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Energy-Efficient Scheduling for Real-Time
Systems Based on Deep Q-Learning Model
Qingchen Zhang, Man Lin, Laurence T. Yang, Zhikui Chen, and Peng Li
Abstract—Energy saving is a critical and challenging issue for real-time systems in embedded devices because of their limited
energy supply. To reduce the energy consumption, a hybrid dynamic voltage and frequency scaling (DVFS) scheduling based
on Q-learning (QL-HDS) was proposed by combining three energy-efficient DVFS techniques. However, QL-HDS discretizes
the system state parameters with a certain step size, resulting in a poor distinction of the system states. More importantly, it
is difficult for QL-HDS to learn a system for various task sets with a Q-table and limited training sets. In this paper, an energyefficient scheduling scheme based on deep Q-learning model is proposed for periodic tasks in real-time systems (DQL-EES).
Specially, a deep Q-learning model is designed by combining a stacked auto-encoder and a Q-learning model. In the deep Qlearning model, the stacked auto-encoder is used to replace the Q-function for learning the Q-value of each DVFS technology
for any system state. Furthermore, a training strategy is devised to learn the parameters of the deep Q-learning model based on
the experience replay scheme. Finally, the performance of the proposed scheme is evaluated by comparison with QL-HDS on
different simulation task sets. Results demonstrated that the proposed algorithm can save average 4.2% energy than QL-HDS.
Index Terms—Energy consumption; Stacked auto-encoder; Dynamic voltage and frequency scaling; Q-learning.
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I NTRODUCTION

R

ECENTLY, an explosive growth in computer technology and internet of things has promoted the development of embedded systems [1-5]. An embedded system is
developed for a special function by combining computer
hardware and software that is usually fixed in capability
or programmable [6]. Nowadays, embedded systems have
been successfully applied in many areas, such as industrial
internet of things application, mobile cloud computing and
big data processing [7-15]. With the rapid development of
embedded systems in last decades, smart mobile devices
have become ubiquitous in our life [16]. Representative
mobile devices include smart phones, tablets and point of
sales that are profoundly changing our lifestyle. Currently,
the mobile devices are providing more and more functions,
involving video playing, WEB browsing, WIFI communication, game and email. A large number of functions in the
mobile devices result in the increase of power consumption
[17].
The power of smart mobile devices is mainly supplied
by the battery in most cases. However, the power stored
in the battery is usually limited, causing the constraints
in the reliability and life of the mobile devices [18].
Generally, two methods to prolong the usage time of the
• Q. Zhang and L. T. Yang are with School of Electronic Engineering,
University of Electronic Science and Technology of China, Chengdu,
611731, China, and the Department of Computer Science, St. Francis Xavier University, Antigonish, NS B2G 2W5, Canada. E-mail:
ltyang@gmail.com
• M. Lin is with the Department of Computer Science, St. Francis Xavier
University, Antigonish, NS B2G 2W5, Canada.
• Z. Chen and P. Li are with the School of Software Technology, Dalian
University of Technology, Dalian, 116620, China.

battery are to add the battery capacity and to reduce the
power consumption. Unfortunately, it is very difficult to
increase the power capacity of the battery because the
power capacity of the battery depends on the chemical
characteristics of the battery materials. In the past thirty
years, the power capacity of the battery is only added by
3 to 4 times. In addition, increasing the power capacity
of the battery requires to grow the volume, weight and
cost, which will reduce the mobility and convenience of the
mobile devices. Therefore, improving the energy efficiency
to reduce the power consumption has become an important
research topic for smart mobile devices with embedded
systems [19-21].
Typically, most power of smart mobile devices is consumed by processors including CPU and GPU. For example, the energy consumption count of various components
of a DELL XPS M1330 labtop is shown in Fig. 1 [22].

