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or probabilistic timing requirements are becoming increas- Accepted 20 February 2021

ingly deployed in real-time industry control systems. Such
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systems pose significant challenges to the scheduling algo-
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rithms because the failure of scheduling can be catastrophic. mixed-task scheduling; real-
In the past decades, significant research effort has been time systems; automatic
dedicated on the scheduling problems, and various schedul- train operation system

ing algorithms were proposed to meet various system
requirements and task loads. However, a single fixed sche-
duling algorithm usually cannot fully satisfy the requirements
for a dynamic mixed-task-set, which is commonly found in
modern complex real-time control systems. It is thus extre-
mely hard for engineers to design a set of scheduling solu-
tions to guarantee the correctness and optimality under all
conditions. Aiming at optimising the scheduling perfor-
mance in a real-time control system, this paper proposes
a Q-learning-based optimisation framework to select proper
scheduling algorithms for the mixed-task-set. Built on a
three-layer perceptron network, our Q-learning framework
is able to efficiently and effectively choose scheduling algo-
rithms that dynamically adapt to the characteristics of task-
sets. Experimental results using real-world data proved the
effectiveness of the proposed framework.

1. Introduction

Real-time systems are pervasively used to control physical processes ranging
from automobile ignition systems to nuclear power plants. With the rising
complexity of applications, an increasing number of industry-strength real-
time systems deploy both periodic and aperiodic tasks. Such tasks typically
have explicit deterministic or probabilistic timing requirements [1]. Periodic
tasks are characterised by regular arrival times and hard deadlines, while aper-
iodic tasks are featured by irregular arrival times and either soft or hard
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deadlines. For such systems, the correctness of system functioning depends
upon not only the results of computation but also on the execution order of
such computations.

The Automatic Train Operation (ATO) system is a typical real-time industry
control system that automatically drives the train according to the railway
routes, train properties, traffic lights as well as the interactions with human
drivers or dispatchers [2]. As the most sustainable means of modern transporta-
tion, modern railway is consistently growing more intelligent and environmen-
tal friendly. Towards such an objective, an essential momentum is the
autonomous driving of railway vehicles to enable energy efficiency, punctuality
and safety. Since the ATO system is an automatic intelligent system, many
valuable research works in automotive engineering can serve as good refer-
ences for the development of the ATO system [3,4]. The ATO system is a typical
complex mixed-task system because it involves a rich set of periodic and
aperiodic tasks for various trip planning and real-time control problems. For
example, the periodic tasks of the system involve the collection and calculation
of real-time information, heartbeat feedback signal processing, fault diagnosis
[3], the information collection and transmission of input board and output
board, etc. The non-periodic tasks are mainly caused by some random events,
including the handle events of exception, railway transit signal, temporary trip
planning, route extraction and other service tasks. In addition, the nature of
railway transportation makes it a safety-critical system. The response time of
various tasks should be as short as possible to guarantee the driving safety.
Meanwhile, the system scheduling overhead should also be emphasised besides
the response time to reach a better comprehensive performance. As a result, the
scheduling of the ATO system considering both the response time and schedul-
ing overhead serves as an excellent example for industry-strength mixed-task
real-time systems.

Related works. A large body of research has been dedicated to the schedul-
ing problems of mixed aperiodic and periodic tasks. Next, we discuss the main
scheduling algorithms with respect to periodic and aperiodic tasks.

