oriented
DDPG(ExDDPG)-based energy management algorithm.
In this algorithm, when the multistep returns up to the end
of the day (that is, a 24 o’clock) are higher than the 1-step
returns, the multistep returns are used for learning. We there-
fore aim to strongly learn the rare experiences acquired from
the high returns under state transitions up to a 24 o’clock.
We introduce a dual targeting algorithm (DTA) [6] into a
DDPG-based energy management algorithm for implement-
ing this exploitation-oriented learning.

B. NEURAL NETWORK ARCHITECTURE
In the ExDDPG-based energy management algorithm
(Fig. 2), the actor and critic networks are used based on the
DDPG-based energy management algorithm.
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FIGURE 2. Architectures of the actor network and critic network.

In the actor network, a state st is used as the input. In each
step t , an action at is as follows:

at =

{
µ(st |θµ), if ωt > ξt

(Ut,1,Ut,2), otherwise,
(13)

where µ(st |θµ) denotes the output of the actor net-
work, ξt denotes the deterministic action selection prob-
ability, and ωt , Ut,1, and Ut,2 are the random numbers
that follow uniform distributions with parameters (0, 1),
(−dmax/max cmax, dmax, cmax/max cmax, dmax), (0, 1).

In the critic network, state st and action at output from the
actor network are used as inputs, and the Q-value Q(st , at ) is
given as the output.

C. ALGORITHMIC DESIGN
The ExDDPG-based energy management algorithm is shown
in Algorithm 1. In this algorithm, the DTA is used for col-
lecting experience using the replay buffer and for training
the neural network. In the DTA, a specific state transition
sequence is defined as an episode, and the experience within
the episode is strongly reinforced using multistep returns
from each step i in the episode up to the end of the episode.
In the ExDDPG-based energy management algorithm, the
state transition sequence from 0:00 to 24:00 is defined as an
episode.

At each step t , the agent obtains a state transition
(st , at , rt+1, st+1) by interacting with the environment. Then,
(st , at , rt+1, st+1) is saved in the replay buffer. Furthermore,
at the end of the episode, the multistep returns from step i to
the end of episode R(τi−i+1)i , which are calculated as follows:

R(τi−i+1)i =

τi−t∑
k=0

γ kri+k+1, (14)

where, τi denotes the end step of the episode including step i
and is derived as follows:

τi = i+ 24− (i mod 24) (15)

Then, (τi,R
(τi−i+1)
i , sτi+1) are added to the state transition

at the i step in the replay buffer.
The networks are trained using experiences (sj, aj, rj+1,

sj+1, τj,R
(τj−j+1)
j , sτj+1) of step j randomly sampled from

the replay buffer. During training, the 1-step targets yj and
multistep targets fj are calculated as follows:

yj = rj+1 + γQ′(sj+1, µ′(sj+1|θµ
′

)|θQ
′

), (16)

fj = R
(τj−j+1)
j + γ (τj−j+1)Q′(sτj+1, µ

′(sτj+1|θ
µ′ )|θQ

′

). (17)

where µ′(sj+1|θµ
′

), Q′(sj+1, µ′(sj+1|θµ
′

)|θQ
′

) denotes a tar-
get network and target critic network [5]. From (17), fj means
the multistep returns until 24:00.
The DDPG-based energy management algorithm uses 1-

step targets of (16) to calculate the error (yj − Q(sj, aj|θQ)).
On the contrary, since the purpose of the ExDDPG-based
energy management algorithm is to strongly reinforce the
state transitions of acquiring high returns in the state transi-
tion sequence until 24:00, the error δj(θQ) is calculated using
the maximum values of yj and fj.

δj(θQ) = max(yj, fj)− Q(sj, aj|θQ), (18)

where Q(sj, aj|θQ) denotes a critic network. θQ is optimized
by stochastic gradient descent using the gradient of the loss
L(θQ).

L(θQ) =


1
M

∑
j

1
2
δj(θQ)2 if |δj(θQ)| ≥ 1.0

1
M

∑
j
|δj(θQ)| −

1
2

otherwise,
(19)

where M denotes a minibatch size.
The actor network µ(st |θµ) is updated using the policy

gradient 1J (θµ), which is calculated as follows:

1θµJ (θµ)≈
1
M

∑
t

1aQ(s, a|θQ)|s=si,a=µ(si)1θµµ(s|θ
µ)|si .