Fig. 1. Energy consumption distribution of one Dell
labtop.
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From Figure 1, CPU and GPU account for more than
50% power consumption of the labtop at its maximum
settings.
Currently, most of tasks run on the processors in embedded systems are real-time tasks that typically have timing
constraints [23]. Specially, they must be accomplished
before their deadlines, which is safety critical for some
key areas such as aircraft controls. In addition, the tasks
in the embedded systems are usually periodic. Generally
speaking, the periodic tasks are repeatedly run at regular intervals. Therefore, this paper focuses on the energy-efficient
scheduling for periodic multi-tasks in real-time systems.
Specially, this paper aims to design the energy scheduling
scheme to reduce as much as power consumption.
Many methods have been presented to reduce the energy
consumption in recent years. The most widely used two
methods are dynamic power management (DPM) [24] and
dynamic voltage and frequency scaling (DVFS) which have
been successfully applied to the scheduling in the embedded real-time systems [25]. DPM adjusts the work modes
according to the system workload to minimize the power
consumption [24]. In detail, DPM switches the system to
the sleep mode with the lowest energy to save energy when
the system is in the idle intervals.
However, DPM will consume additional energy due to
the mode-switching. Therefore, it is worth to switch the
mode only if the idle interval is long enough.
Generally, the energy consumption of a processor includes the dynamic energy consumption because of switching activities and the static energy consumption because
of the leakage current. The dynamic consumption usually
accounts for the major part of the total energy consumption.
It is approximately proportional to the square of operating
voltage and the clock frequency [22]. DVFS dynamically
adjusts the voltage and the frequency of the system to
reduce the energy consumption. The most representative
DVFS technologies include cycle-conserving (CC), lookahead (LA), dynamic reclaiming algorithm (DRA) [26],
[27]. They adjust the voltage and the frequency depending
on the system state parameters for instance dynamic slack
and system utilization. Power efficiency of different DVFS
technologies varies under the different system states. Therefore, any single DVFS technology could not guarantee the
minimal power consumption under all system states [22],
[28].
To combine different DVFS technologies, i.e., CC, LA,
DRA and AGR, for power consumption reduction, Islam
and Lin [22] proposed a Q-learning-based hybrid scheduling algorithm (QL-HDS) which uses the dynamic slack (DS) and the system utilization (SU) as the system state. QLHDS defines a function (called Q-function) to calculate a Qvalue for each DVFS technology depending on the current
system state. Furthermore, the DVFS technology with the
smallest Q-value is selected to adjust the voltage and the
frequency in the next hyperperiod. Although simulations
validated that QL-HDS outperformed any single DVFS
technology in reducing the power consumption, it still has
two limitations. First, QL-HDS discretizes the values of

the dynamic slack and the system utilization with the step
size of 0.1, thus it could not learn the Q-values with the
continues state parameters. However, most of the values of
the system state parameters are concentrated in a certain
range such as [0.4, 0.7] for a specific task set. Therefore,
DL-HDS could not distinguish the system states effectively.
For example, QL-HDS views two system sates {SU =
0.407, DS = 0.514} and {SU = 0.407, DS = 0.549}
as the same one system state with {SU = 0.4, DS = 0.5}.
Second, it is difficult for QL-HDS to learn the Q-values of
each DVFS technology for all the system states on limited
training sets, leading to failure in searching the Q-table
when a new system state appears.
In this paper, an energy-efficient scheduling algorithm
based on the deep Q-learning model is proposed for saving
energy. Specially, a deep Q-learning model is designed to
learn the Q-values of each DVFS technology for different
system sates by combining a stacked auto-encoder (SAE)
[29] and a Q-learning model [30]. The stacked auto-encoder
is a typical deep learning model and furthermore it has
been successfully used in many applications such as image
classification and natural language processing [31], [32].
More importantly, it has been used to construct the deep
reinforcement learning model for traffic prediction [30].
The deep Q-learning model can distinguish the system
states effectively by learning the Q-values of each DVFS
technology under the continues state parameters. More importantly, the deep Q-learning model uses the stacked autoencoder model to replace the Q-function for learning the
Q-value of each DVFS technology for any system state after
training the parameters. Furthermore, a training scheme is
devised to learn the parameters of the deep Q-learning
model, based on the experience replay strategy. Finally,
the performance of the proposed algorithm is evaluated by
comparing with QL-HDS on different simulation task sets.
Results demonstrated that our proposed algorithm can save
average 4.2% energy than QL-HDS.
In summary, there are three contributions in the paper,
listed as:
•

•

•

A deep Q-learning model is proposed for the energyefficient scheduling in the real-time systems (DQLEES) by combining a stacked auto-encoder and a Qlearning model. The stacked auto-encoder is substituted for the Q-function to learn the Q-value of each DVFS technology for any system state that is described
by the dynamic slack and the system utilization.
A training scheme is designed to learn the parameters
of the deep Q-learning model based on the experience
replay strategy. Specially, the experience tuples are
collected and stored into the relay memory as the
training samples.
Several experiments are conducted to evaluate the
performance of the proposed model on different simulation task sets by comparison with QL-HDS. Results
demonstrate that the proposed method can reduce
average 4.2% energy consumption than QL-HDS on
the simulation task sets.
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In the reminder of the paper, the related works on
DVFS techniques are presented in Section 2. The system
models are listed as the preliminary of the proposed model
in Section 3 and the deep Q-learning model for energyefficient scheduling is illustrated in Section 4. The training
method for the parameters of the deep Q-learning model
is described in Section 5 and the simulation results are
reported in Section 6. Finally, the paper is concluded in
Section 7.