For periodic tasks in the ATO system, the commonly used scheduling algo-
rithms include rate monotonic (RM) scheduling algorithm [5], deadline mono-
tonic (DM) scheduling algorithm, earliest deadline first (EDF) scheduling
algorithm [6], least slack first (LST) algorithm, etc. According to the working
mechanism, these algorithms can be mainly categorised into static scheduling
algorithms and dynamic scheduling algorithms. RM and DM belong to static
scheduling algorithms, while EDF and LST belong to dynamic scheduling algo-
rithms. The priority of periodic tasks is the main feature in the RM scheduling
algorithm. More specifically, the shorter the period of the task, the higher the
priority it receives. This is because the tasks with shorter periods come more
frequently than those with longer periods and thus are easier to accumulate.
Therefore, RM is expected to schedule tasks with shorter periods as quickly as
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possible. RM turns out to be very popular in real-time static priority scheduling
systems with high security for its simplicity and high efficiency. However, RM
lacks flexibility and its CPU utilisation has upper limitations for the reason of
static scheduling. Unlike RM, DM determines priority by deadline rather than by
period. The shorter the deadline, the more urgent the task should be and thus
the higher the priority of the task. The static scheduling algorithms mentioned
earlier use static variables to determine the priority of tasks, and the dynamic
scheduling algorithms are determined by dynamic variables. In the EDF algo-
rithm, the priority is assigned to the remaining execution time of the task. The
task with fewer remaining execution times receives higher priority. EDF has high
performance in single-core processors. LST is a dynamic scheduling algorithm,
which determines priority by the length of slack time. The difference between
deadline and the rest execution time is a good indicator of how idle the task is.
The larger the difference, the lower the priority. LST works well especially when
the system is under heavy workload. However, frequent task switching scenarios
(jolting phenomenon) may occur when the priority of the tasks changes rapidly,
which may have great impact on the performance of the system. Unless other-
wise specified, this paper adopts RM algorithm for the scheduling of periodic
tasks for its reliability and simplicity.

For the aperiodic tasks, the existing scheduling algorithms can mainly be
classified into three categories: the background (BG) algorithms, the polling-
server-based algorithms and the slack-stealing-based algorithms [7].

Firstly, the BG algorithms simply give the priority to the scheduling of
periodic tasks and merely deal with the aperiodic tasks in the BG of the periodic
tasks when the CPU is idle. Such simple algorithms tend to excessively empha-
sise the importance of periodic tasks and can be ineffective when the purpose of
the scheduling is to meet the deadline of period tasks and reduce the response
time of aperiodic tasks [8].

Secondly, the polling-server-based algorithms transform the aperiodic tasks
into periodic tasks by creating a periodic polling server task which is responsible
for scheduling the aperiodic tasks. The periodic polling server task can schedule
aperiodic tasks when it has positive processing capacity. Due to the short
period, high priority and long processing time of this periodic polling server
task, the aperiodic tasks can get more opportunities to be scheduled, thus
greatly reducing the response time of the aperiodic tasks under the condition
of ensuring the scheduling of the periodic tasks. Different polling-server-based
algorithms arise from different approaches to supplementing and maintaining
the processing capacity of the server. Typical algorithms in this category include
the Priority Exchange (PE) algorithm [9], the Deferrable Server (DS) algorithm
[10], the Sporadic Server (SS) algorithm [11] and Total Bandwidth Server (TBS)
algorithm. The priority of the periodic polling server is generally set to high in
order to reduce the response time of the aperiodic tasks. Recent research in
such track also targets to reduce response time and energy consumption of
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mixed-task-set using a PE server [12], to explore the adaptive scheduling by
using predictive execution time [13], as well as the dynamic voltage scaling of
mixed-task-sets in priority-driven systems that involve different algorithms, e.g.
DS, SS and TBS [14]. Such polling-server-based algorithms were also applied to
the real-time scheduling for mixed-task-set on multicore processors [15].
However, when the task of the periodic server missed or delayed in coordinating
the aperiodic random arrived tasks, idle operations will have to appear. In such
a case, either the aperiodic tasks have to wait for the return of the server task, or
the higher priority server task runs vacuously.

Thirdly, the slack-stealing-based algorithms, which attempt to allocate time
for aperiodic tasks by stealing the processing time from the periodic tasks
without causing the missing the respective deadlines, prove to be the most
effective ones (at least theoretically). Endeavours on optimisation and simplifi-
cation of such algorithms include the Optimal Fixed-Priority (OFP) algorithm [8],
the Optimal Dynamic Driven algorithm [16], etc. However, the algorithms are
difficult to implement and often require considerable computation resources in
practice.