(20)

IV. EVALUATION
A. SIMULATION SETTING
In the simulation, we used real-world traces of outside tem-
perature data, solar radiation data, and electricity prices. For
outside temperature data and solar radiation data, we used the
values obtained from the Japan Meteorological Agency [10]
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Algorithm 1 ExDDPG-Based Energy Management Algorithm

Input: Egen
t , E load

t , Bt , T out
t , Tt , t mod 24

Output: The weights of critic network and actor network θQ, θµ

1: Initialize replay memory D of size N , budget H , and minibatch M
2: Randomly initialize critic network Q(s, a|θQ) and actor network µ(s|θ/mu) with weights θQ and θ/mu

3: Initialize the weights of target critic network and target actor network θQ
′

, θµ
′

by copying θQ and θ/mu

4: Initialize the time step at the start of the episode tstart = 0
5: Initialize List Rewards
6: Observe the initial state s0
7: for t = 0, 1, · · · ,H do
8: Choose at and observe rt+1, st+1
9: Store transition (st , at , rt+1, st+1) in D
10: Append rt+1 to Rewards
11: if t is episode terminal, i.e., t mod 24 = 23 then
12: for j = tstart to t do
13: Set τj = t

14: Compute R
(τj−j+1)
j =

∑τj−j
k=0 γ

k rj+k+1 from Rewards

15: Add τj,R
(τj−j+1)
j , sτj+1) to (sj, aj, rj+1, sj+1) in D

16: end for
17: Set tstart = t + 1
18: end if
19: Sample a random minibatch ofM transitions (si, ai, ri+1, si+1, τi,R

(τi−i+1)
i , sτi+1) from D

20: Set yi = ri+1 + γQ′(si+1, µ′(si+1|θµ
′

)|θQ
′

)
21: Set fi = R(τi−i+1)i + γ (τi−i+1)Q′(sτi+1, µ

′(sτi+1|θ
µ′ )|θQ

′

)
22: Set δi(θQ) = max(yi, fi)− Q(si, ai|θQ)
23: Update θQ by minimizing the huber loss L(θQ)
24: Update θ/mu by using policy gradient 1θµJ (θµ)
25: Update target networks:
26: θQ

′

← λθQ + (1− λ)θQ
′

27: θµ
′

← λθµ + (1− λ)θµ
′

28: end for

every hour in Tokyo from July 1 to August 31 for the
years 2017 to 2019. For electricity charges, we used TEPCO’s
rate plan [11]. Specifically, we did not consider the basic
charge and used 17.78U/kWh per 1 kWh between 1 and 6
o’clock and 25.80U/kWh otherwise. The selling price was
set to 8.5U/kWh based on TEPCO’s standard plan for pur-
chasing renewable energy [12]. The non-shiftable electric-
ity demand was set to 10.4kWh per day from the Agency
for Natural Resources and Energy [13]. Furthermore, the
power consumption in each time zone was calculated using
TEPCO [14].

In this simulation, for simplicity, we considered only the
cooling function of the HVAC system. Furthermore, for a
room temperature dynamics model [4], we used

Tt+1 = εTt + (1− ε)(T out
t −

ηhvac

A
et )+ εt , (21)

where ε = 0.7 [4], [15], ηhvac = 2.5 [4], [16], and
A = 0.14kW/◦F [4], [16]. Furthermore, to introduce thermal
noise from lighting and computers into the room temperature
dynamics model, we introduced a uniform random number εt
from −1.8◦F to 1.8◦F [4].
Table 1 shows the system parameters used in the simula-

tion, where αa and αc denote the learning rate of the actor
and critic networks, and Na and Nc denote the number of
neurons in each hidden layer of the actor and critic networks,
respectively. The valuesNa andNc were set to the same values

as in the literature [4]. in this simulation, we set ξt to 0.05
during learning and to 0.0 during evaluation.
We use an NVIDIA GTX 1080 graphics card. The CPUs

used are an Intel Core i7-7700. The memory sizes are 32 GB.
The algorithms were implemented using RLlib [21].

We used OpenAI Gym [22] for implementing the this sim-
ulation.