2

R ELATED W ORKS

In this section, the related works about DVFS techniques
and the learning-based DVFS techniques are presented.
The DVFS techniques are presented first, followed by the
learning-based DVFS techniques.
2.1

DVFS Technologies

Generally, the power consumption of processors mainly
includes static energy consumption and dynamic energy
consumption. The dynamic energy consumption is typically
resulted in switching activities, approximately proportional
to the square of the operating voltage and the clock frequency. The dynamic voltage and frequency scaling (DVFS)
reduces the dynamic energy consumption by adjusting the
operating voltage and the clock frequency dynamically
according to the system state such as the system utilization,
workload and the dynamic slack. Fig. 2 shows an example
of the DVFS technique.

Fig. 2. One example of the DVFS technique.
Assume that the deadline of the task W is T2 . T1 is the
actual completion time when W is performed at the high
operating voltage of V1 . S1 denotes the idle interval after
W is completed and the processor does not consume energy
during S1 . T2 represents the actual completion time when
W is executed at the low operating voltage of V2 . Assume
that V2 = V1 /2, f2 = f1 /2 and T2 −T1 = T1 −T0 , where f1
and f2 represent the clock frequency when W is executed at
the operating voltage of V1 and V2 , representatively. Under

the ideal condition, decreasing the operating voltage from
V2 to V1 for W can save 75% energy.
DVFS has been proved to be an effective technology
for energy consumption reduction. In the past few years,
many DVFS techniques have been developed for energy
optimization. The most representative DVFS techniques
are static, cycle-conserving (CC) and look-ahead (LA) that
are based on the earliest deadline first (EDF) scheduling
strategy [27].
The static scheme calculates the utilization of the scheduled task set according to offline parameters including the
periods and execution time, and furthermore sets the voltage
and the frequency accordingly. The static scheme does not
adjust the voltage and the frequency during the execution
set. However, the actual execution time might vary in
different periods, so the static scheme could not usually
achieve the energy optimization. To tackle this problem,
CC adopts the notation of the dynamic utilization to adjust
the voltage and the frequency. Specially, CC determines
the system utilization depending on the worst case execution time (WCET) at the beginning of every period, and
then updates the system utilization dynamically during the
scheduling of the tasks depending on the actual execution
time (AET). Since WCET is always longer than AET,
CC sets a high clock frequency at the beginning of each
period and decreases the frequency gradually when tasks
are completed. Different from CC, LA sets a low clock
frequency at the beginning of each period and performs as
much work as possible under the low frequency to save
energy. When the deadline comes near, LA increases the
clock frequency gradually to guarantee the deadline.
More recently, Aydin et al. [26] developed two DVFS
techniques, called dynamic reclaiming algorithm (DRA)
and aggressive speed adjustment (AGR), representatively.
DRA is according to detecting early completions and decreasing the clock frequency for other tasks to save the
energy while guaranteing the deadlines. Specially, DRA
orders a data structure called α-queue based on the improved earliest deadline first (EDF*) scheduling strategy.
Once one new task arrives, its WCET is put into α-queue
at Sopt frequency. The utilization of the scheduled task
set stays the same at Sopt frequency. AGR is a variant of
DRA. When multiple tasks exist in the α-queue and they
are assumed to finish before the next task arrival time, AGR
transfers the processor time among the tasks in the α-queue.
Generally, AGR could reduce the power consumption if
the idle time is longer because of the convex correlation
over the dynamic energy and the clock frequency. However,
if the static energy consumption is comparable with the
dynamic energy consumption, AGR will consume more
power. In addition, DRA and AGR might result in more
power dissipation since the system is always alive.
Lawitzky et al. [33] developed a DVFS scheme by combining the real time with the power management in realtime systems. It appends the number of the dynamic slack
of an accomplished task with the budget of the next task and
sets the clock frequency. Lu and Guo [34] investigated the
DVFS techniques for multi-core scheduling and presented
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a DVFS algorithm to adjust the clock frequency for every
scheduled task according to the utilization of the task set
and available cores.
Islam and Lin [22] compared the power efficiency of
several DVFS techniques in real-time systems. They concluded that the power efficiency of each DVFS technique
is significantly dependent upon the system state such as the
system utilization and the dynamic slack. No single DVFS
could achieve the energy optimization under all system
states.
2.2 DVFS Technologies Based on Learning
The power efficiency of a DVFS technology is significantly
dependent upon the different system states. To improve
the robustness for energy saving for the different applications and hardware, learning-based methods have been
incorporated into the system-level energy management in
recent years. Specially, a good power management scheme
should be able to learn the best strategy to reduce the
energy consumption for different systems from previous
experiences. Therefore, some DVFS technologies based on
learning methods have been investigated in last few years
for system-level energy management.
For example, Bhatti et al. [28] presented a scheme for
interplaying of DVFS technologies in real-time systems
according to online learning. This scheme adjusts the
frequency and the voltage depending on power consumption
and performance penalty that are learned by previous
experiences. Once the dynamic slack happens to change,
this scheme will take the decision to select the best expert.
One similar method developed by Dhiman and Rosing uses
the clock frequency levels as different experts that are also
chosen according to the energy consumption and performance penalty [35]. Jung and Pedram applied the supervised learning strategy to the power management scheme
for multiprocessor systems [36]. Specially, they utilize the
supervised learning strategy to analyze the system state
from input features and learn the best voltage-frequency
configures with a precalculated policy table. However, a
precalculated policy table and the limited training task
sets could not cover any environment, so it is difficult
to learn a system to apply to all workloads and hardware
configurations.
Most recently, the reinforcement learning methods have
been applied to energy optimization. For instance, a reinforcement learning-based scheme was presented to optimize
the temperature and power consumption. Afterwards, a
robust reinforcement learning-based scheme was developed
to set the operating voltage and the clock frequency dynamically without requiring prior information of the workload.
However, these methods mainly focus on the non-real-time
systems. That means, they does not consider the deadlines
of the scheduled tasks.