General introductions and reviews on recent development of the scheduling
algorithms can refer to References [17-20]. It should be noted that the schedul-
ing of mixed-task-set is also becoming more essential in the process scheduling
on multicore CPUs recently [21-23]. The above mentioned real-time scheduling
algorithms exhibit varying trade-offs in terms of scheduling performance, com-
puting efficiency and characteristics of tasks. The choosing of a proper schedul-
ing algorithm, however, is application-dependent. In fact, the design of
scheduling algorithm has to adapt to the underlying tasks.

This Research. In this paper, we propose a Q-learning-based framework for
optimising the scheduling solution of mixed-task real-time control systems. The
basic idea is to leverage the effectiveness of the reinforcement learning (RL)
approach to derive an optimised scheduling solution that adapts to the char-
acteristics of task-set. The framework is based on a three-layer perceptron
network, which is computation-efficient and capable of approximating a wide
range of functions. To the best of the authors’ knowledge, this work is the first
one to endeavour on optimising the scheduling problems of mixed-task real-
time control applications by leveraging the success of the RL framework.

2. Problem description
2.1. The scheduling problem

We focus on the scheduling of mixed-tasks in the ATO system in this study.
Specifically, the task-set consists of mixed-tasks consisting of both periodic tasks
with hard time constraints and aperiodic tasks with soft constraints. The objec-
tive is to schedule the mixed-tasks in such a way that all periodic task deadlines
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are met and the response time for the aperiodic tasks are as short as possible.
The processing of tasks in a frame consists of three parts: the scheduling over-
head, the task execution and the postprocessing.

2.2. Markovian decision process analysis

Consider a real-time system with n periodic tasks Ty, -- -, T,, one can calculate
the hyper-period H of the task-set as the least common multiple of various
periods. Actually, the whole processing time of a task-set can be taken as

scheduled in many series hyper-periods, H;,- - -, Hny,. The aperiodic tasks can
be referred as the tasks that come randomly in a hyper-period
Hi(i=1,2,---,m). The scheduler can use different algorithms according to

the state of every hyper-period. In this way, we transform this complex schedul-
ing problem into a multistage decision-making process. Note that these stages
are correlated with each other consecutively, that is, the state of the present
stage depends on that of the preceding stage. As a result, according to the
definition, the problem can be formulated as a Markovian decision pro-
cess (MDP).

We use a four-tuple K(Tper, Tarrs Texes Tend) t0 represent a task in the scheduling
process, where Ty, is the period of the task, T, is the time of the arrival of the
task, Tee represents the time of the worst execution of the task and Teng
represents the finish time of the task. Here, T, of an aperiodic task is set to
be 0.

For periodic tasks in a hyper-period H, they are generally scheduled accord-
ing to a fixed priority algorithm, e.g. the First-In-First-Out (FIFO) scheduling
algorithm or the RM scheduling algorithm [5]. Assuming that the deadline of
the periodic tasks is the time when they comes again, the scheduling results of
each periodic task should match the following constraint:

Tend < 7-arr + Tper' (1)

The aperiodic tasks in a hyper-period H can be scheduled with any choice of
priority, even dynamically. The response time N of an aperiodic task by using the
algorithm i can be described as

N =T = Tar — Thre )

The response time of the aperiodic tasks in a hyper-period H; by employing the
algorithm i can be represented as

Ri=> N. (3)
Define the complexity index of the scheduling overhead and post-processing of

an algorithm i in a hyper-period H; as q Then, the optimisation objective of the
whole scheduling process can be described as
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min (Z(R]’: + aCj)), (4)

=1

subject to the real-time constraints of both periodic tasks and aperiodic tasks.
Here a is the weight on how much we stress on the complexity index relative to
the response time. We simply set a =1 in this paper. Follow such track, to
optimise the scheduling problem, we can find a strategy to select the algorithms
i1, +,im in the hyper-periods Hy, - - -, Hp, respectively, to achieve the goal of (4)
under the following assumptions: 1) there is limited buffer space for the aperiodic
tasks; 2) tasks do not suspend themselves or synchronise with any other task.