B. EVALUATION METHOD
The data obtained for the years 2017 and 2018 were used
for training the neural network, and 2019 data were used for
performance testing. The proposed ExDDPG-based energy
management algorithm, DDPG-based energy management
algorithm, and a baseline were used for evaluation. The
baseline used in this evaluation performed the following
rule-based control for the storage battery and the HVAC
system. The storage battery stores the amount of power that
can be stored or the surplus power if the power supply is
higher than the demand and discharges the amount of power
that can be discharged or the insufficient power from the
ESS otherwise. That is, in the baseline, the storage battery
is controlled by

ct =


0 if Et < 0
cmax elif Et > cmax

Bmax
− Bt elif Et > Bmax

− Bt
Et otherwise,

(22)
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TABLE 1. Parameter settings.

dt =


0 if Et > 0
−dmax elif Et < −dmax

Bmin
− Bt elif Et < Bmin

− Bt
Et otherwise,

(23)

where, Et denotes the power supply and demand at step t and
is calculated by Et = Egen

t − (E load
t + et ).

In the HVAC system, assuming that εt is ignored, the input
power et to the HVAC system is adjusted to always maintain
the room temperature at the median 21.5◦C(70.7◦F) of the
comfortable temperature range, which is from 19◦C to 24◦C.
The room temperature is always the median value of the

comfortable temperature range, which is from 19◦C to 24◦C,
That is, at the baseline, the HVAC system is controlled by

et =
A
ηhvac

(T out
t −

70.7− εTt
(1− ε)

). (24)

The baseline is used to check whether the power cost can
be reduced by the reinforcement learning method.

One experiment was set to include 100,000 steps (hours),
and 50 experiments were performed. During the experiment,
an evaluation over 1488 steps (2019) was performed 10 times
for each training of 2976 steps (2017 and 2018), and we
used the average value as the evaluation value during the
training step. For comparison between the ExDDPG-based
energy management algorithm and the DDPG-based energy
management algorithm, the acquired reward during the eval-
uation period was used. Furthermore, considering actu-
ally using a trained model with high performance (high
acquisition reward), we used the top three trained models
of the ExDDPG-based energy management algorithm and
DDPG-based energy management algorithm, and the amount

FIGURE 3. Learning curves of the ExDDPG-based energy management.
The bold line indicates the average value.

TABLE 2. Statistics of the maximum rewards for 50 experiments.

TABLE 3. Reduction of power cost against baseline when using the top
three models.

of power cost reduction and the number of deviations of
comfortable temperature were used for evaluation.

C. SIMULATION RESULTS
To compare the learning performances of the ExDDPG-based
energy management algorithm and DDPG-based energy
management algorithm, the learning curves for 50 experi-
ments are shown in fig. 3 and fig. 4. Furthermore, the max-
imum value of the acquired reward for each experiment was
derived for 50 experiments, and the average value, maxi-
mum value, minimum value, and unbiased variance are listed
in Table 2. Using these values, we compared the perfor-
mance of the best trained models obtained in each experiment
using the ExDDPG-based energy management algorithm and
DDPG-based energy management algorithm. To understand
if the difference between thesemeans is significant, we set the
null hypothesis H0 to ‘‘the mean of the DDPG-based energy
management algorithm is larger than or equal to the mean of
the ExDDPG-based energy management algorithm’’, and the
alternative hypothesis H1 to ‘‘the mean of the DDPG-based
energy management algorithm is smaller than the mean of the
ExDDPG-based energy management algorithm’’. Further-
more, we set the significance level as 0.05 and then performed
Welch’s t test. Thus, the null hypothesis was rejected because
P = 0.03 < 0.05. Therefore, the mean of the DDPG-based
energy management algorithm was smaller than the mean of
the ExDDPG-based energy management algorithm, that is,
the trained model acquired by the ExDDPG-based energy
management algorithm performed better than the trained
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TABLE 4. The number of steps in the room temperature exceeded the maximum comfortable temperature.

FIGURE 4. Learning curves of the DDPG-based energy management
algorithm. The bold line indicates the average value.

model acquired by the DDPG-based energy management
algorithm.