3 S YSTEM M ODELS
3.1 Task Model
In embedded systems, most of tasks are periodic and realtime tasks. A periodic real-time task is repeatedly per-

formed at regular intervals and must be completed before its
deadline. A task set T that consists of n periodic real-time
tasks is usually defined by the following equation [22].
T = {τ1 (p1 , ω2 ), τ2 (p2 , ω2 ), . . . , τn (pn , ωi )}.

(1)

In Eq.(1), τi denotes the ith task. Each task τi has a
period pi and a worst case execution time (wcet) ωi which
indicates the maximum execution time for completing the
task τi at the highest clock frequency. In addition, the
periodic real-time task has a utilization that is calculated
by Eq.(2).
ui = ωi /pi .

(2)

Therefore, the total utilization U of the task set T is
calculated by Eq.(3).
∑n
U=
ωi /pi .
(3)
i=1

In every period, one new job is produced by each task.
For example, τij denotes the new job produced by the ith
task τi in the jth period. For the task set T , there are many
jobs in a hyperperiod (hyp) that is defined by the following
equation.
hyp = h × LCM (p1 , p2 , . . . , pn ).

(4)

where LCM denotes the least common multiple of all the
periods of the tasks in the task set T and h denotes the hth
hyperperiod.
The jobs generated in a hyperperiod are scheduled according to their priorities. In this paper, the earliest deadline
first (EDF) scheduling strategy is selected to set the priority
of each job. Specially, the job with the earliest period has
the highest priority.
3.2 Energy Model
For the processors based on complementary metal oxide
semiconductor (CMOS), the major energy consumption part
is the dynamic energy consumption that can be calculated
by the following equation [22].
2
Pdynamic = Ce × Vdd
× f,

(5)

where Ce denotes the switching capacity, Vdd denotes the
operating voltage, and f represents the clock frequency that
can be calculated by Eq. (6).
α

f=

(Vdd − Vth )
,
Ld × K6

(6)

where Ld , K6 and α are the technique constants determined
by the processor fabrication technique, and Vth denotes the
threshold voltage represented by:
Vth = Vth1 − K1 × Vdd − K2 × Vbs .

(7)

In Eq.(7), Vth1 , K1 and K2 are technique constants, and
Vbs denotes the the body bias voltage.
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The static energy consumption can be given by:
Pstatic = Vdd × Isubn + |Vbs | × Ijun ,

(8)

where Ijun denotes the reverse bias junction current and
Isubn denotes the subthreshold leakage current that can be
calculated by Eq.(9).
Isubn = K3 × eK4 ×Vdd × eK5 Vbs .

(9)

In Eq.(9), K3 , K4 and K5 are the technique constants.
Table I shows the technique constants of the 70nm
process technology used in the energy model.
TABLE 1
Technique constants of the 70 nm technology.
Constant
K1
K2
K3
K4
K5
K6

Value
0.063
0.153
5.38
1.83
4.19
5.26

Constant
Vbs0
α
Vth1
Ijun
Ce
Ld

Value
0
1.5
0.244
4.8 × 1010
0.43 × 109
37

Fig. 3. Architecture of the deep Q-learning model.
Therefore, if a task has the execution time T , it consumes
the total energy:
En = λ × Pdynamic × T + ρ × Pstatic × T,

(10)

where λ and ρ denote the weights and they are usually the
constants determined by the processor fabrication technology.