2.3. Existing algorithms analysis

As discussed earlier, the objective is to schedule the mixed-tasks in such a way
that all periodic task deadlines are met and the response times for the
aperiodic tasks are as short as possible. The processing of tasks in a frame
consists of three parts: the scheduling overhead, the task execution and the
post-processing.

Generally speaking, the BG schedule algorithm usually incurs the lowest
schedule overhead. The polling-server-based algorithm takes a high priority
to schedule the aperiodic tasks to reduce the response time of aperiodic
tasks. They usually perform better under the situations where the frame
starts with the aperiodic tasks exactly. The slack-stealing-based algorithms
compute the maximum time and record the related information in real
time. They induce a high scheduling overhead but generally offer the
best level of performance.

To further illustrate different performances of these algorithms, we give
a couple of examples by constructing a mixed-task real-time system and com-
paring scheduling results of different algorithms. We assume that the real-time
system consists of two periodic tasks and two aperiodic tasks which are,
respectively, represented as four-tuple forms, Ki(6, 0, 2, Tena1), K2(8, 1, 2,
Tend2): K3(0, 4, 3, Tengs) and K4(0, 12, 1, Tepga). As we have declared, we adopt
RM algorithm for the scheduling of periodic tasks for its reliability and simplicity.
With regard to aperiodic task scheduling algorithms, we choose BG, DS, SS and
OFP to, respectively, represent the three kinds of algorithms mentioned earlier.
Figure 1 illustrates the scheduling results of BG, DS, SS, OFP, respectively. All
periodic tasks are scheduled in the same way. As for the total response time of
the aperiodic tasks, BG returns 4, DS and SS returns 2, and OFP returns 0. The
results accurately reflect the different performance of those algorithms dis-
cussed above.

In summary, concerning the trade-off between performance and computing
efficiency, there are no generically optimal scheduling solutions. Next, we will
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BG Algorithm
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Figure 1. Scheduling results of BG, DS, SS, OFP.

further introduce how a task schedule optimisation problem can be formulated,
with its properties of MDP being explored.
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3. The Q-learning algorithm

RL is powerful framework to solve problems with the properties of MDP. RL is
quite different from supervised learning, which is the kind of learning studied in
most current research in the field of machine learning. Supervised learning
learns from a training set of labelled examples provided by a knowledgeable
external supervisor. Each example in the training set consists of a description of
a situation together with a label specifying the correct action the system should
take to that situation. RL is also different from unsupervised learning in machine
learning, which is typically about finding structure hidden in collections of
unlabelled data. As opposed to supervised learning which learns the knowledge
from the examples labelled in advance, RL learns by incrementally interacting
with the environment and responding to the receipt of rewards or penalties
based on the impact each action has on the systems [24]. General terminologies
in RL can be referred to Table 1.

Initialize environment E;
for each episode (training cycle) do
while s # Sepq do
if random(0,1) < ¢ then
| a = random();

else
| a=maxy Q(s,a);
(r,s") = E.step(s, a);
Q(s,a) = Q(s,a) + a(r + ymax Q(s',a") — Q(s, a));

s=s";

return @Q;

Q-learning, one algorithm of RL, attempts to learn the state-action pair value
Q(s,a), whose value represents the maximum discounted reward for the pair of
state s and action a. The update rule of Q(s, a) is generally described as follows:

Q(s,a) = Q(s, a) + B(r +ymaxQ(s’ g’ —Q(s,a)) (5)

where B is a learning rate that controls how much the difference between
previous Q-value and the new Q-value is taken into account, and y is a factor
of future rewards discount. The Q-value keeps on iterating based on Equation
(5) until it converges [25]. This is the classical Q-learning algorithm as shown in
Algorithm 1.