Finally, we confirmed the reductions in power cost
achieved by ExDDPG-based energy management algorithm
and the DDPG-based energy management algorithm com-
pared to the baseline while maintaining a comfortable tem-
perature range. Both the ExDDPG-based energymanagement
algorithm and DDPG-based energy management algorithm
use the evaluation results of the top three trained models
with high acquired rewards throughout the 50 experiments.
Table 3 shows the amount of power cost reduced compared
with the baseline in July and August 2019, which was the
evaluation period. Table 4 shows the number of steps in which
the room temperature exceeded the maximum comfortable
temperature during the evaluation period and the maximum
deviation temperature. In Table 3 and Table 4, we show the
results of using the TOP 3 model out of 10 trained models
created through 10 iterations of the experiment.

D. CONSIDERATION
Fig. 3 and fig. 4 show that there is almost no difference
in the mean line of the learning curves of 50 experiments
between the ExDDPG-based energy management algorithm
and DDPG-based energy management algorithm. However,
when the learning curves for 50 experiments are con-
firmed, the ExDDPG-based energy management algorithm
sometimes shows a larger downside than the DDPG-based
energy management algorithm in terms of the acquired
reward. Furthermore, the results in Table 2 indicate that
the ExDDPG-based energy management algorithm provides
a higher value for the maximum acquired reward than
the DDPG-based energy management algorithm; thus, there
is an advantage in the acquired reward. In other words,
it is assumed that the ExDDPG-based energy management

algorithm has a larger variation in learning performance
during learning than the DDPG-based energy management
algorithm.

The wide variation in the learning performance of
the ExDDPG-based energy management algorithm can be
attributed to the uncertainty in the effectiveness of (18).
In the ExDDPG-based energy management algorithm, when
multistep targets are larger than 1-step targets, the multistep
targets are used to strongly learn the episode experienced.
Therefore, if the state transitions in the episode are easily
repeated (i.e., the state transition probability to the episode
is large), the above advantage improves the learning per-
formance. Otherwise (i.e., the state transition probability to
the episode is small), the above advantage is a factor of the
learning deterioration. However, even if the learning perfor-
mance is reduced by learning such ineffective episodes, the
ExDDPG-based energy management algorithm can recover
the learning performance using 1-step targets when the return
in the episode is small. The behavior can also be confirmed
from the behavior of recovering after the learning perfor-
mance is sometimes significantly reduced in the learning
curve of the ExDDPG-based energy management algorithm,
as shown in fig. 3.

The HEMS performance of the ExDDPG-based energy
management algorithm and the DDPG-based energy man-
agement algorithm can be confirmed from the results in
Tables 3 and 4. Table 3 shows that when using the top 3
models, both algorithms succeeded in reducing the power
cost compared with the baseline. However, from Table 4, the
DDPG-based energy management algorithm showed more
steps that deviate significantly from the comfortable tem-
perature range than the ExDDPG-based energy management
algorithm. We presume that one of the reasons is that the out-
door temperature is a non-Markovian state transition. Since
the room temperature is strongly influenced by the outdoor
temperature, it becomes difficult to estimate the Q-values
when the outdoor temperature is a non-Markov state transi-
tion. For such non-Markov environment, the use of multistep
returns is cited as one of the approaches to improve learning
performance [1]. Since the ExDDPG-based energy manage-
ment algorithm uses multistep returns until the end of the
episode, the ExDDPG-based energy management algorithm
can learn better than the DDPG-based energy management
algorithm. However, since the use of eligibility trace [23] and
the use of arbitrary n-step return [24] have been proposed
as a deep reinforcement learning method using multistep
returns, a comparison between the ExDDPG-based energy
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management algorithm and energy management algorithms
using these methods will be required in the future works.

V. CONCLUSION
In this study, we proposed a ExDDPG-based energy manage-
ment algorithm that combines Exploitation-oriented learn-
ing that strongly learns the experience obtained high return
with the DDPG-based energy management algorithm. The
ExDDPG-based energy management algorithm was applied
to HEMS, which controls a storage battery and an HVAC
system. As a results, we confirmed the effectiveness for main-
taining a comfortable room temperature and reducing power
cost compared with the DDPG-based energy management
algorithm.

In future works, we plan to add controllable loads such
as an electric vehicle and electric water heater to verify
the effectiveness of the ExDDPG-based energy management
algorithm in a HEMS with a larger state-action space. Fur-
thermore, we plan to compare the ExDDPG-based energy
management algorithm with other energy management algo-
rithms that handle multistep returns.
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