4 D EEP
Q- LEARNING
M ODEL
FOR
E NERGY -E FFICIENT S CHEDULING IN R EAL T IME S YSTEMS
Given a task set T that is composed of n periodic realtime tasks and three DVFS techniques, i.e., CC, LA and
DRA, the goal of this paper is to select an appropriate
DVFS technique at the beginning of each hyperperiod to
configure the operating voltage and the clock frequency so
that the power consumption En is minimal while all tasks
are accomplished before deadlines .
To achieve this goal, a Q-value for each DFVS technique
is defined. At the beginning of each hyperperiod, the Qvalue for each DVFS technique is calculated based on the
current system state, and then the DVFS technique with the
lowest Q-value is selected to configure the voltage and the
frequency.
To calculate the Q-value for each DVFS technique, a
deep Q-learning model is constructed by combining a
stacked auto-encoder and a Q-learning model, as presented
in Fig. 3.
The deep Q-learning model takes the system state as the
input and outputs the Q-value for each DVFS technique.
The stacked auto-encoder SAE(θ) is used to learn the
features of each input system state and the Q-learning
aims to compute the value of each action given the input

system state. Specially, the system state space is defined
as S = {S1 , S2 , . . . , Sn }. Since the DVFS techniques used
in our model adjust the voltage and the frequency mainly
depending on the system utilization and the dynamic slack,
the system utilization su and the dynamic slack ds are
selected as the system state, i.e., Si = {sui , dsi }.
The dynamic slack usually is calculated by:
Ethyp
,
hyp
i=1 ( pi × ωi )

ds = 1 − ∑n

(11)

where hyp denotes the hyperperiod, pi and ωi denote the
period and the WCET of the ith task, respectively. In
Eq.(11), Ethyp denotes the sum of the actual execution
time (AET) of every task in a hyperperiod, which can be
calculated as:
Ethyp =

n ∑
∑

AET (τij ),

(12)

i=1 j∈hyp

where τij denotes the jth job produced by the ith task in
the corresponding hyperperiod.
The system utilization of the task set T with n periodic
real-time tasks can be computed by the following:
su =

n
∑
ωi
i=1

pi

,

(13)

In the hybrid scheduling algorithm based on reinforcement learning model (QL-HDS) proposed by Islam and
Lin [22], the system state st is obtained by interacting the
environment at the end of the previous hyperperiod and
it is used to update the Q-value Q(st , at ) for the DVFS
technique represented by at using the following Q-function.
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Q(st , at ) ← Q(st , at ) + αi
,
×[pt (st , at ) − Q(st , at )]

(14)

where pt (st , at ) denotes a penalty obtained in the system
state st with the DVFS technique at and at (st , at ) represents the learning rate.
In QL-HDS, the penalty is defined as the average power
consumption in each hyperperiod, which can be computed
by the following:
pt (st , at ) =

En(st , at )
,
Ethyp

where g represents the decoding function, typically a Sigmoid function or an identity function.
θ = {W (1) , b(1) ; W (2) , b(2) } indicates the parameter set
of the basic auto-encoder. The basic auto-encoder trains
the parameter set θ by minimizing the reconstruction error
L(x, y) = 12 ||y − x||2 . Typically, the back-propagation
algorithm is an effective method to train the parameters
of an auto-encoder with n input units and m hidden
units,presented in Algorithm 1.
Algorithm 1: Back-propagation Algorithm.

(15)

where En(st , at ) denotes the total power consumption at
the system state st using the DVFS technique.
QL-HDS uses a Q-table to store the updated Q-values
for each DVFS technique under the different system states.
At the beginning of a new hyperperiod, QL-HDS searches
the Q-table to choose the DVFS technique with the lowest
Q-value according to the current system state to configure
the voltage and the frequency.
However, DL-HDS could not distinguish the system
states effectively since the system state parameters are
continuous. More importantly, it is challenging for QL-HDS
to learn the Q-values of each DVFS technology for all the
system states on the limited training task sets, leading to the
failure in searching the Q-table when a new system state
appears.
In the proposed model, the stacked auto-encoder model
is used to approximate the Q-function as shown in Fig. 4.
Specially, the deep Q-learning model proposed in the paper
is stacked by multiple basic auto-encoders.
A basic auto-encoder is a neural network with three
layers, i.e., input layer x, hidden layer h and output layer
y, as shown in Fig. 4 [29].