Table 1. Terminologies in reinforcement learning.

Terminology Explanation

a The current action

a The next action

s The current state

s/ The next state

r A reinforcement signal(reward or penalty)
A The action set

S The state space
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In the classical case, the Q-function is implemented with a table, in which
there is one entry for each pair of state and action. It requires that the space
of states and actions must be limited. However, the aperiodic tasks coming
randomly suggest that the state space S is continuous and infinite in our
case. In practice, the generic Q-learning approach is impractical without any
generalisation as the Q-value is estimated separately for each action. The
neural network can be a good solution to the problem of unlimited state and
can be a good approximation to Q-value function. The above Q-learning rule
thus can be directly implemented in a neural network [26]. Since no direct
assignment of Q-values can be made in the neural network, an error function
is introduced to measure the difference between the current Q-value Q.(s,a)
and the expected Q-value Q(s,a). For example, a squared-error can be
defined as

e = (Qc(s,a) — Q(s,a))’. (6)

As a result, gradient descent techniques (e.g. the back-propagation learning
rule) can be applied to adjust the weights of a neural network in order to
minimise the error e. In this work, Q-learning with neural-network was employed
to solve the scheduling optimisation problem. The detail solution to this pro-
blem will be introduced in the next section.

4. Mixed-tasks scheduling optimisation framework with Q-learning

The architecture of Q-learning with neural network realising RL framework in
this specific problem is illustrated in Figure 2. Similar to the original RL frame-
work, there are two interacting members: the agent and the environment. Each
member may have many elements with independent functions. The task-set
that collects and stores the task sequence can provide the information of the
state combined with the execution result of last scheduling. The rest of them
related to the action, state and reward of Q-learning will be introduced as
follows.

4.1. Action

The actions to be selected include four algorithms: the BG, DS, SS and OFP.
Among these four algorithms, the BG algorithm is the most straightforward one,
as the aperiodic tasks can only be executed when the processor is idle (i.e. when
no periodic tasks are running). The DS algorithm and the SS algorithm belong to
the category of polling-server-based algorithms. The basic idea of the DS algo-
rithm is to allocate a specific server task with a capacity to execute the aperiodic
tasks. If there is no pending aperiodic task when the server task is enabled,
a certain strategy ensures the server to maintain the capacity so that the
aperiodic task can be processed in a timely manner when it arrives. In addition,
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Agent  —— | Environment |
| |
i | Evaluation Task-set
Neural T l
Network " R
i ction :
—> Acthns : Task‘ —) Task left | |
selection 3 execution
State

Figure 2. The framework of Q-learning with neural network.

the server periodic task replenishes the whole capacity at the start of each
period. The SS algorithm also needs a specific task to serve aperiodic tasks.
Compared with the DS algorithm, the SS algorithm does not add all the
aperiodic tasks execution time to the server at the beginning of each period
but keeps the ability to determine when and how much the server task
replenishes the capacity based on a certain strategy that is related to the
execution of the aperiodic task. The OFP algorithm records and computes the
related date of every period and aperiodic task to "stealing slack” from the
periodic tasks. Although proved to be optimal for the particular fixed priority,
the OFP algorithm is expensive in both memory space and computing time. The
characteristics of the above four algorithms are shown as in Table 2.

One often uses the greedy strategy to choose an action from the action set A,
when Q(s, a) has converged to the true value. However, most researchers adopt
the £-greedy exploration, which selects an action in the training process with
a probability £. Actually, it is more reasonable to decrease £ over time since the
greedy selection is more believable while the random probability becomes
smaller in the iterations. Here we set the parameter decreasing rule during
scheduling according to the following equation:

£€=099x¢ (7)

Table 2. The feature of the four algorithms that are taken as actions.

Performance Computation Memory Realizatiom
BG Poor Excellent Excellent Excellent
DS Good Excellent Excellent Excellent
SS Good Good Good Good

OFP Excellent Poor Poor Poor
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4.2. State and neural network

The state represents how many tasks are still in waiting state for the execution,
including the tasks left by the last execution and new tasks that are coming.
Here only the aperiodic tasks are necessary to be emphasised in the scheduling
process as the periodic tasks do not change over time. Similarly, each aperiodic
task T only has two meaningful attributes T, and Te. For instance, given two
periodic tasks and six aperiodic tasks at most in one hyper-period H, the
continuous state space is a 12-dimensional space. Note that the data of the
aperiodic tasks are sorted with certain rules, e.g. FIFO, to guarantee the con-
sistency of the input orders.

The main reason we adopt the neural network is that it is able to represent
continuous and large state space and perform generalisation. Here, we choose
the popular multilayer perceptron (MLP) [27] as the neural network for the
training use. As a feedforward neural network, the MLP is capable of approx-
imating general functions (e.g. continuous and integrable functions) [28]. In this
work, we use a three-layer perceptron network with basic structures demon-
strated by Figure 3 to approximate the true value of Q-value. Typically, we need
as many perceptron networks as actions to train the Q-value. However, we take
only the expression of the state as input and alternatively take the Q-value of all
possible actions as output as shown in Figure 4. The advantage of this approach
is that only one forward pass through the network is needed when we perform a
Q-value updating or pick the action with the highest Q-value. And then Q-values
for all actions are readily available. The action taken in each state, i.e. the
algorithm chosen at each hyper period, is chosen according to the maximum
Q-value principle, that is, a = maxy Q(s,d’)

4.3. Reward

The RL process should be able to provide the immediate reward, which can be
determined by the degree of the completion of tasks, the complexity of

Output layer:

Hidden layer:

Input layer:

Figure 3. The three-layer perceptron network with basic structures.
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State input

Neural Network
Q-value of Q-value of Q-value of Q-value of
Action 1 Action 2 Action 3 Action 4

Figure 4. Schematic of the network structure.

computation, the requirement of memory and so on. Here we evaluate the
periodic task and aperiodic task independently, and then combine them as the
schedule result.

For periodic tasks, the goal of scheduling is to guarantee all the tasks are
finished before deadline. The deadline is the time stamp when the next periodic
task comes. If all periodic tasks are scheduled successfully, we give a positive
reward p, otherwise, a negative reward. That is

- {p all periodic task finished @)

—p others.
For aperiodic task i, i = 1,2, ---,w, define
M — N/TL, aperiodic task finished ©)
T\ 6xT,,/T.  others,

where 6 is an adjustment factor, N', T\ , and T!  represent the response time,
the total execution time and the finished time of the aperiodic task, respectively.

Then, every aperiodic task can be evaluated by the reward rq, simply as follows:
W .
rap =0 (1 =1 x> M, (10)
i

where ) is also an adjustment factor and / reflects the system load for executing
the task-set and scheduling.

Table 3. The complexity index of different algorithms
in memory and computation.
BG DS SS OFP
re -3 0 1 3
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Initialize environment E;
Initialize @ network with random weights;
Initialize state s, &;
for each episode (training cycle) do
while s # s¢nq do
if random < £ then

| a = random();

else
| a=maxy, Q(s,a);
(r,s") = E.step(s, a);
Q.(s,a) = Q.run(s,a);
Qu(s,a) = Qc(s,a) + B(r + ymax Q(s',a') — Qc(s, a));
training @ network with Q(s, a), Q.(s,a);
s=s";

£ =¢%0.99;

return @ network;

Let r. represent the complexity index which comprehensively considers the
cost of computation and requirements of memory. The value of r, for different
algorithms can be defined as in Table 3, according to the estimation of the
characteristics of the algorithms. The final reward can then be defined as

r=rp+rop+re (11)

Algorithm 2 shows the training procedure of the proposed framework.