1
2
3
4
5
6
7
8
9
10
11
12
13

14
15
16
17
18
19
20
21
22
23

Fig. 4. Basic auto-encoder.
Given an input x, the basic auto-encoder encodes the
input to the hidden layer h by the following encoding
function:
h = f (W (1) x + b(1) ),

(16)

where f an encoder, typically a Sigmoid function f (x) =
1/(1 + e−x ).
Afterwards, the hidden layer h is reconstructed to the
output layer y by the following decoding function:
y = g(W (2) h + b(2) ),

(17)

Input: {(X (i){, Y (i) )}m
i=1 , η, threshold
}
Output: θ = W (1) , b(1) ; W (2) , b(2)
for iteration = 1, 2, ..., iteratermax do
for example = 1, 2, ..., N do
for j = 1, 2, . . . , m do
∑n
(2)
(1)
(1)
zj = i=1 Wji + bi ;
(2)
(2)
aj = f (zj );
for i = 1, 2, . . . , n do
∑m
(3)
(2) (2)
(2)
zi = j=1 Wij aj + bi ;
(3)
(3)
ai = f (zi );
if JT AE (θ) > threshold then
for i = 1, 2, . . . , n do
(3)
(3)
(3)
(3)
σi = (ai · (1 − ai )) · (ai − xi );
for j = 1, 2, . . . , m do
(2)
σj =
∑n
(2) (3)
( i=1 Wij σi )(a(2) (1 − a(2) ));
for i = 1, 2, . . . , n do
(2)
(3)
(2)
∆bi = ∆bi + σi ;
for j = 1, 2, . . . , m do
(2)
(2)
(2)
(3)
∆wij = ∆wij + aj · σi ;
for j = 1, 2, . . . , m do
(1)
(1)
(2)
∆bj = ∆bj + σj ;
for i = 1, 2, . . . , n do
(1)
(1)
(2)
∆wji = ∆wji + xi · σj ;
W = W − η × ( N1 ∆w);
b = b − η × ( N1 ∆b);

In Algorithm 1, the forward propagation is executed
to calculate the actual output values of the auto-encoder
on lines 1-8 while the back-propagation is performed to
compute the gradients of the objective function with regard
to each parameter on lines 10-21. Finally, the gradient
descent is run to update the parameters on lines 22-23.
The task of this paper is to train the parameters of the
deep Q-learning model by combining the stacked autoencoder and the Q-learning model, which is discussed in
the nest section. After obtaining the parameters, the Q-value
for each DVFS technique can be calculated according to
the current system state. Furthermore, the DVFS technique
with the lowest Q-value is chosen to configure the voltage

2377-3782 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TSUSC.2017.2743704, IEEE Transactions on Sustainable Computing
7

and the frequency.
L(θ) =

m
∑

[Q(si , ai , θ)−

i=1

T RAINING A LGORITHM FOR THE PARAM ETERS OF D EEP Q- LEARNING M ODEL
In this paper, the experience replay technique is used to
train the parameters of the proposed deep Q-learning model.
Fig. 5 illustrates the architecture of the proposed scheme
for training the parameters of the deep Q-learning model.

Algorithm 2: Training algorithm for the parameters of
the deep Q-learning model.
2

3

4
5
6
7
8
9
10

To train the parameters of the deep Q-learning model,
some records need to be collected and stored into the replay
memory as the training samples. Specially, at the beginning
of each hyperperiod t, the scheduler observes the system
state st = {sut , dst } and chooses an action at that denotes
a DVFS technique to adjust the voltage and the frequency.
At the end of the hyperperiod that is also the beginning of
the next hyperperiod t+1, the system state will be altered to
st+1 = {sut+1 , dst+1 }, and a penalty pt (st , at ) calculated
by Eq.(15) is obtained. Accordingly, an experience tuple
et = (st , at , pt (st , at ), st+1 ) can be obtain at the time-step
t. In this paper, N experience tuples E = {e1 , e2 , . . . , eN }
are collected and stored into the replay memory to train the
parameters of the deep Q-learning model.
The parameters of the deep Q-learning model are trained
by two stages, i.e., pre-training stage and Q-learning stage.
Q(s, a, θ) is used to represent Q-function approximated
by the deep Q-learning model, with θ = [θpre , θql ] where
θpre and θql for the stacked auto-encoder part and the
last layer, respectively. In the pre-training stage, the greedy
layerwise strategy is used to train the parameters of each
auto-encoder from bottom to up for obtaining the initial
parameters θpre of the deep Q-learning model. In detail,
the system state parameters are fed into the input to learn
the first hidden representation. Afterwards, the first hidden
layer is used as the input to learn the second hidden representation. This process is performed from the bottom to up
until all the hidden layers are trained for the parameters.
In the Q-learning stage, the parameters θ = [θpre , θql ]
are trained by minimizing the following loss function over
m samples selected randomly from the replay memory.

(18)

Therefore, the training algorithm for the parameters of
the deep Q-learning model is outlined in Algorithm 2.