5. Experiments
5.1. The ATO system

In this work, the ATO system is chosen as the target mixed-task real-time control
system for scheduling optimisation. We elaborate the system to analyse the
requirements of the mixed-task scheduling problem. As a typical real-time
control system, the ATO system automatically drives a train under various
conditions. The main blocks contained in the ATO system include the trip
planning unit, the automatic control unit, the parameter adaption unit and
other necessary assistant modules. The trip planning unit derives a specific
route according to the digital railway map for a specific trip. It also creates
a reference trip plan as the optimisation problem stated above and performs
temporary trip planning for dynamically adjusted trip under temporary situa-
tions. The automatic control unit serves the real-time control tasks with

Table 4. The number of neurons in different layers.
Input layer Hidden layer Output layer
Number 12 6 4
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specified control algorithms. The parameter adaptation unit adjusts the para-
meters according to the learned factors of certain trip while the input key
parameters are deviated from the right value. The assistant functions include
the operation log, failure recovery and other services.

5.2. The ATO system task analysis

In this work, the experiments are performed on the ATO system that we
developed for a given model of locomotives. The hardware-in-loop testing
platform shown in Figure 5 is used to simulate all the situations that the ATO
system may face. We hereby employ the testing platform to analyse the para-
meters of tasks in the core processing board.

The tasks that we collect from the core processing board of the ATO system
are composed with both periodic tasks and aperiodic tasks. The periodic tasks
mainly include the tasks that handle real-time control and heartbeat feedback,
while the aperiodic tasks include the handle events of exception, railway transit
signal, temporary trip planning, route extraction and other service tasks, as
listed below:

realtime control
heartbeat feedback
exception control
transit signal handle
temporary optimization
service tasks

periodic tasks{

ATO tasks
aperiodic tasks

Specifically, there are two periodic tasks with a period of 10 and 14, respectively,
and four aperiodic tasks at most in one hyper-period H in such case. The
execution time of periodic tasks is 1 and all periodic tasks are ready at the
beginning of hyper-period H. According to their execution times, the aperiodic
tasks can be divided into two types: the short aperiodic tasks that can be
processed in a hyper-period and the long aperiodic tasks that may not be fitted
in one hyper-period. And, 6/7 of the collected task-sets for training are short
aperiodic tasks. The different proportion of the short aperiodic tasks represents
different scenarios. Both short aperiodic tasks and the long aperiodic tasks have
a random arrival time. All the mixed tasks in the core processing board can be
manually scheduled without violation of real-time constraints. Next, we take the
tasks for experiments.

5.3. Experimental design

According the task analysis in the last subsection, we simulate certain task-sets
that are in accord with the real working circumstances in the core processing
board. Tasks with the format of K(Tper, Tarr, Texe) are generated for simulating the
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Figure 5. The hardware-in-loop testing platform that we used to analyse possible tasks in the
core processing board.

process of the tasks while the parameter T.,4 can be calculated. Here we
randomly generate three task-sets, namely Set 1, Set 2 and Set 3, with the
proportion of the short aperiodic tasks over the total tasks be 5/6, 6/7 and
7/8, for testing purposes. In the three task-sets, Set 2 is to mimic the tasks in the
core processing board of the developed ATO system while Set 1 and Set 3 are
used for comparisons. These data-sets with different task loads will serve as the
training data for exploring proper scheduling algorithms.

The proposed mixed-tasks scheduling algorithm optimisation framework is
carried out for verification. In the experiment, we choose the four popular
scheduling algorithms mentioned above, i.e. the BG, DS, SS and OFP algorithms,
for comparison. The training work is carried out on a server computer, while the
evaluation of the complexity index is implemented on the target board, i.e. the
core processing board, with an ARM CPU of 666 MHz.

5.4. Training

The training process was carried out under the above environment with the
convergence behaviours assessed in each episode, i.e. an iteration of training
cycle. As the RL algorithm learns the experience through repeating iterations,
relative data can be used to evaluate the progress of the training process. The
total reward in every cycle was observed first. It tends to be rather messy in the
training process, as shown in Figure 6. This is mainly due to the total reward is
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a temporary evaluation to a subprocess and make sense for the learning
process [29].