1

Fig. 5. The scheme to train the parameters of the deep
Q-learning model.

.

(Q(si , ai ) + αi × [pi (si , ai ) − Q(si , ai )])]2
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if pretrain == true then
Pick up some state samples to pre-train the SAE
with θpre ;
Initialize approximator of Q-function with
θ = [θpre , θql ];
else
Initialize parameters of Q-function randomly;
for episode = 1, ..., N do
Initialize an episode;
for t = 1, ..., T do
Observe the current system state st ;
Select a DVFS technique at ;
Calculate penalty pt (st , at ) and observe the
next state st+1 ;
Store et = (st , at , pt (st , at ), st+1 ) into replay
memory;
Calculate the Q-value: ;
Q(st , at ) ← Q(st , at ) + αi
;
×[pt (st , at ) − Q(st , at )]
Perform the back-propagation algorithm to
train θ = [θpre , θql ];

The time complexity of Algorithm 2 is dominated by
two parts, i.e., collecting experience tuples and performing
back-propagation algorithm. To collect one experience tuple, Ethyp needs to be updated at each scheduling event,
which requires O(1) time complexity. Therefore, collecting
N experience tuples cost O(N ) time complexity. For a
basic auto-encoder with n input units and m hidden units,
its complexity is O(M mn) where M denotes the training
samples selected from the replay memory to perform the
back-propagation algorithm. The storage complexity of
Algorithm 2 is also dominated by two parts, i.e., replay
memory and the size of the deep reinforcement learning
model. Specially, N experience tuples requires O(N ) space complexity. For the the deep reinforcement learning
model with k hidden layers, it has a space complexity of
O((k + 1)mn).

6

P ERFORMANCE E VALUATION

In the experiment, the proposed deep Q-learning model
(DQL-EES) is evaluated by comparison with the hybrid
DVFS scheduling based on reinforcement learning (QLHDS). To evaluate the performance of the deep Q-learning
model, a simulator followed [22] is developed by using
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JAVA. The simulator could schedule a large number of
periodic real-time tasks and set the system to different
voltage and frequency. The simulator takes a task set as
input and outputs the power consumption.
In the experiment, 20 different tasks are generated randomly, and their details are listed in Table 2. Furthermore,
the 20 tasks is used to generate 4 different task sets
which have 3 tasks, 10 tasks, 14 tasks and 20 tasks,
representatively. The power consumption caused by the task
sets scheduled on the simulator are reported to evaluate the
performance of the proposed model, which is a widely used
validation methodology in some previous works [22].
TABLE 2
Task details.
Task No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

number of jobs
60
100
30
50
25
200
600
600
24
300
30
25
40
75
75
200
120
40
600
24

period
50
30
100
60
120
15
5
5
125
10
100
120
75
40
40
15
25
75
5
125

wcet
6.31
0.89
12.92
4.88
15.63
0.29
0.45
0.93
13.55
0.04
2.53
4.21
8.26
4.09
8.26
1.19
4.15
11.53
0.66
8.88

From Table 2, each task has different parameters with
others, consisting of period, WCET, and number of jobs.
Therefore, every task set has distinct system utilization and
the dynamic slack at different periods. Furthermore, the
power consumption is normalized by following [22] with
regards to the highest power consumption when reporting
the simulation results.
To make the comparison fair with QL-HDS, three DVFS
techniques, i.e., CC, LA and DRA, are used in the proposed
method. Furthermore, the proposed method uses the same
scheduling algorithm, namely earliest deadline first (EDF),
with QL-HDS, in the experiments.
6.1 Varying number of hidden layers and hidden
units
First, the impact of the number of hidden layers and hidden
units are investigated to the performance of our proposed
model. Specially, 3 kinds of deep Q-learning models are
constructed with one hidden layer, two hidden layers and
three hidden layers, respectively, for scheduling the tasks
on the simulator. Each kind of deep Q-learning model that
has different number of hidden units are run for five times,
each with different random initial parameters. To report
the results clear, DQL-n is used to represent the deep Qlearning model with n hidden layers for energy-efficient

scheduling in real-time systems. The results of average
energy consumption are shown in Tables 3-6.
TABLE 3
Power consumption for scheduling Task set 1.
DQL-1
DQL-2
DQL-3

4
0.9755
0.9319
1

8
0.9732
0.9294
0.9982

12
0.9718
0.9277
0.9954

16
0.9717
0.9278
0.9951

TABLE 4
Power consumption for scheduling Task set 2.
DQL-1
DQL-2
DQL-3

4
0.9903
0.9278
1

8
0.9891
0.9251
0.9969

12
0.9864
0.9219
0.9957

16
0.9859
0.9219
0.9958

TABLE 5
Power consumption for scheduling Task set 3.
DQL-1
DQL-2
DQL-3

4
0.9487
0.8943
1

8
0.9452
0.8941
0.9942

12
0.9431
0.8902
0.9926

16
0.9429
0.8900
0.9923

TABLE 6
Power consumption for scheduling Task set 4.
DQL-1
DQL-2
DQL-3

4
0.9531
0.9296
1

8
0.9501
0.9282
0.9984

12
0.9485
0.9253
0.9968

16
0.9482
0.9254
0.9967

Two remarkable results can be observed from the above
tables. First, for the deep Q-learning model with the same
number of hidden layers, the energy consumption reduces
slightly as the number of hidden units increases in most
cases. This result implies that adding hidden units can
improve the performance of the deep Q-learning models
since adding hidden units can approximate the Q-function
more effectively. However, when the number of hidden
units is more than 12, the energy consumption of each
model remains almost unchanged. Such observation indicates that 12 hidden units are enough to approximate the
Q-function in the experiments. Second, the deep Q-learning
model with two hidden layers performs significantly better
than the deep Q-learning model with one hidden layer,
demonstrating that the performance of the deep Q-learning
model is affected by the number of hidden layers. Specially,
adding hidden layers is able to improve the performance of
the deep Q-learning model effectively. However, the deep
Q-learning model with 3 hidden layers performs worst. This
is maybe because 3 hidden layers result in the over-fitting.
6.2 Comparison between QL-HDS and DQL-EPS
In this section, the performance comparison between QLHDS and DQL-EES for power consumption scheduling in
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real-time systems are discussed. Table 7 shows the average
power consumption of each model with 12 hidden units for
scheduling 4 task sets.
TABLE 7
Average power consumption of each model.
Taskset
Taskset
Taskset
Taskset

1
2
3
4

DQL-1
0.9765
0.9901
0.9503
0.9513

DQL-2
0.9323
0.9259
0.8967
0.9283

DQL-3
1
1
1
1

QL-HDS
0.9781
0.9822
0.9478
0.9531

From the results, the deep Q-learning model with two
hidden layers (DQL-2) performs best. This is expected because DQL-2 yields the best approximation of Q-function.
Furthermore, DQL-2 saves 5.63% energy than QL-HDS
in average for task set 2, and even in the worst case
(for task set 4), DQL-2 still saves average 2.48% energy
than QL-HDS. For the four task sets, DQL-2 saves 4.20%
energy than QL-HDS in average. Such observations indicate
that the proposed method performs better than QL-HDS
for energy-efficient scheduling in real-time systems. In
addition, DQL-1 performs almost the same with QL-HDS
and DQL-3 performs slightly worse than QL-HDS due to
its over-fitting.
6.3

Execution Time

Table 8 presents the execution time of QL-HDS for learning
the Q-table and the execution time of DQL-EES for training
the parameters of the deep Q-learning model.
TABLE 8
Average execution time of each model.
Taskset
Taskset
Taskset
Taskset

1
2
3
4

DQL-1
0.79
0.72
0.82
0.69

DQL-2
0.81
0.79
0.94
0.81

DQL-3
1
1
1
1

QL-HDS
0.77
0.71
0.79
0.68

From Table 8, the execution time of DQL-EES for
training the parameters of the deep Q-learning model is
longer than that of QL-HDS for learning the Q-table. This is
because the execution time of the proposed model includes
two parts, i.e., the time for picking up the experience tuples
and the time for training the parameters. When the deep Qlearning model has only one hidden layer and few hidden
units, it does not require much time to train parameters.
So, the execution time of DQL-1 is slightly longer than
that of QL-HDS. However, DQL-2 and DQL-3 need to
take very long to pre-train and fine-tune parameters, so
they require significantly more execution time than QLHDS. Specially, DQL-2 takes about 12.5% time overhead
in average compared with QL-HDS.

7

C ONCLUSION

In this paper, a deep Q-learning model is presented for
energy-efficient scheduling in real-time systems by combining a stacked auto-encoder and a Q-learning model. One

property of the proposed deep Q-learning model is the use
of the stacked auto-encoder to replace the Q-function of
the conventional Q-learning model, so that the proposed
scheme is able to learn the Q-value of each DVFS technology for any system state after training the parameters.
Furthermore, since the proposed scheme could learn the Qvalue for each DVFS technique under the continues state
parameters, it is more effective to distinguish the system
states than QL-HDS. To train the parameters of the deep Qlearning model, a training scheme based on the experience
replay strategy is devised. Simulation results on different
task sets demonstrated that the proposed algorithm could
save average 4.2% energy than QL-HDS.
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