The action-value function Q, which provides an estimation of how much
discounted reward the agent can obtain by following its policy from any
given state, serves as the direct indicator for the training process. The training
process can be terminated once the value of the Q function converges. For
simplicity, the total of the maximum prediction Q-value for certain set of the
states in every episode are counted, as shown in Figure 7. It can be seen that the
predicted Q-value is rather random at the beginning, but increases to be more
smooth than the total reward obtained by the agent. When the number of the
episode is over 4,000, the selected Q-value is converging to a stable line. It
suggests that the neural network in the scheduling optimisation framework
offers good convergence property although a theoretical guarantee for conver-
gence is still missing. The optimisation performance can then be evaluated
compared to the original four scheduling algorithms, e.g. the BG, DS, SS
and OFP.

5.5. Evaluation and analysis

The scheduling performance is evaluated in terms of the overall response time
of the aperiodic tasks, the overall scheduling cost, as well as the value of the
objective function. Specifically, the overall response time of the aperiodic tasks
is the sum of the response time of the aperiodic tasks in each hyper-period, i.e.
>_i1 R}, where R’ is defined in Equations 2 and 3. The overall scheduling cost is

40

Total rewards

33
0

500 1000 1500 2000
Episodes

Figure 6. The variation of the total rewards with the episodes.
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Figure 7. The convergence of the total Q-value with the episodes.

the sum of the complexity index considering the scheduling overhead and post-
processing time in each hyper-period, i.e. Z}L C]’ Since we have set the weight
a=1 in Equation 4), the value of the objective function is equal to
Z}L (Rj’: + Cj’) The comparison results are listed as in Tables 5-7, respectively.
We also evaluated the experiments result in view of the space complexity (i.e.
memory cost) as listed in Table 8.

The experimental results suggest that the proposed framework can either get
better response time or less scheduling cost than a single fixed algorithm. The
value of the objective function in Table 7 clearly shows the advantage of the
proposed framework considering both response time of aperiodic tasks and the
scheduling cost. The proposed approach always searches for the best suitable
algorithm for a certain situation and is rather flexible for different mixed-tasks in
view of the task loads and combinations.

6. Conclusion

Different scheduling algorithms are generally associated with varying schedul-
ing cost and system performance. Aiming at optimising the scheduling

Table 5. The response time of the different algorithms in scheduling the three

task-sets.
BG DS SS OFP Proposed
Set 1 1956 1324 1546 472 1053
Set 2 2072 1564 1801 507 1246

Set 3 2183 2175 2516 679 1635
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Table 6. The complexity indexes (the scheduling overhead and post-processing
time) of the algorithms on the three task-sets.

BG DS SS OFP Proposed
Set 1 974 1418 1238 2782 1592
Set 2 1026 1468 1278 2790 1664
Set 3 1122 1534 1298 2978 1620

Table 7. The value of the optimisation objective on the three task-sets.

BG DS SS OFP Proposed
Set 1 2930 2742 2784 3254 2645
Set 2 3098 3032 3079 3297 2910
Set 3 3305 3709 3814 3657 3255

Table 8. The space complexity of the different algorithms.
Algorithms BG DS SS OFP Proposed
Space complexity o(1) o(1) o(n) o(n) o(1) to o(n)

considering both scheduling cost and the scheduling performance in a real-time
control system, this paper proposes a Q-learning framework to elevate system
performance by selecting proper scheduling algorithms for the mixed-tasks
according to the dynamic task loads and compositions. A computation-
efficient three-layer perceptron network is chosen to perform the Q-learning
process. Experimental results suggest that the proposed framework is rather
flexible and fit for different mixed-tasks in view of the task loads and combina-
tions, making it effective for deriving scheduling solutions for highly complex
mixed-task real-time systems.
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